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Meteorology is the main driving force of hydrology along
time, from the instantaneous states and processes until the
monthly, seasonal, yearly, and sometimes multiyear sequences. Meteorology drives and impacts much of the hydrological flows and storages, thus water balance terms as well
as hazards, across a geometric and functional interface.
This interface develops within a certain thickness, yet thin
regarding the planetary radius and critical for water and
other dynamics. This heterogeneous Critical Zone ranges
from the bottom of groundwater reservoirs to the top of the
tree canopy [1], including surface water liquid and frozen
and gaseous flows and storages. Complex space-time effects
develop in this critical zone such as orographic and oceanic
influences on moisture-precipitation dynamics, hydrogeomorphological structure-function relationships, upstreamdownstream integration, subsystems connectivities, variability interdependences, and scaling issues [2–6]. In some
geographic settings, this critical zone is further complexified
by extreme conditions of some of the properties, such as
dryness or wetness, groundwater geometries and dynamics,
cryospheric developments (snow, ice, and permafrost), soil
and land covers, water uses, and concentration of waterdriven chemicals.
The hydrometeorological interface is further subject to
complex feedback and feedforward effects, from local fluid
mechanic and thermodynamic processes themselves to major
interactions within the macroscopic oceanic, lacustrine, cryospheric, deep ground, and biospheric and atmospheric
interdependences [7–9]. Ongoing reorganizations of these
interdependences actually change the general distribution of

water across the different compartments and the corresponding geographies, with impacts on physical properties and
corresponding potential resources and hazards. These include
but are not limited to interaction with greenhouse gases
concentration trends underlying climate change, cryospheric
shrinkage, changes of the land-ocean interface, individual
and cumulative effects of anthropogenic infrastructures,
massive groundwater pumping which locally reduces the
resilience to drought and globally increases the atmospheric
and hydrological circulating water, and accompanying geodetic and subsidence adjustments [10–15]. These are all intertwined, as elementary socioecological crises are symptoms
which now appear to be imbedded in the general macroscopic
accelerating transformations of the Anthropocene syndrome
[16–19]. Intertwining is also emerging across a general nesting, eventually self-organizing, from global and hemispheric
dynamics (from the natural oceano-hydrometeorological
ones to new globalization ones) to regional and local niches
and settings which can be called AnthropoScenes.
In statistical terms, meteorology can be characterized by
climate, and statistical hydrology can be jointly analyzed,
which distinguishes hydrometeorology and hydroclimate.
Changes in climate, in terms of magnitude, statistical distribution, spatial distribution, timing and (a-)synchronicity,
and range of variables, can have impacts on hydrological
processes and statistics, as well as on associated dynamics
such as erosion, pollution, snow and ice, ecohydrology, and
water uses. These impacts are also often mixed with the ones
of geographic changes [4, 6, 8, 15, 20].
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In such a complex setting, enhanced by nonlinearities,
retroactions, and coevolutions, identifying change from variability and eventual nonstationarity is a major issue [20–23].
Further, deciphering, fingerprinting, and attributing causes
and impacts are complex in the frame of the Anthropocene
and thus ultimately of the Water Security issue and Sustainable Development Goals [8, 24–29].
This special issue is aimed as an additional bridge over the
interfacing boundaries and call for deeper cooperation from
the hydrological community towards the meteorological
one. Specific challenges can indeed be identified from the
hydrological perspective, all the more thanks to the recently
launched agenda setting Panta Rhei initiative on change in
hydrology and society of the IAHS—International Association of Hydrological Sciences of the IUGG—International
Union of Geodesy and Geophysics of the ICSU [15, 20] and
thanks to the actual conceptualization of the Anthropocene
from the strictly stratigraphic definition [30] to the wider
epistemic understanding of ongoing and future socioecological relationships [17–19].
From this perspective, the following specific challenges
are of particular interest:
(i) Using historical information, palaeorecords, and
forensics of severe events to elucidate past changes in
climate and hydrology, including changes in hydrometeorological/climatic extremes.
(ii) Deepening the processes understanding and physical
foundation of models, enlarging the frontiers of
modeled systems to encompass the critical interfaces
and zone, and adapting models to assimilate new
observation means and data sources.
(iii) Assessing the dynamic behaviour of hydrometeorological systems in their links and feedback with coevoluting natural/socioeconomic systems and exploring
the attribution issue by inversing causal relationships.
(iv) Analyzing changes in patterns of stable/instable
dynamical states of hydrometeorological/climatic
systems, the contribution of these changes to selforganization of the systems, the emergence of nesting
subsystems and coherent scenes, and the nature of
adaptation to changing environmental complexity.
(v) Advancing approaches for analyzing predictability of
the water cycle processes including interdependences,
separating predictable and unpredictable patterns,
and dividing inherent epistemic and model-derived
limits to predictability.
(vi) Improving the data chain from in situ observation
to open access dissemination, interoperability and
indicators for accounting, and stewarding and progressing on related targets, especially in the frame of
the new global societal project which is now shaping
through the Sustainable Development Goals [29], the
Paris Agreement related to Climate Change [31], the
implementation of Climate Services in nexus with
food, disasters, energy, health, and water resources
[32], extreme and disastrous events and the Sendai

framework [28, 33, 34], and multiple Water Security
challenges [26, 27].
(vii) Developing interdisciplinary foresight methodologies
and feeding comprehensive prospective explorations
of the future hydrometeorological/climatic interface
in the wider perspective of the critical zone in the
Anthropocene and climate change trends [1, 18, 35–
37].
The papers published in this special issue do all feed the
hydrometeorological/climatic bridge, from the whole or
continental-scale changing water cycle (X. Feng and P.
Houser and J. Yin et al.) and some emblematic water-driven
AnthropoScenes (Y. T. Dile et al., G. Li et al., Y. Li et al., and
Y. Tang et al.) to some focused studies of physical processes
(T. A. McCorkle et al. and B. M. Shrestha et al.), while contributing to several of the specific challenges identified here
above: change assessment (G. Li et al., Y. Li et al., and J.
Yin et al.), nesting (J. Liu et al.), conjunction of causalities
(Y. Tang et al.), and effects of anthropogenic actions (Y. T.
Dile et al. and B. M. Shrestha et al.), as applied to a range of
hydrometeorological/climatic variables, geographic contexts,
and space-time-frequency scales. Several papers submitted,
while not published here according to a timely scheduled peer
review, were also framing in this rationale and do have the
potential to later contribute to the debate and progress. There
is no doubt that scientific progress and innovation will be very
active in the coming years in the field of hydrology [3, 4, 15, 38,
39], not only in its core but also over its numerous complex
and changing interfaces, from sociohydrology [20, 36, 37]
and the eventually self-organizing processes of the socioecological Anthropocene [15, 18, 19] to the fragile critical zone,
and the changing frontiers between the oceanic, ground,
terrestrial flowing and stored cryospheric and atmospheric
components of the hydrosphere, among which hydrometeorology and hydroclimate remain key challenges for scientific
pluridisciplinarity and for putting new knowledge, methods,
and skills into practice through observation, assessment,
mitigation, and adaptation [39, 40].
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Predictions in Ungauged Basins (PUB)-a review,” Hydrological
Sciences Journal, vol. 58, no. 6, pp. 1198–1255, 2013.
[5] C. Cudennec and A. de Lavenne, “Hydrogeomorphology—a
long-term scientific interface,” Hydrology Research, vol. 46, no.
2, pp. 175–179, 2015.
[6] L. Xie, F. Semazzi, A. Hanna, R. Anyah, H. Gao, and Y. He,
“Regional climate change: downscaling, prediction, and impact
assessment,” Advances in Meteorology, vol. 2015, Article ID
290281, 1 page, 2015.
[7] I. Haddeland, J. Heinke, H. Biemans et al., “Global water
resources affected by human interventions and climate change,”
Proceedings of the National Academy of Sciences of the United
States of America, vol. 111, no. 9, pp. 3251–3256, 2014.
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Extreme rainfall variability has been one of the major factors to famine and environmental degradation in Ethiopia. The potential
for water harvesting in the Upper Blue Nile Basin was assessed using two GIS-based Multicriteria Evaluation methods: (1) a Boolean
approach to locate suitable areas for in situ and ex situ systems and (2) a weighted overlay analysis to classify suitable areas into
different water harvesting suitability levels. The sensitivity of the results was analyzed to the influence given to different constraining
factors. A large part of the basin was suitable for water harvesting: the Boolean analysis showed that 36% of the basin was suitable
for in situ and ex situ systems, while the weighted overlay analysis showed that 6–24% of the basin was highly suitable. Rainfall
has the highest influence on suitability for water harvesting. Implementing water harvesting in nonagricultural land use types may
further increase the benefit. Assessing water harvesting suitability at the larger catchment scale lays the foundation for modeling of
water harvesting at mesoscale, which enables analysis of the potential and implications of upscaling of water harvesting practices
for building resilience against climatic shocks. A complete water harvesting suitability study requires socioeconomic analysis and
stakeholder consultation.

1. Introduction
Rainfed agriculture will remain the dominant source of staple
food production and the basis for livelihoods of the majority
of the rural poor in Ethiopia [1, 2]. The major challenge for
agriculture in Ethiopia is the extreme variability in rainfall,
characterized by high intensity storms, and high frequency of
dry spells and droughts [3–6]. Drought has been responsible
for the partial to complete crop failure in the semiarid and
dry subhumid parts of the country. Flooding brought on by
intense storms has washed away the fertile top soil, river
banks, and beds of the river course, displacing hundreds of
thousands of people settling around the floodplains. Climate
change projections have shown that these climatic shocks
are likely to become even worse in the coming decades [7].
Extended dry periods in combination with more frequent
storm floods, a rugged topography and high population

pressure has caused large soil erosion and land degradation
in the highlands of Ethiopia [8–10]. These degradation
processes have been aggravated by intensive farming and
livestock grazing. The biodiversity and environmental health
of aquatic ecosystems are seriously threatened by the land
degradation on agricultural lands [11]. Such degradation is
likely to affect the local hydrology, resulting in reduction
of evapotranspiration fluxes during the rainy season. This
in turn affects the feedback of moisture to the atmosphere,
which reduces the recycling of moisture and thereby may
reduce the rainfall further inland [12–14].
Studies have shown that water harvesting systems, that
is, methods for concentrating, collecting, and storing rainfall
water in different mediums for domestic or agricultural uses
[15–18], can turn these inherent challenges of large rainfall
variability into opportunities to build resilience in rainfed
agriculture. These technologies are classified into two main
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categories: ex situ and in situ water harvesting systems. Ex
situ systems have water harvesting capture areas external
to the point of water storage. Examples of ex situ water
harvesting system include farm dams, open tanks, cisterns,
ponds, runoff farming systems, and small reservoirs [19–22].
In situ water harvesting systems, on the other hand, trap and
retain the water from rainfall in the root zone of the soil
where it falls [23–25]. In situ water harvesting systems include
pitting, Fanya juu, stone lines/bunds, and conservation tillage
[20, 22, 25, 26]. These practices can help bridge dry spells and
drought by storing part of the rainfall, which is otherwise
lost (from the perspective of the local farmer) as evaporation,
interception, and surface runoff and which can amount to
70–80% of the rainfall in semiarid savannah farming systems
[27]. Large scale implementation of water harvesting systems
represents an essential step toward a resilient, productive
farming system, which can produce more crop per drop of
water, while at the same time having the capacity to deal with
stress and shock induced by extreme water variability [28, 29].
For example, a small pond (∼1000 m3 ) filled with runoff
water can provide about half the total crop water requirement
of a half a hectare cultivated field, which can translate a
very low crop yield into a modest success [30]. On-farm
research in Burkina Faso and Kenya showed that 60–80 mm
applications of supplemental irrigation (corresponding to 2-3
supplementary rainfall events in rainy seasons that generally
have only ∼20 or so larger rainfall events) at critical stages
of a crop growth cycle, combined with nutrient application,
improved rainfed yield levels from less than 1 ton/ha to 1.5–
2.5 ton/ha for a sorghum and maize grain [21, 31]. In addition,
by storing excess runoff a chain of water harvesting structures
can flatten the hydrograph in streams, which consequently
reduces flooding. They can also increase the infiltration of
water into the root zone and further percolation into the
groundwater [23, 32, 33], which is important to provide a
sustained stream flow downstream [34].
Blue water and green water availability at the larger
catchment and river basin scale is a result of rainfall partitioning at the soil surface and root zone [35, 36]. Blue water
resource is the liquid water in rivers, lakes, and aquifers,
while the green water is the naturally infiltrated rain attached
to soil particles and accessible to roots [37]. The green
water is divided further into green water storage (e.g., soil
moisture) and green water flow (e.g., evapotranspiration).
Water harvesting systems will play a major role in this bluegreen water partitioning process. Collection of local runoffs
in these systems will increase green water storage upstream
and may reduce the blue water flows, which could support
ecosystem services downstream [1]. However, these practices
can possibly enhance the green water flows at regional scale
by influencing rainfall levels through moisture feedback and,
thereby, the availability of blue water resources [38]. Furthermore, in situ water harvesting practices such as subsoiling,
manual pitting, ripping, and zero tillage systems improve soil
fertility and contribute to immediate productivity benefits
and long-term resilience building [34].
Given the following four considerations: (i) the predominance of rainfed agriculture in semiarid and dry subhumid
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tropical regions of the world, (ii) the pressing need to increase
agricultural productivity to meet growing food demands,
(iii) the growing risks of increased rainfall variability due to
climate change in already water limited agricultural systems,
and (iv) the opportunity of adopting water harvesting systems
as a strategy to build resilience in local farming systems, the
question is what potential water harvesting systems have to
enhance water related resilience in rainfed farming systems
located in regions prone to periods of water scarcity? The
first step towards an answer is to analyze the suitability of
water harvesting systems in different agroecological contexts.
Surprisingly, there are relatively few spatial analyses of water
harvesting suitability [30, 39–42]. Despite decades of evidence of the potential for water harvesting systems to enhance
farm productivity and reduce water related risks, there is a
knowledge gap in methods for analyzing the suitability of
water harvesting systems at the catchment scale. This gap
affects the quality and relevance of water resource planning,
assessments, and spatial hydrological modeling.
Such suitability analyses should be based on a technical
and agroecological feasibility studies to identify the potential
for and maximize the benefits from these interventions.
This paper develops and presents a suitability analysis for
water harvesting in the Upper Blue Nile Basin in Ethiopia
using biophysical data. Suitable areas for water harvesting
systems implementation are in this paper defined as areas
which are appropriate for (i) runoff generation, (ii) water
storage, and (iii) agricultural production. Mati et al. [40] have
given a general continent-wide overview on water harvesting
suitability in Africa and selected countries and labeled areas
as either suitable or unsuitable for rainwater harvesting. This
study, besides classifying areas as either suitable or unsuitable
for in situ and ex situ water harvesting systems in the Upper
Blue Nile Basin, also classifies areas into different levels of
suitability for water harvesting. Building upon the type of
classifications presented by Mati et al. [40], this study used
data of higher spatial resolutions to fine-tune the classifications of areas suitable for water harvesting. Moreover,
this paper assesses the influence of different biophysical
constraints on implementing water harvesting systems. It also
tries to identify priority areas (e.g., mesoscale catchments,
1 km2 –10,000 km2 , Uhlenbrook et al. [43]) that are highly
suitable for water harvesting where large scale adoption in the
future of water consuming systems upstream may generate
implications downstream for social and ecological functions
and services due to a reduction in available water.

2. Method and Material
2.1. The Study Area. The Upper Blue Nile Basin of Ethiopia
occupies an area of 199,812 km2 and is located within eastern
and central Ethiopia [44]. The basin contains a mixed
topography of high mountains, rolling ridges, flat grassland
areas, and meandering streams that can create magnificent
waterfalls where they plunge over the escarpment to lowland
areas. Lake Tana is the largest lake in the basin and is located
in the north-eastern part of the basin and is the source of the
Abay (Blue Nile) River. The climate of the basin is primarily
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influenced by altitude and the proximity to the equatorial
monsoonal systems. The year is divided into three seasons: a
rainy season (Kiremt) which occurs around July and August,
a dry season (Bega) from November to January, and “small
rains” season (Belg) that may occur around April [3, 5, 45].
Rainfall variability is an inherent phenomenon in the Upper
Blue Nile Basin [46, 47].
Nationwide statistics indicated that 84% of the Ethiopian’s
livelihood depends on agriculture [48]. Agriculture in
Ethiopia accounts for 47% of GDP, 90% of all exports, and
85% of employment [49]. The government of Ethiopia follows
an agricultural based industrialization economic policy to
reduce poverty and also generate economic development.
One of the strategies to achieve this objective is by investing in water resources development [50]. Water harvesting
investments have been among the main pillars in the National
Food Security Strategy to bridge droughts and dry spells,
which are intrinsic features of rainfall variability. However,
the water harvesting implementation with the blanket recommendation has passed through severe challenges which are
attributed to lack of adequate study, design, and implementation [51].
2.2. Spatial Datasets. The annual rainfall dataset used in this
study was obtained from the WorldClim Global Climate
Data [52] (Figure 1(a)). This data layer was generated through
interpolation of average monthly climate data from weather
stations on a 30-arc-second resolution grid [53]. The merits of
this dataset over previous global climate datasets (e.g., [54–
56]) are that it has a higher spatial resolution (400 times
greater or more), is based on a greater number of weather
station records, and uses improved elevation data. It also uses
more information about spatial patterns of uncertainty [53].
A Digital Elevation Model (DEM) (90 m resolution) from the
CGIAR consortium for spatial information [57] was used to
create a slope map (Figure 1(b)). The land cover map used in
this study was obtained from the Ethiopian Ministry of Water
Resources [58] (Figure 1(c)). The land cover of the basin
essentially follows the divide between highland and lowland;
almost the entire highland area is under farmland and in
contrast the lowlands are still largely virgin [44]. Areas which
consist of predominantly cultivated land were classified as
“dominantly cultivated” and those with lower land use for
farmland as “moderately cultivated.” Other major land use
types in the basin include bamboo, woodland, bushland,
shrub, grassland, wetland, rockland, and urban areas. The
land use coverage analysis showed that more than 50% of
the basin is cultivated land, 32% woodland, and 6% grassland
and the remaining 12% is covered by other land use types
(Figure 1(c)). The soil map of the study area is obtained from
the Ethiopian Ministry of Water Resources [58] (Figure 1(d)).
In the eastern part of the basin, Leptosols are most common,
which are shallow soils with limited profile development that
are prone to drought, water logging, and high runoff yields
[44, 59, 60]. In the western part of the basin there are a
variety of soil types such as Nitosols and Alisols and some
less productive soil types [44]. Nitosols have high inherent
fertility and are among the most productive agricultural
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soils within the basin, while Alisols are highly acidic, poorly
drained soils prone to toxicity and water erosion [44, 59, 60].
Minor soils such as Arenosols, Regosols, and Phaeozems
cover about 1% of the basin. The soil and land use map has
a scale of 1 : 250,000 [44], which is finer than the data used by
other studies (e.g., [40]) which is 1 : 5,000,000.
2.3. Data Processing. The global datasets are clipped to
include only the study area extent and are subsequently
projected into the Ethiopian projected coordinate system
(UTM, other GCS, Adindan UTM zone 37N.prj). Shape files
were converted into raster layers as the overlay analysis works
in a grid data format. Moreover, the slope raster was created
from the DEM in percentage of slope using the spatial analyst
tool. A flow chart (Figure 2) presents the procedures used
to process the data sets. Multicriteria Evaluation (MCE) in
ArcGIS were used to study the suitability of the basin for
water harvesting using two different approaches: an AND
Boolean operation and a weighted overlay analysis.
2.3.1. AND Boolean Analysis. The AND Boolean operation
identified the locations which fulfill all suitability criteria
included in the decision set. Such a procedure is essentially
risk-averse and selects locations based on the most cautious
strategy possible; a location succeeds in being selected only
if its worst quality passes the test [61]. On the other hand,
if a logical OR (union) had been used, the opposite applies;
a location would have been included in the decision set
even if only a single criterion passes the test. This latter
approach is thus a gamble, involving substantial risk [61].
Hence, the AND Boolean operation can provide the potential
water harvesting locations under a conservative approach.
It is furthermore assumed that for water harvesting one
criterion cannot compensate for another. This methodology
was applied to map suitable locations for in situ and ex situ
water harvesting systems.
In situ systems can be implemented in any hydroclimatic
and physical conditions as they can serve as both soil and
water conservation practices. However, in this analysis only
cultivated land areas that receive an average annual rainfall of
200–1200 mm are considered. Experience suggests that water
harvesting systems in tropical regions are relevant within this
rainfall range [40]. This is because areas with rainfall less
than 200 mm are arid regions with low population densities
and a high risk of production failure with a predominance
of pastoral or agropastoral communities and that water
availability is not a constraint to food production in areas with
a rainfall amount of more than 1200 mm [40]. The minimum
rainfall suitability criterion range considers the suggestion by
Critchley and Siegert [62] that the design of water harvesting
systems has to consider the water requirement of the crop
intended to be grown, which in the study area ranges from
300–500 mm (for beans) to 450–700 mm (for Soybean).
From interviews with the farmers and expert experience in
the region, we have learnt that in areas where the rainfall is
very high (>1200 mm), farmers are more interested in water
drainage than in situ harvesting as it affects their agricultural
activity due to water logging. Although these areas are not
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Figure 1: Spatial datasets used for the water harvesting suitability study of the Upper Blue Nile Basin: (a) annual rainfall (mm), (b) DEM
(meters above sea level), (c) land cover map, and (d) soil types.

necessarily unsuitable for water harvesting, it seems clear that
the incentive for farmers to invest in water harvesting declines
sharply when rainfall reaches levels above 1200 mm. Slope is
not considered as a constraint factor for in situ systems as it
can be altered by bunding and terracing [40].

For ex situ water harvesting systems, areas which receive
>200 mm of annual rainfall, cultivated land cover types, and
a slope <8% were considered suitable [40]. Steep slopes
are associated with larger risks of soil erosion and pose
larger difficulties in the design of storage systems and hence
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Figure 2: Flow chart of the data preparation and weighted overlay analysis for identifying the suitability of water harvesting systems.

considered as less convenient for ex situ water harvesting
activities [40, 62].
Even if most of the cultivated area consists of Leptosols,
which are less suitable for agriculture, soil type is not considered as a constraint factor in the Boolean MCE analysis.
In the Upper Blue Nile Basin, agriculture is already practiced
in less productive and degraded soils. One could argue that
only the best soil types would motivate investments in water
harvesting systems as a way to ensure the best possible
economic outcome from the investment. This would suggest
including soil quality as a criterion. In the Ethiopian setting
we suggest that this argument is not applicable, as most
farmers already cultivate degraded soils, and that farmers are
entirely dependent on this agriculture for their livelihoods.
Instead we consider water harvesting systems as a tool to
upgrade the existing rainfed agricultural system. The criteria
used for the Boolean MCE analysis are summarized in
Table 1.
2.3.2. Weighted Overlay Analysis. A weighted overlay analysis
was performed to examine to what extent the different pixels
(areas) are suitable for water harvesting practices. This analysis was also important for estimating the extent of the suitable
area (maximum and minimum range) for water harvesting in
the Upper Blue Nile Basin by applying different percentage
influence to the constraint factors. Besides, by progressively
assigning different percentage influence to the constraint
factors, the sensitivity of the results of the suitability study
to the constraint factors was investigated. This approach is
used to identify the most important constraint factors in
determining suitable areas for water harvesting in the region.
Understanding the sensitivity of the results to the different
constraint factors would allow further studies to concentrate
effort on the factors that will have the largest impact.

Table 1: Criteria for suitability of in situ and ex situ water harvesting
systems.
Factors
Slope
Rainfall
Land use

In situ systems
N.A.
200–1200 mm
Cultivated areas

Ex situ systems
<8%
>200 mm
Cultivated areas

The weighted overlay analysis is neither risk-taking nor
risk-averse. Rather it analyses tradeoffs between the constraint factors. In this analysis a very poor quality can be
compensated for by having a number of very favorable
qualities in the general assessment of the suitability of an area.
This can be achieved by applying a weight for each factor
considered in the analysis and summing the results to yield a
suitability map according to the equation: 𝑆 = ∑ 𝑤𝑖 𝑥𝑖 , where
𝑆 is the final suitability score, 𝑤𝑖 is weight of factor 𝑖, and
𝑥𝑖 is suitability score of factor 𝑖. A suitability score of 1 to
5 is assigned for each factor as shown in Table 2, where 5
represents the highest suitability and 1 the lowest suitability.
This assignment is used to reclassify values into identical
impact levels and to perform arithmetic operations with other
rasters.
The classification for rainfall followed the recommendation by Mati et al. [40] and Kahinda et al. [39]. According to
Mati et al. [40] there is no need to invest in water harvesting
systems in areas with annual rainfall below 200 mm and
above 1200 mm. Areas receiving an annual rainfall of 400–
1200 mm are considered optimal for obtaining extra benefits
from water harvesting. The suitability classes for slope recommended by Mati et al. [40] and Mbilinyi et al. [41] were used.
Water harvesting is less suitable in areas where the slope is
more than 8%. According to Critchley and Siegert [62] water
harvesting is not recommended in steep slopes due to uneven
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Table 2: Suitability classes of different constraint factors used to identify suitable areas for water harvesting schemes using MCE weighted
overlay technique.
Suitability score (𝑥𝑖 )
Rainfall (mm)
Slope
Land cover

Soil

1
<200
>20%
Bushland, forest,
woodland, grassland
swamp, Shrubland
N.A.

2
>1200
12–20%
N.A.

3
200–400
8–12%
N.A.

4
800–1200
2–8%
Plantations
irrigated land

5
400–800
<2%
Cultivated land

Leptosols

Arenosols,
Regosols

Vertisols
Acrisols, Alisols

Luvisols, Cambisols
Fluvisols, Nitisols

Table 3: Relative percentage influence factors (𝑤𝑖 ) used in the weighted overlay analysis.
Parameter
Rainfall
Slope
Land cover
Soil

Condition 1
25
25
25
25

Condition 2
30
30
20
20

distribution of runoff and large quantities of earth work
required which is uneconomical. As the focus of this study
is water harvesting for agriculture, a high suitability score
was given to cultivated land use types, while woodland and
grassland were assigned a lower suitability score. The texture
and mineral composition of a soil type affect its suitability for
agriculture and water harvesting. Sandy-clay textured soils
(i.e., soils with a clay content of 15–35%) are most suitable as a
runoff and run-on area for water harvesting schemes [39, 41].
The soil suitability score for water harvesting and agricultural
production was classified based on the FAO’s soil description
[59, 60].
Five categories of percentage influence (𝑤𝑖 ) were applied
in the sensitivity analysis of each constraining factor
(Table 3). This is to explore the water harvesting potential
for different conditions. For condition 1, an equal percentage
influence for all the factors was employed, and for other
conditions a higher influence was assigned for the rainfall
and slope. Mati et al. [40] and Mbilinyi et al. [41] argued that
rainfall and slope are the most influencing factors in water
harvesting schemes. Conditions 3 and 4 were meant to test
the sensitivity of the suitability classification results to rainfall
and slope by assigning a higher weight consecutively (i.e.,
35% for rainfall and 25% for slope in condition 3 and vice
versa in condition 4). In condition 5, distributed percentage
influence was applied for each factor based on the lessons
learned from the successive results of other conditions. In
this last condition, soil is given lower influence in the analysis
following the same reasoning as discussed in Section 2.3.1.
2.4. Validation of the Results. Even though water harvesting
has been practiced in Ethiopia for several years, extensive
spatial documentation on the location of these interventions
is not available in Ethiopia. Therefore, it was difficult to perform a comprehensive validation of the findings. However, we

Percent influence
Condition 3
35
25
20
20

Condition 4
25
35
20
20

Condition 5
35
30
20
15

extracted the coordinates of existing water harvesting practices from reports and the literature [51, 63] and performed a
simple validation by overlaying the location of existing water
harvesting systems over the suitability maps.

3. Results
3.1. Suitability for Water Harvesting Based on AND Boolean
Analysis. Using a Boolean MCE analysis, a large part of the
Upper Blue Nile Basin was found to be suitable for both
in situ and ex situ water harvesting systems (Figure 3). The
suitability study of the in situ systems showed that water
harvesting might be successfully implemented in the eastern
and the northern part of the basin, while the ex situ systems
could be applicable in most areas in the basin, in particular in
the central and eastern part. Since slope was not considered
as a determining factor for in situ water harvesting systems,
areas considered suitable for in situ systems include land
closely located to rivers, which actually comprise steep slopes.
In situ systems in such areas could be implemented as
soil conservation methods. However, in the ex situ systems’
analysis, areas following the main Blue Nile and most of its
tributaries were not classified as suitable for water harvesting,
since areas with slopes greater than 8% were excluded from
the analysis (Figure 3(b)). Areas in the west are dominated by
woodland and bamboo forests, and as a result they were not
found suitable for these agricultural interventions.
Of the total rainfed agricultural land, 50% was found
suitable for in situ water harvesting systems and 36% for
exsitu systems (Table 4). A combined analysis showed that
70% of the total rainfed agricultural land (a 16% overlap
between the in situ and ex situ water harvesting suitable areas)
or 36% of the total land is suitable for either of these systems.
3.2. Suitability for Water Harvesting Based on Weighted
Overlay Analysis. The weighted overlay MCE analysis for
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Figure 3: Suitability analysis for (a) in situ water harvesting practices and (b) ex situ water harvesting practices in the Upper Blue Nile Basin
using a Boolean MCE technique.

Table 4: Suitability of the Upper Blue Nile Basin for water harvesting
using a Boolean MCE technique.

RWH scheme

% suitable with
respect to
rainfed
agricultural land

% suitability
with respect to
total land

In situ systems
Ex situ systems
Combined

50
36
70

26
19
36

equal percent influence for all determining factors showed
that areas around Lake Tana region and the south-eastern
part of the basin were classified as highly suitable for water
harvesting (Figure 4(a)). The north-eastern and western parts
of the basin were found to be moderately suitable for water
harvesting. However, there are a number of smaller pockets
of highly suitable areas for water harvesting in this part of
the basin as well, while the central part of the basin was
classified as having low suitability for water harvesting. None
of the pixels in the study site reached either maximum (5) or
minimum (1) suitability score (Table 5). In total, 24% of the
basin was classified as highly suitable for water harvesting,
58% as moderately suitable, and 17% as less suitable using the
equal weights condition. It was estimated that 2% of the basin
was restricted land since water bodies, marshlands, and urban
areas were excluded from the analysis (Figure 4(a)).
A higher influence factor assigned for rainfall and slope
and, subsequently, a lower influence factor assigned for land
cover and soil type reduce the extent of the most suitable
area (Table 5, conditions 2 to 5). Areas in the central part

of the basin and along the Nile gorge which actually were
highly suitable under condition 1 (Figure 4(a)) became only
moderately suitable and less suitable in conditions 2 to 5
(Figures 4(b)–4(d)). This is attributed to the higher influence
percentage applied to rainfall and slope. The most suitable
area shrank significantly under conditions 3 and 5 (Table 5)
which is because of the higher influence percentage assigned
to the rainfall factor. These analyses indicated that rainfall is
the biggest determining factor in estimating the suitability of
water harvesting interventions in the basin.
The simple validation performed between the coordinates
of existing water harvesting practices and our analysis showed
good agreement (Figure 4); the existing water harvesting
practices are located in the areas classified as most suitable
and moderately suitable for water harvesting. Moreover, our
results are consistent with studies done at country level by
Mati et al. [40]. They stated that runoff water harvesting is
potentially applicable throughout the country, while in situ
water harvesting is applicable in most of the country. Using
higher resolution data and taking different evaluation criteria,
this study fine-tuned their work and thereby generated a
spatially more explicit analysis for the Ethiopian Blue Nile
Basin.

4. Discussion and Conclusion
4.1. Ample Potential for Water Harvesting in the Upper Blue
Nile Basin and a Need for Detailed Analysis at Mesoscale
Catchment. The suitability analysis carried out in this study
has shown that the Upper Blue Nile Basin has a large potential
for water harvesting. The area classified as most suitable
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Figure 4: Suitability of the Upper Blue Nile Basin for water harvesting under: (a) equal percentage influence of factors considered; (b)
percentage influence of 30, 30, 20, and 20 for rainfall, slope, land cover, and soil, respectively; (c) percentage influence of 35, 25, 20, and 20
for rainfall, slope, land cover, and soil, respectively; and (d) percentage influence of 25, 35, 20, and 20 for rainfall, slope, land cover, and soil,
respectively (4: highly suitable, 3: moderately suitable, and 1-2: less suitable).

covers 6% to 24% of the land depending on how the weights
of determining variables are assigned. Moreover, more than
50% of the study area was classified as moderately suitable.
Areas considered suitable for water harvesting are located
around Lake Tana in the north and in the eastern part of
the study area. Most of these areas are spread in smaller

pockets at different parts of the basin, which in the case of
water harvesting systems does not pose a problem since these
schemes are implemented on a case-by-case basis. This study
found that the results are highly sensitive to estimates of
available rainfall. This means that changes in rainfall, which
are predicted in the future due to anthropogenic climate
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Table 5: The suitability levels for water harvesting of the total basin area (in percent) according to different weight combinations of influencing
variables: suitability levels 1-2: low suitability, suitability level 3: moderate suitability, and suitability levels 4-5: high suitability.
Suitability level
5
4
3
2
1

Condition 1
0.00
23.68
57.72
16.43
0.00

Condition 2
0.00
11.92
61.41
23.50
0.97

Condition 3
0.00
8.26
61.21
28.34
0.00

Condition 4
0.00
10.15
62.99
23.71
0.97

Condition 5
0.00
6.49
61.55
29.75
0.00

Note: condition 1 is with equal weighting among all factors; condition 2 places highest weight on rainfall and slope; condition 3 has highest weight assigned to
rainfall; condition 4 has highest weight assigned to slope; and condition 5 differentiates among all four factors, with rainfall being the most important.

change, might alter the results. With increasingly erratic
rainfall the need to store water to bridge intraseasonal dry
spells is likely to become more important in the study area.
The two applied methods showed consistent results.
The areas identified as most suitable for water harvesting
under the weighted overlay MCE were mostly located in
the same areas identified as suitable for in situ and ex situ
water harvesting in the Boolean MCE. The weighted overlay
analysis enabled an assessment of the degree of suitability of
the entire basin. This is, however, a less stringent suitability
analysis, as it allows for compromise between suitability
factors. For example, the AND Boolean analysis showed that
areas in the west are unsuitable for in situ and ex situ water
harvesting systems since this area includes woodland and
bamboo land use types, but the weighted overlay analysis
instead showed a moderate suitability. Even in the weighted
MCE analysis these land use types were assigned a rather
low suitability score. However, due to higher suitability scores
from the other determining factors, these parts of the basin
turned out to be classified as moderately suitable.
If nonagricultural land use types, such as open woodland
(normally used for grazing), were given a higher suitability
score in the analysis, the area classified as suitable for water
harvesting would increase substantially. Investing in water
harvesting on such land would possibly improve water availability for livestock, thereby potentially increasing farmers’
income from livestock rearing. This may increase farmers’
tendency to invest in agriculture, which has a synergetic effect
on improving water productivity [1]. The water collected from
nonagricultural land use types can also be transferred into
agricultural fields for cultivation, even if the cost of relocating the water and land tenure issues demands a detailed
assessment. Soil types in the open woodlands are commonly
Luvisols, Cambisols, and Vertisols, which are very suitable
for water harvesting for agriculture. On the other hand, the
soil types in the cultivated fields are predominantly Leptosols,
which are less suitable for agriculture and water harvesting
practices. This suggests that there is an opportunity to
transform woodland into agricultural land and gain a lot of
benefit from water harvesting systems. The question, though,
is whether ecosystem functions and services generated from
woodlands can be maintained, for example, by adopting a
spatial configuration of new agricultural land that maintains
high levels of woodland biodiversity. For instance agroforestry is suggested as an option for sustainable agricultural
intensification [16, 33, 64].

Water harvesting schemes can improve agricultural yield
at field scale [24, 31]. However, the implication of upstream
large scale implementations to downstream water availability
and thereby the ability to meet social and ecological needs has
not been investigated [1]. Such studies would require detailed
mesoscale hydrological modeling. So far, though, catchment
hydrology has had limited capacity to include small-scale
water harvesting systems due, at least in part, to the lack
of spatial suitability analyses of water harvesting potential.
A key focus of future research should be on impact of
large scale adoption of water harvesting at a catchment scale
on upstream-downstream availability of water and socialecological resilience.
Similarly, there is a need to develop methods and provide
analyses on the role of water in building social and ecological
resilience in catchments and river basins, using integrated
approaches that consider synergies and tradeoffs between
upstream and downstream water management interventions,
for example, the choice between multiple water harvesting
investments upstream and single dam developments downstream in river basins. From our initial suitability analysis
it seems clear that Lake Tana river basin is an excellent
region to advance such an integrated social-ecological water
analysis, given the suitability for water harvesting, the high
degree of planned large scale dams, the richness of the
ecosystem functions and services provided by Lake Tana
system, the risks facing this river basin from climate change,
and, above all, the large development needs among poor rural
communities. Future research needs to advance mesoscale
hydrological analyses of the implications of various water
resource management strategies and their implications for
social-ecological resilience.
4.2. Need for Considering Socioeconomic Factors for Suitability
Analysis. This study uses biophysical data to identify suitable
areas for water harvesting implementation in the Upper Blue
Nile Basin. Physical suitability analysis is the first step towards
identifying suitable areas for water harvesting and helps to
identify priority watersheds that can be used for further
investigation of the implementation of water harvesting.
Moreover, since physical suitability analysis uses input data,
such as soil, land cover, slope, and rainfall, it is helpful to
determine the type of water harvesting system (e.g., in situ or
ex situ) that would be suitable under varying environmental
conditions.
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Once priority areas for water harvesting are identified
through physical suitability analysis, other factors should
also be included into the analysis to establish a fully successful water harvesting implementation. Various literature
indicated that well-functioning market system, skilled human
resources, socially viable technology, and stakeholder engagement [18, 26, 51, 65, 66] are among the main factors that
determine the suitability of water harvesting implementation.
Thus, performing socioeconomic analysis and stakeholder
consultation are needed for a robust suitability water harvesting analysis.
Socioeconomic analysis such as cost-benefit analysis and
comparative economic studies among different technologies
should be conducted to get a better insight into selecting
the most profitable technologies. Such an economic analysis
should consider both short-term and long-term benefits.
Some technologies, such as in situ water harvesting systems,
have long-term benefits and their short-term benefits may
not be easily visible. Access to markets, labour availability,
resource endowment, such as wealth including land, and
gender and education are among the key determinants of
water harvesting implementation which require thorough
consideration in the socioeconomic analysis (e.g., [67]). For
example, Biazin et al. [65] suggest that the production of
vegetables using water harvesting requires a market that is
easily accessible, since the produce cannot be stored or transported easily. Boyd et al. [68] show how improved access to
markets and increased producer prices stimulate investment
in in situ water harvesting systems at the household level
in Tanzania. Rämi [51] reports that ex situ water harvesting
systems are labour-intensive. Munamati and Nyagumbo [67]
show that resource status and gender issues were directly
related to the performance of in situ water harvesting in
the Gwanda district of Zimbabwe: wealthy and man-headed
households performed better with in situ water harvesting
systems. Boyd et al. [68] showed that farmers with some
level of education performed better with in situ water harvesting systems than those with no education. Social values
and settings also determine the uptake of water harvesting
systems. For example, the Konso people in southern Ethiopia
are known for constructing terracing systems. They can easily
understand and implement different types of in situ water
harvesting system. Some societies may be reluctant to use
ex situ water harvesting systems, believing that such systems
might increase the incidence of malaria, as well as the risk of
drowning for children and animals [51]. Thus, socioeconomic
analysis aids the design of water harvesting systems that fit the
socioeconomic context of a given area.
Stakeholder consultation and an accompanying site visit
can help to cross-check the feasibility of identified water
harvesting systems through physical suitability to the local
context. Moreover, consultations with beneficiaries, government agencies, and nongovernmental organizations help to
identify specific challenges and opportunities that should
be included in the design and planning of water harvesting
implementation. For example, Rämi [51] reports that some
farmers prefer water harvesting systems that require less
human input in their construction and use. In regions where
there is land scarcity, farmers are more interested in water

Advances in Meteorology
harvesting systems that take up less space. This dialogue
with the stakeholders can be used to create awareness and
thereby develop interest in implementing the technologies.
It also creates avenues for capacity building on how to
implement, use, and maintain the technologies. Engaging
the stakeholders, particularly farmers, creates ownership of
the projects, which increases the sense of responsibility for
maintaining and taking care of the systems. This, in turn,
increases the chances of success.
Physical suitability analysis, accompanied by socioeconomic analysis and stakeholder consultation will lead
to a robust water harvesting suitability analysis. However,
successful water harvesting implementation also demands
proper planning, monitoring, and evaluation.
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Based on observed data and data simulated by climate models, temporal variation and spatial distribution of precipitation in China
from 1961 to 2050 were investigated. The slope of annual precipitation and Mann-Kendall statistical test were applied to quantify
the trend magnitude and detect the significant trend, respectively. Besides, decadal and interannual variations of different rain belts
were analyzed to reveal the spatial changing pattern of precipitation. Results indicated the following. (1) During 1961–2011, annual
precipitation in Haihe River Basin decreased significantly while the annual precipitation in river basins in the northwest increased
significantly. Although the annual precipitation of Yangtze River Basin has an indistinctive decreasing trend, that in the middle and
lower reaches has increased and that in the upper reaches has decreased. Arid zone and humid zone are shrinking while semiarid
and semihumid zone are expanding. Transformation between semiarid and arid zones, humid and semihumid zones is frequent.
During 2011–2050, annual precipitation will not change much (−6∼12%) except river basins in the southwest (more than 40%)
compared with the baseline. Besides, the area of arid zone will decrease and humid zone area will increase. Transformation area
between semiarid and arid zone and humid and semihumid zone is small.

1. Introduction
Precipitation is one of the key factors in climate system and
hydrometeorology. In the context of climate change, due
to changes in atmospheric circulation caused by increasing
global surface temperature, pattern of precipitation and
water-holding capacity throughout the atmosphere are very
likely to change [1]. Overall, precipitation has increased by
about 2% worldwide since the beginning of the 20th century
[2, 3]. The increase is statistically significant, though neither
spatially nor temporally uniform [4, 5]. Impacts of global
warming on climatic system will continue in the near future.
Arid region will receive even less precipitation while humid
region will receive even more precipitation [6]. China is
vulnerable to climate change impact and regional difference
in precipitation is one of the major features of China’s climatology. Changing trend of annual precipitation of China

is not statistically significant in the recent 100 years and 50
years, but big decadal and interannual fluctuation exist [7].
Changes in precipitation pattern may lead to floods, droughts,
and loss of biodiversity and agricultural productivity which
will bring out even worse impacts on social economy of China
[8]. Therefore, research on spatial and temporal changing
trends of precipitation both in the present and in the future is
important for water resources management and appropriate
adaptation strategies making. Many studies have investigated
the changing trends of precipitation in China. Liu et al. investigated the precipitation change in the Yellow River Basin
(YRB) during 1960–2006 and it showed a decreasing trend in
most of the precipitation stations [9]. The study performed
by Chen et al. found that the precipitation variability was
low in Yangtze River Basin and annual precipitation change
was not statistically significant [10]. Liang et al. analyzed
the precipitation variability in Northeast China from 1961 to

2
2008 and the results showed that the annual precipitation
decreased from the southeast to the northwest during the
study period [11]. Even though these findings can help
provide rational regulatory and managerial policy in relation
to water resources to maintain the health of the various
ecosystems, limitations still exist in the above studies. First
of all, China has huge national territorial area and is located
in several different climatic zones, mainly influenced by
monsoon. Different climatic zones are controlled by different
atmospheric circulation and are responding differently to
global climate change. Recent studies mainly focus on specific
basins of China, lacking systematic analysis on annual precipitation variation on nation scale. Secondly, most researches
focus on historical change of precipitation; changing trend
of projected precipitation in the context of future climate
change has not attracted much attention. Nowadays, coupled
climate models have become a strong basis for analysis and
projection research on future precipitation under different
emission scenarios. What is more, more attention has been
paid to the temporal changing law of annual precipitation
than spatial changing law. Less research on rain belts shifting
characteristics has been done.
The objective of this paper is to analyze the long term
(1961–2050) spatial and temporal trends of annual precipitation in China with the observed and simulated daily precipitation data. The slope of annual precipitation and MannKendall statistical test were applied to quantify the trend
magnitude and detect the statistical significance of changing
trend, respectively. By analyzing the decadal and interannual
variation of four types of regions (humid zone, semihumid
zone, semiarid zone, and arid zone), spatial changing characteristics of precipitation were illustrated. It is expected that
this study will help understand regional hydrologic behavior
over the last several decades and the near future in China.

2. Materials and Methods
2.1. Study Area. China is located in the east of Eurasia, west
coast of the Pacific Ocean, subtropical zone of the north hemisphere, and midlatitude region. Due to land-sea thermal
differences, pressure centers of upper and lower atmosphere
change with the iteration of the four seasons. Besides, Tibet
Plateau has great impact on the transmission of upper air.
All these factors have resulted in the complex monsoon
and different climate types in China. There are four climate
zones from northwest to southeast: arid zone, semiarid zone,
semihumid zone, and humid zone. There are ten big basins
in China: Songhuajiang River Basin, Liaohe River Basin,
Haihe River Basin, Yellow River Basin, Huaihe River Basin,
Yangtze River Basin, river basins in the southeast, Pearl River
Basin, river basins in the southwest, and river basins in the
northwest (Figure 1).
Annual precipitation in China has an uneven spatial
distribution. Precipitation features are significantly different
between the north and the south. Annual mean precipitation
is more than 800 mm in the basins of the south, in which Pearl
River Basin and river basins in the southeast can receive more
than 1500 mm of annual precipitation. Except for Liaohe
River Basin, all the other basins in the north part of China
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Figure 1: Location of China and ten big river basins in China.

receive less than 600 mm of annual precipitation. The annual
precipitation of river basins in the northwest is the lowest,
with only about 150 mm. Difference of precipitation between
different basins is one of the main reasons causing the uneven
distribution of water resources of China.
2.2. Data. Observed precipitation data is selected from
China’s Ground Precipitation 0.5∘ × 0.5∘ Gridded Dataset
(V2.0) established by the Meteorological Records Office of
the National Meteorological Information Center of China
(http://www.cma.gov.cn/2011qxfw/2011qsjgx/). This dataset is
based on the daily precipitation records of 2474 national
meteorological stations. Partial Thin Plate Smoothing Splines
were used to do spatial interpolation [12, 13]. In the meantime,
impacts of topography on precipitation are also taken into
consideration to make sure that the spatial distributions of
interpolated precipitation and actual precipitation fit with
each other [14] (Table 1).
Future daily precipitation of this research comes from
five global climate models (GFDL-ESM2M, HadGEM2-ES,
IPSL-CM5A-LR, MIROC-ESM-CHEM, and NorESM1-M)
provided by ISI-MIP (Inter-Sectoral Impact Model Intercomparison Project) (http://www.isi-mip.org) [15, 16]. Time
range of precipitation data is from January 1, 2011, till
December 31, 2050, and spatial resolution is 0.5∘ × 0.5∘ . This
set of data was linearly interpolated and bias-corrected which
is more accurate than the original data. This research selected
scenario RCP4.5 (Representative Concentration Pathway 4.5)
to analyze.
2.3. Precipitation Zoning. In China, 800 mm precipitation
isoline goes from Qinling-Huaihe River to the southeast rim
of Tibet Plateau. In the east and south side of this isoline,
annual precipitation is usually more than 800 mm and this
area is humid zone. In the west and north side of this isoline, annual precipitation is usually less than 800 mm and
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Table 1: List of general circulation models (GCMs) used in this study.

Centre
Geophysical Fluid Dynamics Laboratory (GFDL)
Hadley Centre for Climate Prediction and Research, Met Office
L’Institut Pierre-Simon Laplace (IPSL)
Technology, Atmosphere and Ocean Research Institute and National Institute for
Environmental Studies
Norwegian Climate Centre

Table 2: Annual precipitation zoning.
Zoning number
I
Annual precipitation (mm) <400

II
400–600

III
600–800

IV
≥800

Country

Name

United States
United Kingdom
France

GFDL-ESM2M
HADGEM2-ES
IPSL-CM5A-LR

Japan

MIROC-ESM-CHEM

Norway

NORESM1-M

The test statistic 𝑈 was established:
𝜏
,
𝑈=
√𝑉𝑎𝑟 (𝜏)
𝜏=
𝑉𝑎𝑟(𝜏) =

4𝑝
− 1,
𝑛 (𝑛 − 1)

(1)

2 (2𝑛 + 5)
,
9𝑛 (𝑛 − 1)

where 𝑛 is the length of the data sequence and 𝑝 is the allelomorph of the random sequence. If 𝑈 is positive, the sequence
has an increasing trend, if 𝑈 is negative, the sequence has
a decreasing trend, and if |𝑈| > 𝑈𝛼 = 1.96 while the significance level is 𝛼 = 0.05, then the sequence has passed the
significance test with a significant changing trend [21].
National boundaries
River
River basin

No data
Annual precipitation (mm)
800 to 1000
<200
1000 to 1200
200 to 400
1200 to 1500
400 to 600
>1500
600 to 800
0

(km)
375 750

2.5. Linear Regression Analysis and the Slope. In this research,
we use least-squares fitting method to estimate the magnitude
of value in terms of linear trend. The linear trend of the data
sequence can be calculated by this method and 𝑦 can be
expressed by the linear regression equation as follows [22]:
𝑦̂ = 𝑎𝑥 + 𝑏,

1,500

Figure 2: Multiyear average precipitation in China (1961–2011).

this area is semihumid zone. 800 mm precipitation isoline
goes through Greater Khingan Range-Zhangjiakou-Lanzhou-Lhasa-east part of Himalaya Mountains, and this isoline
is also the boundary between semihumid zone and semiarid
zone. 200 mm precipitation isoline goes through the west
part of Inner Mongolia Autonomous Region, west part
of Hexi Corridor, and Northern Tibetan Plateau, and this
isoline is also the boundary between arid zone and semiarid
zone. According to annual precipitation, this paper divides
China into four zones listed in Table 2. Temporal and spatial
variation of historical and projected annual precipitation in
each zone were analyzed (Figure 2).
2.4. Mann-Kendall Trend Test. Mann-Kendall (MK) statistical test [17] is used to analyze the changing trend and to test
the significance. MK test is a nonparametric and rank-based
approach. Compared with parametric methods, MK test is
less sensitive to outliers. This method is widely used in the
field of hydrology and climatology [18–20].

(2)

where 𝑎 is the estimated trend of data sequence. If 𝑎 > 0,
it means that the value has an increasing trend in the study
area during the study period, whereas if 𝑎 < 0, it means that
the value in this area has a decreasing trend in the study area
during the study period [23]. Parameter 𝑎 can be calculated
via the following equation:
𝑎=

𝑛 × ∑𝑛𝑖=1 (𝑖 × 𝐾𝑖 ) − ∑𝑛𝑖=1 𝑖 ∑𝑛𝑖=1 𝐾𝑖
𝑛 × ∑𝑛𝑖=1 𝑖2 − (∑𝑛𝑖=1 𝑖)

2

,

(3)

where 𝑛 is the number of whole study years and 𝐾𝑖 is the value
in the 𝑖th year.

3. Results and Discussion
3.1. Temporal Variation of Historical Annual Precipitation.
From the aspect of interannual variation (Figure 3), annual
precipitation values in Songhuajiang River Basin, Liaohe
River Basin, Haihe River Basin, Yellow River Basin, and
Yangtze River Basin all show a decreasing trend, in which the
decreasing trend of Haihe River Basin passed the significance
test at 𝛼 = 0.1 (𝛽𝐶 = −1.68 < −1.65). The precipitation slope
also reaches its negative peak in Haihe River Basin
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Figure 3: Continued.
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Figure 3: Annual precipitation of the top ten basins of China, 1961–2011. (a)∼(j) represent Songhuajiang River Basin, Liaohe River Basin,
Haihe River Basin, Yellow River Basin, Huaihe River Basin, Yangtze River Basin, river basins in the southeast, Pearl River Basin, river basins
in the southwest, and river basins in the northwest, similarly hereinafter.
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Figure 4: Changing slope of annual precipitation.

(−15.0 mm/10 years). Annual precipitation values of Huaihe
River Basin, river basins in the southeast, river basins in
the southwest, and river basins in the northeast all show
an increasing trend. Annual precipitation of river basins
in the northwest has the most significant increasing trend
(𝛽𝐽 = 4.88 > 1.96; passed the significance test at 𝛼 = 0.05)
and it is the only basin whose precipitation has increased in
the north of China. The precipitation slope reaches its positive
peak in river basins of the southeast (14.5 mm/10 years).
Figures 4 and 5 are the changing slope and trend test
results of annual precipitation of China, 1961–2011. The two
pictures show that the decreasing rate of annual precipitation
is big in the plain area of Haihe River Basin, mountain area
of Ziyahe River and Zhangweihe River, middle reaches of
the Yangtze River, Nanpan River, and Beipan River of the
Pearl River Basin, Yujiang River, and Liujiang River. The

Negative trend Positive trend
Non-SS
𝛼 = 0.05
𝛼 = 0.1
𝛼 = 0.1

0

Non-SS
(km)
375 750

𝛼 = 0.05
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Figure 5: Trend test of annual precipitation.

decreasing rate in these areas can be more than 20 mm/10a.
The decreasing trend in Mintuojiang River and Jialingjiang
River of the Yangtze River Basin and the Nanpanjiang River
and Beipanjiang River of the Pearl River Basin is statistically
significant. The increasing trend is big in Qiangtang interior
tableland of the river basins in the southwest and lower
reaches of the Yangtze River Basin (such as the main stream
below Hukou). The increasing trend in most areas of river
basins in the southwest passed the significance test at 𝛼 = 0.1.
3.2. Spatial Variation of Historical Precipitation. During 1961–
2011, area of I∼IV was 25.09%, 18.38%, 28.62%, and 27.91% of
the total area of China. The area of I and IV decreased during
the study and the decreasing trend in zone I has passed the
significance test at 𝛼 = 0.05 (𝛽I = −3.63 < −1.96). Areas of
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Figure 6: Interannual variation of area of different type of zone.

II and III are both increasing (𝛽II = 2.38 > 1.96, 𝛽III = 2.31 >
1.96) (Figure 6). So it can be seen that, during 1961–2011,
the areas of arid zone and humid zone were shrinking while
the areas of semiarid and semihumid zone were expanding.
Transformation area between different types of zones in
each decade was calculated (Figure 7). The results showed
that the expansion of semiarid zone was caused by the
transformation from arid zone to semiarid zone. Although
some of the semihumid zones transformed into semiarid
zones, the transformed area from humid zone to semihumid
zone is much more than that, thus leading to the expansion of
semihumid zone. It can thus be seen that, during 1961–2011,
the north of China (arid zone, semiarid zone, and semihumid
zone) was turning from arid to humid, while the south of
China (humid zone) was turning from humid to arid.
In a certain phase, active area is the area where a certain
class appeared one or more times. Figure 8 shows the spatial

Table 3: Change of stable area and active area in each decade (100%).
Time
1960s
1970s
1980s
1990s
2000s

Class I
S
A
20.1
15.0
16.0
17.6
16.6
17.2
16.7
16.3
15.2
16.9

Class II
S
A
1.9
36.2
1.6
39.8
1.4
39.2
2.1
38.6
1.8
40.3

Class III
S
A
6.3
39.5
7.1
41.0
7.3
38.6
7.4
39.2
6.9
41.0

Class IV
S
A
20.1
19.0
19.4
17.4
21.6
15.8
20.6
16.4
19.8
16.9

S means stable area; A means active area. The data in the table is the ratio (%)
between the area of stable area/active area and the whole area of China.

distribution of active area and stable area of each zone (types
I∼IV) in each decade. Table 3 shows the active area and stable
area of each zone (types I∼IV) in each decade. Analyzing
Figure 8 and Table 3, it can be seen that, for zones I and IV,
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Figure 7: Transformation of each type of zone.

the ratio between stable area and active area stays at about 1 : 1.
The stable area of zone I is mainly located at the Tarim region
and Hexi Corridor region of river basins in the northwest. But
since the 1970s, stable area of zone I began to decrease. The
stable area of zone IV is mainly located at the south of Yangtze
River. Although precipitation of the south of China decreased
to some degree, the stable area always remains at 20% of
the total area; that is, spatial distribution of precipitation in
China (the north of China receives less precipitation while
the south of China receives more precipitation) has not
changed fundamentally. The stable area of zones II and III
is comparatively small, which is about 1.8% and 7.0% of the
total area of China, respectively, while the active area of zones
II and III is 38.8% and 39.9% of the total area of China. As a

result, the areas of semiarid zone and semihumid zone in the
south of Yinshan Mountain and Qilianshan Mountain, east of
Great Khingan, and north of Qinling Mountains have large
interannual change.
3.3. Temporal Variation of Future Precipitation. In RCP4.5,
future precipitation in each basin was projected by GFDLESM2M, HadGEM2-ES, IPSL-CM5A-LR, MIROC-ESMCHEM, and NorESM1-M and it was shown in Figure 9. Compared with the annual precipitation of baseline (1961∼1990),
annual precipitation in river basins of the northwest will have
the largest decrease (−12.9∼−1.1%), while that in river basins
of the southwest will have the largest increase (42.4∼50.4%).
For Songhuajiang River Basin, Huaihe River Basin, and river
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Figure 8: Continued.
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Figure 8: Decadal spatial movement characteristics of active area and stable area of different classes.
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Figure 9: Projected annual precipitation of each basin. Songhuajiang River Basin (A), Liaohe River Basin (B), Haihe River Basin (C),
Yellow River Basin (D), Huaihe River Basin (E), Yangtze River Basin
(F), river basins in the southeast (G), Pearl River Basin (H), river
basins in the southwest (I), and river basins in the northwest (J).

basins in the southwest, all five climate models projected that
the precipitation will increase. The mean increase values of
five climate models are 6.9%, 11.6%, and 45.9%, respectively,
for these three basins. For the Yellow River Basin and Pearl
River Basin, all five climate models projected that the precipitation will decrease. The mean decrease values of five climate
models are −5.7% and −4.9%, respectively. For Liaohe River
Basin and river basins in the northwest, projected annual
precipitation will change by 9.0% and −7.8% (mean value
of five climate models), respectively (four climate models
have the concordant result except for one climate model).

Projected annual precipitation in Haihe River Basin, Yangtze
River Basin, and river basins in the southeast differs with
different climate models, having big uncertainty. On the
whole, except for river basins in the southwest, projected
annual precipitation will not change a lot in other basins. The
mean value of changing range is about −6∼12%.
Figure 10 shows the projected annual precipitation distribution of different climate models. Annual precipitation in
the northwest and southwest will change a lot: the annual
precipitation in Tarim River Basin will decrease by more than
25% while that in Qiangtang interior plateau, Brahmaputra
River Basin, and southern Tibet area will increase by more
than 25%. Annual precipitation in Northeast China, North
China, Central China, and South China will have smaller
(−25∼25%) change in most places.
3.4. Spatial Variation of Future Annual Precipitation. With
the baseline of 1961–1990, the projected area change of each
class was analyzed. It can be seen from Figure 11 that different
climate models will result in different projections: only in a
few years will the five selected climate models have accordant
projections. The assembled mean value of multimodels shows
that the area of zone II will have a decreasing trend to some
degree while the area of zone IV will have an increasing trend
to some degree. Table 4 shows the change of multiyear annual
mean area of each type of zone during 2011–2050 compared
with that of the baseline. The multiyear annual mean area
of zone II will decrease by 6.13% compared with that of the
baseline while the multiyear annual mean area of zone IV will
increase by 4.47%. That is to say, the area of semiarid zone
will decrease to some degree while the area of humid zone
will increase to some degree. Different climate models have
different projections on the area change of zone I and zone III.
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Figure 10: Projected annual precipitation distribution of different climate models.
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Figure 11: Interannual variation of projected area of each type of zone.

Table 4: Change of projected multiyear mean value of each type of zone compared with that during 1961–1990 (%).
Class

GFDL-ESM2M

HadGEM2-ES

IPSL-CM5A-LR

MIROC-ESM-CHEM

NorESM1-M

Mean

I

−0.74

0.78

1.21

−6.13

1.92

−0.59

II

−1.92

−1.20

−14.40

−10.79

−2.33

−6.13

III

4.07

−8.22

2.05

7.01

−5.39

−0.10

IV

−2.19

8.24

5.84

5.37

5.08

4.47

Spatial distribution of stable area and active area of zones
I∼IV during the projection period is similar to that during
1960s∼2000s: the stable areas of zone I and zone IV are mainly
located in the river basins of the southwest and south of
Yangtze River, respectively; the stable area of zone II and zone
III is comparatively small. During the projection period, the
decadal mean value of the stable area of four types of zones
will increase to a certain degree compared with the baseline
(decadal mean value of 1960s∼1990s). The stable areas of
zone I, zone II, and zone III will increase by 12.5∼27.1%,

77.6∼200.3%, and 8.6∼69.0%, respectively, and all the five
selected climate models have got concordant results. The
stable area of zone IV will change by −6.3∼17.0% compared
with that of the baseline in which only GFDL-ESM2M gave
decreasing results while other models gave increasing results
(Table 5). The increase of stable area in zone I means that
the projected annual precipitation in the northwest of China
will have persistently low precipitation. Although the stable
areas of zone II and zone IV have big relative increase, the
absolute increase is not big because the stable area is small
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Table 5: Decadal change of stable area and active area of each type of zone simulated by different climate models.

Class

I

II

III

IV

Time

M1

M2

M3

M4

M5

Mean

S

A

S

A

S

A

S

A

S

A

S

A

2010s

18.3

13.7

21.8

8.3

21.9

9.6

21.3

6.5

21.1

13.1

20.9

10.2

2020s
2030s
2040s

20.0
18.4
19.3

12.9
13.8
13.1

20.9
21.8
21.4

9.9
11.1
9.4

20.5
20.4
21.2

11.8
12.0
8.7

21.5
20.6
20.1

7.9
7.8
7.1

22.0
20.7
21.6

9.4
9.7
10.6

21.0
20.4
20.7

10.4
10.9
9.8

2010s
2020s

3.1
3.8

35.3
31.3

6.1
3.7

27.2
31.0

3.9
3.7

26.0
30.9

6.6
4.8

24.2
24.3

2.8
6.1

30.7
27.5

28.7
29.0

4.5
4.4

2030s
2040s

2.9
2.6

34.9
30.4

4.8
5.5

29.8
29.4

3.2
3.6

28.8
22.5

4.8
4.8

28.9
22.9

5.7
2.9

27.7
28.0

30.0
26.6

4.3
3.9

2010s
2020s

9.5
12.3

38.2
32.6

9.6
6.9

31.5
36.4

12.4
6.9

33.5
36.8

10.4
12.8

32.8
39.0

9.0
7.9

31.7
30.7

10.2
9.4

33.5
35.1

2030s
2040s

9.8
8.8

39.3
37.3

5.9
8.1

34.3
32.6

8.2
14.1

39.7
31.4

10.3
13.8

34.8
29.6

9.6
13.3

31.5
27.8

8.7
11.6

35.9
31.7

2010s
2020s

18.1
19.3

18.6
13.5

22.8
23.3

14.2
17.9

19.6
22.1

16.9
17.5

22.4
14.1

15.7
22.8

22.8
24.4

15.4
12.7

21.1
20.6

16.2
16.9

2030s
2040s

17.8
21.0

18.0
19.7

23.4
23.8

17.9
14.1

18.7
21.8

22.4
17.6

22.3
24.7

16.6
13.7

23.2
24.7

15.1
9.7

21.1
23.2

18.0
15.0

M1∼M5 represent GFDL-ESM2M, HadGEM2-ES, IPSL-CM5A-LR, MIROC-ESM-CHEM, and NorESM1-M, respectively.

itself. The increase of the stable area of zone IV means that
the precipitation of the south of China will be at a high level
(Figure 12).

4. Conclusions
Based on the observed precipitation data during 1961–2011
and projected data of climate models during 2011–2050, this
paper analyzed the spatial variation of historical and future
precipitation.
During 1961–2011, precipitation in Haihe River Basin
decreased significantly. What is more, socioeconomic development also added great pressure on the water demand in
Haihe River Basin. These two factors caused the imbalance
between water supply and water demand, leading to a series
of problems of aquatic ecology and environment. Annual
precipitation in the Yangtze River Basin decreased but
not statistically significant. However, significant difference
between the upper reaches and lower reaches occurred in
Yangtze River. In the middle and lower reaches of the Yangtze
River, annual precipitation has increased widely; the annual
precipitation in the upper reaches has decreased a lot and the
decreasing trend was statistically significant in most places.
This could bring about negative effects on the ecosystem in
the upper reaches of Yangtze River, which could bring about
further negative impacts on the establishment of ecological
barrier in the upper reaches. River basin in the northwest
is the only basin in the north of China where the annual
precipitation has increased. Undoubtedly, this will do good
to the improvement of ecoenvironment in the northwest of
China. Besides, arid zone and humid zone are shrinking while
the semiarid zone and semihumid zone are expanding: area
of semiarid zone and semihumid zone in the south of Yinshan

Mountain and Qilian Mountain, east of Great Khingan, and
north of Qinling Mountains had big decadal variation. That
is to say, the transition between semiarid zone and arid zone
and humid zone and semihumid zone was more frequent in
the climate transition zone.
In the scenario RCP4.5, annual precipitation in the ten big
basins of China will not change much except for river basins
in the southwest. Annual precipitation in the river basins in
the northwest will decrease to a large degree with significant
regional difference: annual precipitation will have increasing
trend in the river district of interior zone of Inner Mongolia,
river district of interior zone of Hexi, and interior zone of
Qiangtang Plateau while the annual precipitation will have
decreasing trend in the Tarim River Basin. River basins in
the southwest will have large increase of annual precipitation,
especially in the Brahmaputra River and southern Tibet. Different climate models have different projections. Projections
in the Songhuajiang River Basin, Huaihe River Basin, and
river basins in the southwest have good concordance: all five
climate models gave increasing projections. On the contrary,
climate models have big uncertainty in Haihe River Basin,
Yangtze River Basin, and river basins in the southeast. The
area of semiarid zone will decrease and the area of humid
zone will increase to some degree in the future. Besides,
spatial distribution of stable area and active area in each
type of zone will remain similarly as in the past. The stable
area in all the four types of zones will increase to some
degree compared with the baseline; that is, the transition
area between semiarid zone and arid zone and humid and
semihumid zone in the climate transition area will not be
big in the future. Arid zone may see more dry days while the
humid zone may see more humid days.
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Figure 12: Projected stable area and active area in different decades.
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This study analyzed the top 1% 24-hour rainfall events from 1994 to 2013 at eight climatological sites that represent the east to west
precipitation gradient across the Arkansas-Red River Basin in North America. A total of 131 cases were identified and subsequently
classified on the synoptic-scale, mesoscale, and local-scale to compile a climatological analysis of these extreme, heavy rainfall events
based on atmospheric forcings. For each location, the prominent midtropospheric pattern, mesoscale feature, and predetermined
thermodynamic variables were used to classify each 1% rainfall event. Individual events were then compared with other cases
throughout the basin. The most profound results were that the magnitudes of the thermodynamic variables such as convective
available potential energy and precipitable water values were poor predictors of the amount of rainfall produced in these extreme
events. Further, the mesoscale forcings had more of an impact during the warm season and for the westernmost locations, whereas
synoptic forcings were extremely prevalent during the cold season at the easternmost locations in the basin. The implications of
this research are aimed at improving the forecasting of heavy precipitation at individual weather forecasts offices within the basin
through the identified patterns at various scales.

1. Introduction
In the United States, flash flooding is the most deadly natural hazard with an average of 89 deaths per year and
$8.2 billion in damages. In comparison, approximately 60
people die from tornadoes each year [1, 2]. Not only is flash
flooding difficult to forecast, but it is often overlooked as a
life-threatening event [3]. To the average person, heavy or
extreme rainfall events are usually synonymous with flash
flooding. Unfortunately, no set method for quantitatively
classifying a rain event as a flash flood exists and it is
subjective to the geographic location and type of event.
Flash flooding causes strong flows in rivers, creeks, and
other waterways [4] usually created by extreme rainfall
with high rainfall rates associated with convection [5–7].
Doswell et al. [3] state that an ingredient for flash flooding

is heavy precipitation (where the rainfall rate is the highest
for the longest period of time). However, many other factors
contribute to flash flooding such as the characteristics of
the land on which the rain falls and surface runoff occurs
(area, length, slope, shape, type of soil, and vegetation) and
antecedent conditions of the land [5–7]. Intense rainfall
occurring on saturated soils leads to higher runoff production
and the risk of flash flooding increases [8]. The urbanization
of land can also enhance runoff by covering natural soils with
impermeable surfaces. Similarly, land impacted by wildfires
will have enhanced runoff since the vegetation that has
been removed no longer intercepts rainfall [5, 6, 8, 9]. The
topography of the land on which rain falls determines the
streamflow of the runoff and it has been found that the slope
of the region enhances rapid concentration of streamflow.
As a basin’s steepness decreases, it is observed that the basin
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Figure 1: It shows the precipitation and temperature gradients across the United States. In the Arkansas-Red River Basin, the precipitation
gradient is orthogonal to the temperature gradient. Approximate area encompassed by basin is outlined in red. Images via PRISM Climate
Group [10].

area increases [5]. Flash flooding is not always caused by
heavy rainfall but knowledge of the spatial and temporal
distribution of heavy rainfall can lead to an improvement
in the forecasting of flash floods [11]. Funk [12] discusses
the importance of pattern recognition skills in forecasting
heavy precipitation and the significance of being able to
recall past heavy rainfall events along with the synoptic
and mesoscale environments. With flash flood frequency
expected to increase in the future due to climate change
[7, 13, 14], it is important to examine the causes of flash floods,
especially extreme rainfall events.
Multiple studies have examined flash flood forecasting as
well as the characteristics of extreme rainfall events. Maddox
et al. [15] investigated flash flooding events and outlined
characteristics of different types of events that cause heavy
rainfall. Similarly, Schumacher and Johnson [16] and S. T.
Ashley and W. S. Ashley [17] classified meteorological conditions that produced heavy rainfall as mesoscale convective
systems (MCS), a synoptic system, or a tropical system based
on radar reflectivity. Further, Schumacher and Johnson [16]
classified the type of MCS as either training line/adjoining
stratiform or backbuilding/quasi-stationary [18]. Doswell
et al. [3] examined the ingredients of flash flooding and the
storm type in each event. The authors focused on specific

case studies beginning with the day preceding the event
and examined the 500 mb maps, isentropic analyses, and
atmospheric profiles to determine a “nonevent” day versus
an “event” day [3]. Taking these past studies into account, a
methodology was formed to classify an extreme rainfall event
from the synoptic-scale to the local-scale.
It is important to determine the atmospheric characteristics that work together to produce an environment conducive
to the production of a heavy rainfall event. Using ensemble
forecasts, Schumacher [19] analyzed the factors leading to the
development of a warm season heavy rain event. The authors
found that small changes in atmospheric factors, such as wind
shear, played a significant role in producing large quantities
of rain and how small variations in parameters can produce
much different results than were expected.
Due to the spatial and temporal variability of heavy
precipitation in the Great Plains region of the United States,
the purpose of this study was to determine the synoptic and
mesoscale forcings that drive heavy rainfall events in the
region. Further, this study focused on the Arkansas-Red River
Basin due to (1) the strong annual precipitation gradient that
rapidly decreases from east to west and is orthogonal to the
temperature gradient over a relatively small area (Figures
1 and 2) and (2) the abundance of available in situ and
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National Weather Service, ABRFC, Tulsa, OK

Figure 2: The Arkansas-Red River Basin. Image from the National Weather Service River Forecast Center: Arkansas-Red Basin [20].

radar observations across the domain. The results filtered by
location, classification of atmospheric forcing, and annual
variation are critical for improving forecasting of heavy
rainfall and overall flood preparedness throughout the basin.
Not only will these results help improve daily forecasting
accuracy, but also they will improve climatological forecasts,
which have countless socioeconomic implications [11].
Further, these heavy rainfall events play an important
role in the southern Great Plains water budget as well
as in influencing agriculture and ecosystem structure [21,
22]. It was documented that along regional precipitation
gradients similar to that found in the Arkansas-Red River
Basin, trace gases fluxes [23] and decomposition of organic
matter [24] vary in response to the gradient. Both of these
processes impact the plant life and ecosystems that can be
supported in the area. The thriving agriculture found along
this precipitation gradient supports a positive feedback to
precipitating weather systems propagating over the southern
Great Plains. Enhanced areas of evapotranspiration provide
moisture in the low levels of the atmosphere which acts
to strengthen convective storms, especially in the western
locations of the basin such as Amarillo, TX [25]. In contrast, a
lack of precipitation reduces soil moisture values, thus reducing possible evapotranspiration by agriculture. This positive
feedback mechanism works similarly to years with enhanced
precipitation but instead will produce regional drought [26–
28]. An example of this positive feedback drought mechanism
was seen in the Arkansas-Red River Basin in the summer
of 1998 due partly to anomalously low soil moisture values
which enhanced the dryness in the area [29].

2. Data and Methodology
Eight locations were chosen to represent the north, south,
east, and west boundaries and the central portion of the
Arkansas-Red River Basin: Ft. Smith, AR; Tulsa, OK; Wichita,
KS; Oklahoma City, OK; Wichita Falls, TX; Dodge City, KS;
Amarillo, TX; and Colorado Springs, CO. The study length
spanning 1994 to 2013 was chosen to include adequate WSR88D radar data coverage across the basin. Using the 24-hour
precipitation data from the Global Historical Climatology

Network- (GHCN-) Daily dataset, the top 1% of rainfall
events were determined using days that had measureable
precipitation [30]. Annual rainfall accumulations for the
period of the study were created to visualize the occurrence
of rainfall within the basin at each location and to find
any noticeable trends in time of high rainfall accumulations
between the different years (Figure 3). Using the top 1%
of rainfall events allowed for the study encompassing truly
“extreme” rainfall events. It is important to note that Dodge
City had a single 1% precipitation event that occurred from
November to March that was excluded because it was a
freezing rain event and this study focuses solely on entirely
liquid precipitation.
To further investigate each case, the forecast funnel
approach was utilized to examine each event at the synopticscale and then the mesoscale and finally on the local-scale,
similar to a method used by S. T. Ashley and W. S. Ashley
[17]. The North American Regional Reanalysis (NARR) was
used due to its reputation and use for identifying precipitation
patterns in the United States [31]. Using the NARR, a 5-day
window leading up the 1% rainfall date was viewed in order
to determine the synoptic pattern at 500 mb for each case. The
classifications on the synoptic-scale, as well as the mesoscale,
were inspired by a combination of the classifications used in
studies from Doswell et al. [3], Maddox et al. [15], and Schumacher and Johnson [16]. Synoptic classifications determined
for the cases included the following: positively tilted trough,
neutrally tilted trough, negatively tilted trough, short wave,
ridge, and tropical influence. Mesoscale classifications were
determined via in situ and radar observations. The mesoscale
classifications included the following: mesoscale convective
system (MCS), stratiform rain, convection forming along a
frontal or outflow boundary (does not include MCS type of
events), and disorganized convection. It is important to note
that an event may fall into multiple mesoscale classifications
but, for consistency, the classification most prominent for the
entire event was chosen.
To examine the local-scale, archived soundings were
gathered for the day of each rainfall event. The sounding location (Table 1) was determined by proximity and by comparing
the sounding location and the station location to a precipitable water climatology map [32]. From these soundings,
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Figure 3: Annual rainfall accumulations for 1994–2013 for (a) Colorado Springs, CO, and (b) Oklahoma City, OK.

Table 1: Locations chosen.
Number of
cases

Location of proximity
soundings

Ft. Smith, AR

20

Tulsa, OK

18

Wichita, KS
Oklahoma City, OK
Wichita Falls, TX
Dodge City, KS
Amarillo, TX
Colorado Springs, CO

17
15
14
15
14
17

Little Rock, AR
Springfield, MO, & Norman,
OK
Dodge City, KS
Norman, OK
Dallas-Fort Worth, TX
Dodge City, KS
Amarillo, TX
Denver, CO

Location

variables were collected including precipitable water (PWater), convective available potential energy (CAPE), lifted
condensation level (LCL), freezing level, mixed level mixing
ratio (MLMR), −10∘ C level, warm cloud depth (WCD), and
𝐾-Index. The vertical wind profiles, along with archived maps
from the Storm Prediction Center and the NARR, were used
to determine if the low-level jet was present or not [33]. For
Tulsa, OK, soundings from Norman, OK, and Springfield,
MO, were both used due to the fact that the sounding
locations are equidistant from the Tulsa site and because
Tulsa lies along the gradient of the PWater climatology map

for a portion of the year. The range and average of each
variable were then determined for the 1% rainfall cases at
each location. These values were analyzed at each location
and compared to the other study locations within the basin
to determine any trends or patterns within the 1% rainfall
events.
To better understand the in-depth methodology used
in this research, an ideal case was chosen and analyzed
using the methodology described in this section: September
12, 2008, at Wichita, KS. This event yielded the greatest
24-hour rainfall value for the study period in the basin
(261.9 mm of rainfall) and exceeded the next highest rainfall
event by nearly 100 mm. Beginning with the synoptic-scale
classification, the NARR data was used to analyze the 5day window leading up to the event. From the reanalysis,
it was determined that the 500 mb pattern for this event
was a positively tilted trough (Figure 4(a)). The NARR also
identified the location and influence of the southern Great
Plains low-level jet (LLJ) at 850 mb due to its prevalence
and ability to transport moisture from April to September
(Figure 4(b)) [34, 35]. Archived radar data was then used to
classify the event type on the mesoscale. The positively tilted
trough and moisture advection from the south resulted in a
large area of stratiform rain training over Wichita for much
of the day (Figure 4(c)). Finally, the near-event sounding
data was gathered and analyzed in order to understand

Advances in Meteorology

5
NCEP North American Regional Reanalysis
vector wind (m/s) composite mean

NCEP North American Regional Reanalysis
geopotential height (m) composite mean
5650
5700

NOAA/ESRL physical sciences division

5550
5600

5600

5400
5450
5500

40

5850
5550

35

5800

5600
5650

5650
5700

5750

5700
5750

30

5700

5800

5850

NOAA/ESRL physical sciences division

5900

5900

5750

25

5650
5600

20

5550
5800

5500
5800
5850

5850

5900

15

5450

10

5400

September 12, 2008 12Z

September 12, 2008 12Z
(a)

(b)

72451 (DDC) Dodge City (Awos)
100

200
300
400
500
600
700
800
900
1000
−40 −30 −20 −10
12Z September 12, 2008
(c)

0

40
10
20
30
University of Wyoming

(d)

Figure 4: The ideal case for Wichita, KS. (a) 500 mb, (b) 850 mb, (c) radar still, and (d) sounding for Dodge City.

the atmosphere’s thermodynamic profile during each 1% rainfall event (Figure 4(d) and Table 2). The sounding measured a
PWater value of 43.18 mm, which statistically lies between the
99th percentile and maximum value for climatology during
this time of year. The WCD of 438.2 mb was the deepest of
any case at this location, which consequently resulted in the
lowest LCL, highest freezing level, and highest −10∘ C level at
888.2 mb, 570 mb, and 450 mb, respectively.

3. Results
Due to the significant precipitation gradient across the
Arkansas-Red River Basin, the variability of precipitation
processes within this region is high. The synoptic conditions
at 500 mb were analyzed leading up to the date of the rainfall
events identified in this study (Table 3). The most prominent
pattern at 500 mb was the positively tilted trough which

Table 2: Sounding parameter values collected from the Dodge City
sounding for the ideal Wichita case.
Ideal case sounding information
Sounding Date
September 12, 2008, 12Z
Rainfall (mm)
261.9
PWater (mm)
43.18
CAPE (J/kg)
27.72
LCL height (mb)
888.2
Freezing level (mb)
570
450
Negative 10∘ C level (mb)
MLMR (g/kg)
13.36
𝐾-Index
33
WCD (mb)
438.2

was consistent with the findings of Smith and Younkin [36].
However, the number of cases with this pattern was not
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Table 3: The synoptic pattern at 500 mb leading up to the rainfall event at each location.

Positively tilted trough
Neutrally tilted trough
Negatively tilted trough
Short wave
Ridge
Tropical

Ft. Smith
9
1
0
5
4
1

Tulsa
5
1
2
6
3
1

Wichita
8
2
0
5
2
0

OKC
7
0
3
4
1
1

Synoptic pattern at 500 mb
Wichita Falls
Dodge City
3
7
1
0
0
3
7
4
2
1
1
0

Amarillo
6
0
2
2
4
0

Colorado Springs
5
0
3
2
7
0

Table 4: Percentage of cases per synoptic pattern at 500 mb by location.
Synoptic pattern at 500 mb
Ft. Smith Tulsa Wichita OKC Wichita Falls Dodge City Amarillo Colorado Springs Basin Total
Positively tilted trough 45.00% 27.78% 47.06% 43.75%
21.43%
46.67%
42.86%
29.41%
38.17%
Neutrally tilted trough
5.00%
5.56% 11.76% 0.00%
7.14%
0.00%
0.00%
0.00%
3.82%
Negatively tilted trough 0.00%
11.11%
0.00% 18.75%
0.00%
20.00%
14.29%
17.65%
9.92%
Short wave
25.00% 33.33% 29.41% 25.00%
50.00%
26.67%
14.29%
11.76%
26.72%
Ridge
20.00% 16.67% 11.76%
6.25%
14.29%
6.67%
28.57%
41.18%
18.32%
Tropical
5.00%
5.56%
0.00%
6.25%
7.14%
0.00%
0.00%
0.00%
3.05%
Table 5: Mesoscale classifications of the cases by location.

MCS
Stratiform rain
Boundary
Disorganized
Other

Ft. Smith
5
10
1
4

Tulsa
12
4
0
2

Wichita
12
4
1
0

OKC
9
3
0
3
1 (Erin)

expected. For Ft. Smith, Wichita, Oklahoma City, Dodge City,
and Amarillo, the positively tilted trough was the dominant
synoptic pattern. Statistically, 40% of all events within the
entire basin exhibited this 500 mb pattern. For the Tulsa
and Wichita Falls sites, the short wave classification was the
main synoptic pattern while the most prominent pattern at
Colorado Springs was a ridging pattern. The latter result
is consistent with the findings of Maddox et al. [15] but
could also be due to its western location in the basin and
higher elevation. Overall, the ridge pattern discussed in
Maddox et al. [15] yielded 18% of the rainfall events within
the basin (Table 4). Finally, the southernmost and eastern
sites included only limited 1% events associated with tropical
cyclone impacts, contributing to 3% of all cases in the basin.
The mesoscale classifications determined for each site are
displayed in Table 5. Throughout the basin, nearly 50% of
the rainfall events were classified as MCS. As such, the MCS
classification was the most prominent mesoscale feature in
the basin. Additionally, approximately 30% of the events were
classified as stratiform rain events (Table 6). Further, nearly
all the cold season (November–February) events at Ft. Smith,
Tulsa, and Wichita were stratiform events. All locations
that yielded MCS as the primary mesoscale classification

Mesoscale classifications
Wichita Falls
Dodge City
8
7
6
6
0
1
0
1

Amarillo
2
2
2
8

Colorado Springs
8
6
0
3

exhibited stratiform rain as the second most prominent
radar-indicated feature, which typically trailed the leading
convective line or MCS. The only locations that did not have
MCS as the most prominent mesoscale feature were Ft. Smith
(stratiform) and Amarillo (disorganized).
Data collected from the proximity soundings for each
location were also analyzed. Figure 5 displays the results of
the eight locations within the basin compared to variables
found from soundings. For example, Figure 5(a) plots the
magnitude of the rainfall compared with the time of year
the rainfall event occurred. The largest number of 1% rainfall
events occurred from April to October. The events that
occurred from November to March were mainly stratiform
events located in the easternmost part of the basin (Table 7).
Figure 5(b) displays the magnitude of the rainfall compared with the PWater values collected from the sounding
data. Overall, the locations to the west, as well as locations
with higher station elevation, had reduced PWater values
while locations in the eastern part of the basin with lower
elevations had greater PWater values. Further, while most of
the rainfall events had a magnitude between 50 and 100 mm
despite an increase in PWater values, the overall relationship
between the magnitude of the PWater and event magnitude
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Table 6: Percentage of event per mesoscale classification by location.

MCS
Stratiform Rain
Boundary
Disorganized
Other

Ft. Smith
25.00%
50.00%
5.00%
20.00%
0.00%

Tulsa
66.67%
22.22%
0.00%
11.11%
0.00%

Wichita
70.59%
23.53%
5.88%
0.00%
0.00%

OKC
56.25%
18.75%
0.00%
18.75%
6.25%

Mesoscale classifications
Wichita
Dodge City
Amarillo
57.14%
46.67%
14.29%
42.86%
40.00%
14.29%
0.00%
6.67%
14.29%
0.00%
6.67%
57.14%
0.00%
0.00%
0.00%

Colorado Springs
47.06%
35.29%
0.00%
17.65%
0.00%

Basin Total
48.09%
31.30%
3.82%
16.03%
0.76%

Table 7: Number of events occurring during the warm season (March–October) and cold season (November to February).

March–October
November–February

Ft. Smith
14
6

Tulsa
17
1

Wichita
16
1

OKC
16
0

was only weakly positive. Additionally, the sites located in
the eastern portion of the basin had a larger range of PWater
values while the cities to the west had a much smaller range.
When the magnitude of the rainfall events was compared
to the CAPE (Figure 5(c)), the results yielded that most
events had CAPE values less than 1000 J/kg. The magnitude
of the rainfall compared to the MLMR (Figure 5(d)) behaved
similarly to PWater in that the sites to the west yielded lower
values per event while sites to the east had higher values with
more variability. However, all values within the basin ranged
between 5 and 20 g/kg. Figure 5(e) displays the magnitude
of the rainfall compared to the WCD, and again, in general,
the locations to the west and with higher elevations had the
lowest cloud depths while the locations to the east and with
lower elevations had larger depths. In the central part of the
basin, the range of cloud depths was small, similar to locations
to the west, but the magnitudes were higher similar to the
locations in the east (Table 8). When the magnitude of rainfall
was compared to the freezing level (Figure 5(f)), the majority
of the rainfall events had a freezing level between 575 mb and
650 mb. Further, the average freezing level for the entire basin
was at 614.7 mb with limited variance in the average between
the eastern and western portions of the basin. The range of
values for the freezing level was also consistent throughout
the basin (Table 8).

4. Discussion
Comparing the PWater values to the PWater climatology
[37], approximately 86% of the events were above the 75th
percentile on the PWater climatology with less than 3% being
under the 50th percentile (Table 9). These events under the
50th percentile demonstrate that the magnitude of the rainfall
event is not a function of the magnitude of PWater as was
expected but a range of complex precipitation processes.
Even so, extreme anomalies of PWater (greater than the 99th
percentile) were associated with over 25% of the event cases.
The Arkansas-Red River Basin proved to be a unique area
in its variation of precipitation. The important zonal differences between the boundaries of this relatively small basin

Season
Wichita Falls
14
0

Dodge City
15
0

Amarillo
14
0

Colorado Springs
17
0

warranted further examination of how typical 1% rainfall
events’ characteristics vary from west to east. Representative
cases from Colorado Springs (located at the westernmost
point of the basin, on the lee-side foothills of the Rocky
Mountains, at an elevation of 1839 meters) and Fort Smith
(located on the eastern border of the basin at just 141.1
meters above sea level) were chosen by determining the 1%
rainfall event for each location that exhibited characteristics
most similar to the location’s average event magnitude and
sounding parameters in Table 8.
4.1. Colorado Springs Ideal Case. The representative 1% case
chosen for Colorado Springs yielded 63.2 mm of rainfall on
June 27, 2004, which is only slightly less than the average
event magnitude of 68.93 mm. Colorado Springs experienced
all of its 1% rainfall events between the months of April
and September. Therefore, late June is the true median of
the heavy rainfall season at this location (Figure 6(a)). This
event was classified on the synoptic-scale as a 500 mb ridge
axis event and on the mesoscale as an MCS, which are the
most common patterns found at this location (Tables 3 and
5). The PWater for this event was measured at 23.88 mm,
which is nearly consistent with the average location value
of 24.6 mm. Statistically, this value is between the 75th and
99th percentile of PWater values from soundings at this time
of year. This makes it an exceptionally high value but not
necessarily considered as extreme as the 24-hour rainfall. The
LCL, MLMR, WCD, and the freezing level observations were
also very close to the calculated average values (Figures 6(b)–
6(f)).
Colorado Springs is a unique location in the basin because
it is the only chosen site where precipitation-generating
events (convective, frontal, tropical, etc.) are altered by
orography [38]. Numerous studies and reviews on orographic
precipitation agree that heavy rainfall in mountainous areas
is commonly observed with a 500 mb ridge just to the east
of the incident area [3, 39–41]. The synoptic setup allows
for slow-moving storms due to the weak upper level flow
associated with ridging patterns. In addition to the synoptic
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300

250
Rainfall (mm)

250
Rainfall (mm)

Precipitable water

300

200
150
100

200
150
100
50
0

January

December

November

October

September

August

July

June

May

April

March

January

February

50

0

10

20
30
40
50
Precipitable water (mm)

60

70

Date
(b)

(a)

Convective available potential energy

250

250

200

200

150
100

150
100
50

50
0

Mixed layer mixing ratio

300

Rainfall (mm)

Rainfall (mm)

300

0

500 1000 1500 2000 2500 3000
Convective available potential energy (J/kg)

0

3500

0

5

10
15
20
Mixed layer mixing ratio (g/kg)

(c)

250

250

200

200

150
100

150
100
50

50
0
800

Warm cloud depth

300

Rainfall (mm)

Rainfall (mm)

(d)

Freezing level

300

25

750

700
650
600
Freezing level (mb)

550

500

Tulsa (SGF)/Tulsa Airport
Tulsa (OUN)
Wichita
Wichita Falls

Amarillo
Colorado Springs
Dodge City
Ft. Smith
Oklahoma City

(e)

0
100

200

300
400
500
Warm cloud depth (mb)

600

Tulsa (SGF)/Tulsa Airport
Tulsa (OUN)
Wichita
Wichita Falls

Amarillo
Colorado Springs
Dodge City
Ft. Smith
Oklahoma City

(f)

Figure 5: Basin composite graphs. (a) Annual distribution of 1% cases. (b) Magnitude of rainfall versus precipitable water. (c) Magnitude of
rainfall versus CAPE. (d) Magnitude of rainfall versus MLMR. (e) Magnitude of rainfall versus warm cloud depth. (f) Magnitude of rainfall
versus freezing level.
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Figure 6: Colorado Springs graphs. (a) Annual distribution of 1% cases. (b) Magnitude of rainfall versus PWater. (c) Magnitude of rainfall
versus LCL height. (d) Magnitude of rainfall versus MLMR. (e) Magnitude of rainfall versus freezing level. (f) Magnitude of rainfall versus
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Table 8: Minimum, maximum, and average values of sounding parameters for each location as well as the basin average.
Ft. Smith

Tulsa
(SGF)

Tulsa
(OUN)

Wichita

Min
Avg
Max

78.20
94.32
145.30

76.50
90.80
144.80

76.50
90.80
144.80

66.50
96.04
261.90

Wichita Falls Dodge City Amarillo Colorado Basin average
Springs
74.90
66.80
56.10
49.30
65.76
47.00
101.56
84.99
74.23
69.69
85.55
68.93
193.50
132.10
120.40
145.80
155.88
114.3

Min
PWater (mm) Avg
Max

25.17
42.68
61.67

27.51
39.66
54.29

20.65
41.05
57.96

12.19
31.34
43.18

20.65
43.53
58.58

Magnitude

OKC

28.70
47.32
60.20

20.33
36.68
46.58

23.65
34.24
47.84

10.41
24.60
35.05

20.96
37.77
51.71

CAPE

Min
Avg
Max

0.00
452.60
2166.00

0.00
283.01
1569.00

0.00
678.49
2549.00

0.00
0.00
737.99 743.40
2335.00 3018.00

0.00
909.87
2531.00

0.00
426.72
1756.00

0.00
509.37
1590.00

0.00
253.73
1084.00

0.00
551.86
2066.44

LCL (mb)

Min
Avg
Max

805.30
920.78
967.20

814.60
898.71
940.00

755.30
893.68
934.00

787.60
848.18
893.10

876.90
921.69
947.90

890.70
922.95
965.80

692.40
854.39
895.30

684.70
803.34
857.60

658.80
753.41
812.90

774.03
868.81
912.64

LCL (m)

Min
Avg
Max

322.00
767.20
1822.00

113.00
644.25
1463.00

305.00
784.44
2205.00

281.00 255.00
706.88 450.50
1953.00 805.00

250.00
646.46
1892.00

260.00
645.71
2410.00

301.00
830.57
1901.00

210.00
944.41
2136.00

255.22
711.04
1843.00

MLMR

Min
Avg
Max

6.46
12.77
17.67

7.80
12.68
16.04

6.66
13.38
17.65

5.37
11.98
14.82

10.71
14.59
18.44

6.62
14.49
19.18

7.55
12.27
16.66

8.76
12.03
14.17

4.67
9.70
13.51

6.82
12.59
16.46

𝐾-Index

Min
Avg
Max

24.80
33.47
40.80

24.30
33.71
42.20

13.50
33.92
43.20

15.90
32.62
47.20

13.50
34.64
43.20

35.80
38.08
43.30

28.30
33.68
46.40

28.90
36.33
42.50

N/A
N/A
N/A

20.99
33.98
43.64

Min
Freezing level Avg
Max

550.00
622.25
700.00

560.00
621.25
695.00

560.00
610.28
680.00

570.00
612.81
725.00

520.00
601.25
680.00

550.00
610.38
675.00

555.00
609.29
710.00

545.00
601.43
680.00

570.00
625.29
780.00

553.33
614.70
721.67

Neg. 10∘ C

Min
Avg
Max

425.00
501.50
575.00

440.00
497.50
560.00

440.00
493.33
550.00

450.00
507.88
635.00

420.00
488.13
560.00

439.00
493.46
555.00

450.00
487.86
590.00

445.00
482.86
550.00

450.00
501.76
600.00

439.89
495.53
575.00

WCD

Min
Avg
Max

265.30
419.28
532.60

321.80
401.20625
476.70

291.70
400.35
454.40

119.30
339.43
438.20

349.30
433.57
506.60

355.70
437.65
494.20

222.40
366.54
445.30

109.70
201.91
260.80

189.10
251.65
331.80

247.14
360.92
437.84

Table 9: Cases compared to the PWater climatology distribution by location.

Percentile
Min to 25th
25th to 50th
50th to 75th
75th to 99th
99th to max
Unknown

Ft.
Smith

Tulsa
(SGF)

Tulsa
(OUN)

0
0
3
10
7
0

0
0
2
13
1
0

1
0
0
11
6
0

Wichita OKC
0
0
4
8
4
1

0
1
2
5
7
0

PWater climatology range
Wichita
Dodge Amarillo Colorado
Falls
City
Springs
0
0
0
1
0
0
0
0
1
0
1
0
11
4
11
14
2
9
2
2
0
1
1
0

environment, a variety of mesoscale flow patterns and circulations have been identified to generate long-lasting heavy
precipitation events along the Front Range. The presence
of a moist, easterly low-level jet has been documented by
previous studies in Big Thompson, CO [40–42], during the

Basin
total

Percentage for basin

2
1
13
87
40
3

1.37%
0.68%
8.90%
59.59%
27.40%
2.05%

Mesoscale Alpine Program [43, 44] and in the northwest
Mediterranean area [45]. The zonal low-level jet transports
moist, unstable air that converges with southerly synoptic
flow along the mountain slopes. Another notable orographic
mesoscale feature is a cyclonic circulation that can form
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on the south side of the Rockies as a result of these lowlevel flows and convergence zones [8, 45, 46]. Rotunno and
Houze [44] emphasized the need for in-depth mesoscale
analysis simply because flows modified by orography can alter
the precipitation yield and its spatial distribution. Further
research could be achieved through reanalyses focused on
event features such as advection, upslope, and downslope
flows [47] or how rainfall intensity is correlated with humidity
anomalies and low-level mesoscale flows [48, 49]. A better
understanding of these events, specifically their fundamental
mesoscale processes, could improve forecasting and model
guidance for orographically enhanced rain events in the
populated, mountainous portion of the basin [38, 50].
4.2. Fort Smith Ideal Case. To compare the basin’s strong
spatial variations, the representative 1% case chosen for Fort
Smith produced 93.5 mm of rainfall on January 13, 2007. It
is important to note that even though this event occurred in
what is determined to be the cold season, it yielded entirely
liquid precipitation. This event total was less than 1 mm from
the average Fort Smith rainfall magnitude of 94.32 mm. For
this 1% rainfall case, a 500 mb positively tilted trough was
identified as the synoptic-scale forcing with subconvective
(less than 40 dBZ) radar returns [18]. Thus, this event was
classified as stratiform on the mesoscale. Table 3 shows that
the positively tilted trough is the most prominent synopticscale forcing mechanism observed at Fort Smith for 1%
rainfall events. The PWater observed in the sounding for
this event was 39.7 mm which was slightly less than the
location average of 42.68 mm, but still between the 99th
percentile and maximum PWater value in the climatology
for the Little Rock, AR, upper-air site for that time of year.
Even though this was a cold season event, the low LCL, deep
WCD, and high freezing level, combined high PWater values
(Figure 7), allowed for a significant rainfall event occurring at
the easternmost location in the basin.
The representative cases for the westernmost and easternmost locations in the Arkansas-Red River Basin are
inherently different not only quantitatively but in the types
of atmospheric forcings driving these 1% rainfall events. In
a study of extreme rain events by Schumacher and Johnson
[18], it was found that summer-time events are typically the
result of MCS moving over a particular location. The results
at Colorado Springs directly support this finding in the sense
that all of the 1% rainfall events occur in the warm season
and the prevailing mesoscale feature was in fact the MCS.
Schumacher and Johnson [18] further note that cold season
rainfall events are typically synoptic systems enhanced by a
strong baroclinic zone. This finding was also supported by the
results from the representative case study at the Fort Smith
location. A strong, low-level baroclinic zone was present over
Fort Smith the morning of the event, with the LLJ present at
850 mb. The LLJ served as a mechanism to transport moisture
from the Gulf of Mexico.
The results of this study yielded that cold season 1%
rainfall events only occurred in the eastern portion of the
basin (Table 7) which could be the reason for the larger range
of PWater values in the east in comparison to the western
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portion of the basin. This is due to the available transport
mechanisms in place for locations to receive necessary
moisture, despite it being the climatologically drier months
of the year. The western portion of the basin’s 1% events is
confined to the warm season months due to the absence of
this strong baroclinic zone and lack of moisture transport
from the southern plains LLJ as seen in the east.
4.3. Oklahoma City Ideal Case. While west to east differences
are intriguing, it is also important to note the findings in the
transition zone between the Rocky Mountains and the lowlying eastern portion of the basin. Oklahoma City was chosen
due to its metropolitan location in the heart of the ArkansasRed River Basin. The most prominent synoptic feature at
this location was the positively tilted trough, similar to the
pattern found in Fort Smith. This upper-atmospheric pattern
accounted for 7 of the 16 total 1% cases and also was the
direct forcing in the “ideal” case for Oklahoma City on June
14, 2010, that produced 193.5 mm of rain and significant local
flash flooding. On the mesoscale, seven of the total cases
were the result of MCS, similar to the mesoscale patterns
found at Colorado Springs. However, some of the greatest
rainfall events for Oklahoma City came from the stalling of
an outflow boundary, as well as the inland reintensification
of Tropical Storm Erin.
The June 14, 2010, event, fueled by a stationary convective
outflow boundary, contributed to the rainiest 2-day period
in Oklahoma City history [51]. The measured PWater was
near the top of all values for the 1% cases, reaching a
maximum value of 54.79 mm. This value statistically lies
between the 99th and maximum percentiles for OUN upper
air at this time of year. While it was expected that the highest
magnitude events would have the highest CAPE, some events
had extremely high CAPE while many had 0 J/kg of CAPE.
This case in particular had unusually high CAPE value of
1924 J/kg, unlike most other cases at any location in the
basin. It is important to note that the 𝐾-Index was high, as
expected, since this was a predominately convective event.
The moisture was advected from the Gulf of Mexico by the
LLJ which served as a type of atmospheric river from the
Caribbean called the “Maya Express” [52]. This resulted in
moisture convergence along the outflow boundary, prolonged
convection, and approximately 200 mm of rainfall [51].
On August 19, 2007, Tropical Storm Erin reintensified
over the Oklahoma City area producing 97 mm of rain. Erin
reintensified over land due to a large amount of evapotranspiration caused by heavy rainfall followed by a warming
trend in the prior weeks. On the day of the event, the LLJ
interacted with a strong low-level baroclinic zone, fueling
the rapid intensification of the cyclone. Interestingly, Tropical
Storm Erin recorded a lower surface pressure over land than
what was recorded over water during its life cycle [53]. The
observed PWater value was the most extreme of all the
1% cases, reaching a value of 58.58 mm, which statistically
lies between the 99th and maximum percentiles on the
PWater climatology. Similar to the June 14, 2010, case, Erin’s
reintensification had high MLMR and 𝐾-Index values as well
as the influence of the LLJ.
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Figure 7: Ft. Smith graphs. (a) Annual distribution of 1% cases. (b) Magnitude of rainfall versus PWater. (c) Magnitude of rainfall versus LCL
height. (d) Magnitude of rainfall versus MLMR. (e) Magnitude of rainfall versus freezing level. (f) Magnitude of rainfall versus WCD.
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5. Conclusions
Many conclusions can be drawn from the accumulated
datasets and analyses, but a few key findings were proven to
be the most profound:
(1) It was expected that the PWater value would increase
as a function of event magnitude at all locations. The
study found that a range of PWater values exists for
1% rainfall events of roughly the same magnitude at a
given location. Thus, while a weak positive correlation
exists between the magnitudes of the two variables,
the stronger relationship between the magnitudes
of the precipitation event was associated with the
departure from climatology at that time of year for
each location.
(2) The magnitude of CAPE had little to no correlation
with rainfall yield for any given event. At least one 1%
rainfall event at every location experienced an event
where 0 J/kg was measured, whereas other events
measured CAPE upwards of 1000 J/kg.
(3) The minimum threshold for an event to be considered
a 1% rainfall magnitude increased spatially from the
westernmost to the easternmost location. This was
expected as the precipitation gradient increases from
west to east in the Arkansas-Red River Basin.
(4) Warm season 1% rainfall events were documented at
all eight locations in the basin and were a result of
the mesoscale processes that drive convective rainfall.
Cold season 1% rainfall events only occurred at the
easternmost locations in the basin and were nearly all
classified as synoptically forced stratiform rainfall.
(5) WCD increased zonally from west to east at locations
across the basin. The shallowest depths were measured in the west and deepest warm clouds in the east.
It appears that this is due to the spatial availability of
moisture as well as the difference in elevation between
stations in the east and west. Eastern locations are
located at a lower elevation and thus have larger
WCD.
(6) The average observed freezing level for all 131 cases
in the basin was 614.7 mb. Unlike the other thermodynamic parameters, there was little east to west
variance in the average freezing level observed at each
location in the basin.
(7) The LLJ was identified as a low-level forcing at the
850 mb level in one-third of all the cases examined.
(8) MLMR values varied greatly for 1% rainfall events
at each location in the basin. It appears that this
variable was strongly dependent on the time of year
and available moisture in the atmosphere.
The ultimate goal of this research was to further the endeavors
of forecasting heavy precipitation events that could result
in flash flooding of areas in the Arkansas-Red River Basin.
This climatological analysis of heavy precipitation events
will provide forecasters with a readily available compilation
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of upper-atmospheric patterns and attributes of thermodynamic profiles specific to a location in the basin that are
conducive to these extreme events.
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Climate change and human activities are two major driving factors for variations in hydrological patterns globally, and it is
of significant importance to distinguish their effects on the change of hydrological regime in order to formulate robust water
management strategies. Hilbert-Huang transform-based time-frequency analysis is employed in this study to detect abrupt changes
and periods of the runoff at five hydrological stations in the Weihe River Basin, China, from 1951 to 2010. The key part of the method
is the empirical decomposition mode with which any complicated data set can be decomposed into small number of intrinsic mode
functions that admit well adaptive Hilbert transforms. Moreover, an attempt has been made to find out the specific reason for the
abrupt point at the five hydrological stations in the Weihe River Basin. The results are presented as follows: (1) annual runoff
significantly declined in the basin in intervals of 8∼15 years; (2) abrupt changes occurred in 1971, 1982, and 1994 at Huaxian, 1972
and 1982 at Xianyang, 1992 at Zhangjiashan, 1990 at Zhuangtou, and 1984 at Beidao; (3) changes were more frequent and complex
in the mainstream and downstream reaches than in tributaries and upstream reaches, respectively.

1. Introduction
Global climate changes and human activities are strongly
affecting the spatial and temporal patterns of river runoff and
other key hydrological variables [1–3]. Clearly, it is important
to characterize these changes and identify the causal factors
in order to formulate appropriate water management strategies [4, 5]. Thus, numerous authors have examined these
changes in diverse regions using various methods. Notably,
Richter et al. [6] studied changes in runoff of the Colorado
River employing a method called the Range of Variability
Approach (RVA), intended for application in cases where the
conservation of native aquatic biodiversity and protection of
natural ecosystem functions are primary river management
objectives. In a subsequent contribution, Richter et al. [7]
demonstrated the utility of the approach for assessing hydrological changes at sites throughout a river basin. Perreault et
al. [8] used a Bayesian approach to detect changes in annual
energy inflows of eight hydropower systems in Québec and
pointed out the (often neglected) need to consider hydrological variations for robust forecasting. Burn and Hag Elnur [9]

investigated 18 hydrological variables reflecting various components of hydrological cycles in a network of 248 Canadian
catchments selected to reflect natural conditions, using the
Mann-Kendall nonparametric test to detect abrupt changes
and trends in runoff. They observed more significant trends
than expected to occur by chance, with variations in geographic location implying that impacts of the causal factors
are not spatially uniform. Similarly, Bao et al. [10] used the
Mann-Kendall test to detect abrupt changes in runoff in the
Haihe and Kaidu River Basins of China, respectively. They
then quantitatively distinguished effects of climate variability
and human activities on runoff, which (as mentioned) is
essential for formulating appropriate regional water resources
assessment and management regimes.
In addition to Mann-Kendall and Bayesian approaches,
the Pettitt test [11] and two-stage linear regression [12, 13] have
also been used to detect changes in runoff series. However,
all of these methods have severe limitations for handling
highly complex nonlinear systems; thus, various nonlinear
analysis methods have been introduced recently. These methods include rescaled range analysis [14] and approximate
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entropy [15] techniques, which can solve the problems of
nonstationarity and nonlinearity, but the window size affects
the results. Wavelet transform analysis can also effectively
detect points of change [16–18], but false points may be
detected if an inappropriate wavelet function is selected, so
other diagnostic tools must also be applied.
In the late 1990s, NASA (the US National Aeronautics
and Space Administration) proposed an alternative method
of time series analysis [19], the Hilbert-Huang transform
(HHT), which combines empirical mode decomposition
(EMD) and the Hilbert transform [20]. EMD decomposes
complex signals of local characteristics into a series of finitely
intrinsic mode functions (IMFs), which are subjected to
the Hilbert transform to detect changes in their amplitude
and frequency over time, yielding three-dimensional (timeamplitude-frequency) spectra. Since changes over time in
the amplitude and frequency of the focal signals are captured, no physically significant harmonic is eliminated which
reflects nonlinear and nonstationary processes [21]. HHT
incorporates the advantages of wavelet analysis but also
provides higher resolution [22]. The EMD method is adaptive
to changes in local signals; thus it is highly suitable for
processing complex nonlinear and nonstationary signals [23].
Hence, the HHT approach is widely used to process diverse
signals in biomedical, chemical engineering, meteorological,
seismic, and speech recognition applications [24–26]. This
paper serves as an introduction to the HHT runoff time series
analysis. Thus, the method is applied to detect abrupt changes
in time series of runoff data collected at five hydrological
stations (Beidao, Xianyang, Huaxian, Zhangjiashan, and
Zhuangtou) in the Weihe River Basin from 1951 to 2010.

2. Study Area and Data
The Weihe River originates in Weiyuan County, Gansu Province, northwest China, and is the largest tributary of the
Yellow River. It passes through several major cities, including
Tianshui, Xianyang, and Weinan, situated in the southern
margins of the Loess Plateau, before discharging into the
Yellow River at Tongguan. The Weihe Basin covers an area
of 134,800 km2 , extending between longitudes 104∘ 00 E and
110∘ 20 E and latitudes 33∘ 50 N and 37∘ 18 N, the stream length
is 818 km, and the Qinling Mountains mark its southern
borders (Figure 1). The basin is in the continental monsoon
climate zone, with cold and dry winters as well as hot and
wet summers governed by the Mongolian and West Pacific
subtropical high pressure systems, respectively.
This study focuses on detecting changes of annual runoff
at the five hydrological stations which are Beidao, Huaxian,
Zhuangtou, Zhangjiashan, and Xianyang in Weihe River
of Northeastern China. The data analyzed here are annual
average runoff data collected at five hydrological stations
from 1951 to 2010 archived by the Weihe River Hydrological
Bureau. Three of these stations (Beidao, Xianyang, and Huaxian) are located in the mainstream reaches, while the other
two (Zhangjiashan and Zhuangtou) are in the largest and
second largest tributaries of the Weihe River; the River Jing
is 455 km long with basin areas of 454000 km2 , accounting
for 33.7% of the River Weihe Basin, whereas River Beiluo is
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Figure 1: Map of the Weihe River Basin showing the five hydrological stations and corresponding catchments.

680 km long with basin areas of 26,900 km2 accounting for
20% of the River Weihe Basin (Figure 1).

3. Methods
3.1. Empirical Mode Decomposition (EMD). EMD [19] sequentially decomposes time series of data into a series of
IMFs, with smoothing to eliminate riding waves. Each IMF
must have the same number of extreme values and zero
crossings, with its envelopes being symmetric with respect to
zero. The first condition is similar to the traditional narrowband requirements for a stationary Gaussian process, whereas
the second condition guarantees meaningful instantaneous
frequencies by turning global into local limits. EMD can
decompose any complex signal into finite numbers of IMFs,
as follows.
Suppose 𝑥(𝑡) is original time series; 𝑢(𝑡) is upper envelope
of 𝑥(𝑡); V(𝑡) is lower envelope of 𝑥(𝑡); 𝑚(𝑡) is the mean of
upper envelope and lower envelope.
First, local maximum and minimum values of the original
time series are calculated to acquire upper and lower envelope
sets: 𝑚(𝑡) = [𝑢(𝑡) + V(𝑡)]/2. If ℎ1 (𝑡) = 𝑥(𝑡) − 𝑚(𝑡), ℎ1 (𝑡) meets
the two conditions of an IMF. If not, local maximum and
minimum values are recalculated until ℎ𝑘 (𝑡) meets the two
IMF conditions, ℎ𝑘 (𝑡) is the first component 𝑐1 (𝑡) of the IMF,
and the residual part of the sequence is 𝑟1 (𝑡) = 𝑥(𝑡) − 𝑐1 (𝑡).
Finally, these steps are applied to the residual component
𝑟1 (𝑡) until it forms a monotonic sequence. The standard
deviation (SD) of the IMF is
𝑇

2

[ℎ (𝑡) − ℎ𝑘 (𝑡)]
.
SD = ∑ 𝑘−1 2
ℎ𝑘−1 (𝑡)
𝑡=0

(1)

ℎ𝑘 (𝑡) in formula (1) is the component of the IMF. When
the SD is ≤0.3, the IMF is deemed to have sufficient stability
for robust physical interpretation.
3.2. Hilbert Transformation. 𝑐𝑖 (𝑡) is the sequence of IMF. The
Hilbert transform of 𝑐𝑖 (𝑡) is defined as
𝑦𝑖 (𝑡) =

∞
𝑐𝑖 (𝑡) 
1
𝑑𝑡 .
𝑃∫
𝜋 −∞ 𝑡 − 𝑡

(2)
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Here, 𝑃 is the Cauchy principal value and 𝑦𝑖 (𝑡) is the Hilbert
transform of 𝑐𝑖 (𝑡). According to (2), when 𝑐𝑖 (𝑡) and 𝑦𝑖 (𝑡) are
complex conjugates, the following analytic signal is obtained:
𝑖𝜃𝑖 (𝑡)

𝐶𝑖 (𝑡) = 𝑐𝑖 (𝑡) + 𝑖𝑦𝑖 (𝑡) = 𝑎𝑖 (𝑡) 𝑒

.

(3)

Here, 𝑎𝑖 (𝑡) is the instantaneous amplitude and 𝜃𝑖 (𝑡) is the
phase, where


𝑎𝑖 (𝑡) = 𝑐𝑖 (𝑡) + 𝑖𝑦 (𝑡) = √𝑐𝑖2 (𝑡) + 𝑦2 (𝑡) ,
𝑦 (𝑡)
].
𝜃𝑖 (𝑡) = arctan [
𝑐𝑖 (𝑡)

(4)

And the corresponding instantaneous frequency 𝜔𝑖 (𝑡) is
[26]
𝜔𝑖 (𝑡) =

𝑑𝜃𝑖 (𝑡)
.
𝑑𝑡

(5)

The instantaneous frequency is a single-valued function
of time, and the time series of the Hilbert transform must
be a single component to make the instantaneous frequency
physically meaningful. When we need to predict runoff, 𝑟(𝑡)
component is ignored and the runoff sequence 𝑥(𝑡) can be
reconstructed as follows:
𝑛

𝑥 (𝑡) = Re {∑𝑎𝑖 (𝑡) exp (𝑗 ∫ 𝜔𝑖 (𝑡) 𝑑𝑡)} .

(6)

𝑖=1

Here, 𝑡 is the time and 𝑗 is imaginary unit. Re is the real
part of the complex.
The joint Hilbert-Huang spectrum is defined as


𝐻 (𝜔, 𝑡) = ∑𝑎𝑖 (𝑡) exp (𝑗 ∫ 𝜔𝑖 (𝑡) 𝑑𝑡) .


𝑖=1
𝑛

(7)

The joint spectrum is a full time-frequency distribution
that can accurately reflect the amplitude of the variation
across the band with the frequency and time.
In order to analyze the runoff series in greater detail and
verify the findings, the instantaneous frequencies and Hilbert-Huang spectra were examined.
3.3. Detecting Variant Points. Points of abrupt changes in
a focal time series (“mutation points”) are detected as follows. First, for the decomposition of the IMF components,
correlation coefficients between extreme values of each IMF
component and the original sequence are calculated, and
then the differences in amplitude and intervals of adjacent
maxima and minima are calculated. Abrupt changes are
located at positions of maximum absolute difference between
the extrema and the minimum intervals between them. In
other words, maxima of the first-order differentials for each
IMF component indicate points of significant change (usually
changes in the frequency and/or amplitude of runoff in this
context). In order to eliminate influence of different station
and different IMF, the absolute first-order differentials were
standardized. Frequency variations are reflected in changes

Table 1: Correlation coefficients of IMF components and original
sequence.

Beidao
Xianyang
Huaxian
Zhangjiashan
Zhuangtou

IMF1
0.768
0.703
0.722
0.759
0.697

IMF2
0.502
0.533
0.534
0.572
0.511

IMF3
0.215
0.258
0.232
0.197
0.225

IMF4
0.127
0.131
0.118
0.106
0.191

in the characteristic scales, while amplitude variations are
reflected in changes in peak values of the HHT spectra. Thus,
changes in peaks of the instantaneous frequency and the
HHT spectra can pinpoint locations of mutation points, as
outlined in the Results.

4. Results
4.1. Detection of Abrupt Changes. Positions of abrupt changes
(mutation points) in the runoff time series are detected by the
following:
Decomposing the original signal by EMD, seeking
IMF components (Figure 2) in accordance with formula (1).
Detecting the extrema in the sequence of IMF components.
Calculating differences in the amplitudes and intervals of adjacent maxima and minima and standardizing absolute of differences.
Identifying mutation points as positions where differences in extrema are maximal and differences in
intervals are minimal. That is the maximum value of
standardized coefficients (Figure 3).
The correlation coefficients (Table 1) for IMF1 and IMF2
are greater than 0.49, which exceeds the 95% significance
level. The years when differentials of the amplitude of IMF1
were maximal at five stations are shown in Figure 3.
As shown in Figure 3(b), there were abrupt changes in
runoff at Huaxian in 1971, 1982, and 1994. Abrupt changes
were also detected in 1984 at Beidao (Figure 3(a)), 1991 at
Zhuangtou (Figure 3(c)), 1994 at Zhangjiashan (Figure 3(d)),
and 1972 and 1982 at Xianyang (Figure 3(e)).
Hilbert transforms of each IMF component of the runoff
at Huaxian, and the average frequencies and amplitudes
obtained (from the arithmetic means of the frequencies and
amplitudes during the averaging periods, resp.), are shown in
Table 2.
It can be seen from Figure 2 and Table 2 that the amplitude and frequency of IMF1 to IMF4 at Huaxian successively
declined, while the wavelength successively increased. Cycles
in the runoff at this station with 8.21, 15.38, 25.64, and
32.25 periods, significant quasi 8∼15 yearly oscillations, and
a declining trend were detected. Significant changes in the
Hilbert-Huang spectral peaks occurred in 1971, 1982, and
1994, verifying the previous findings. Results of the analyses
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Figure 2: EMD coefficients of runoff at each hydrological station.
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Figure 3: Standardization absolute of IMF1 at each hydrological station.
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Table 3: The variation amplitudes of average runoff.
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Average runoff
(108 m3 )
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Beidao
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15.28
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—
53.4
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91.61
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—
35.7
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44.7
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—
69.5
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30.32
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Figure 4: The average annual runoff and the abrupt change points.
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Table 2: Statistical parameters of the IMFs.
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of runoff changes at Beidao, Xianyang, Zhangjiashan, and
Zhuangtou were verified using the same methodology.
4.2. The Amplitude Variation of Average Runoff. In order to
further explain the occurrence of the abrupt change points,
the amplitude variation of average runoff is calculated, as
shown in Figure 4 and Table 3.
The data in Figure 4 and Table 3 show that average
runoff has a significant decrease in Beidao, Zhangjiashan,
and Zhuangtou, 53.4%, 69.5%, and 41.4%, respectively. Meanwhile, there are periodic changes in Huaxian and Xianyang
in the study period. The average runoff of Huaxian was 9.161
billion m3 before 1971 but decreased to 5.895 billion m3
during the period of 1972 to 1982, increased to 7.262 billion m3
from 1983 to 1994, and dropped to 4.015 billion m3 in the past
several years. The average runoff of Xianyang is 5.509 billion
m3 before the first abrupt change point but decreased to 3.032
billion m3 from 1972 to 1982 and has increased to 3.357 billion
m3 since 1983. Its corresponding variation amplitude is 53.4%,
69.5%, and 41.4%, respectively.
4.3. Significance Test of the Mutation Points. Since annual
mean runoff series spanning periods with significant mutation points should significantly differ from a white noise
series (Gaussian distribution with mean 0 and variance

−7
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Figure 5: Results of significance test of detected abrupt change
points in runoff at Huaxian.

0.01), we compared the series examined here to computergenerated white noise to test the significance of the mutation
points. As shown in Figure 5, the results show that confidence
levels were ≥99% for one point (in 1982) and ≥95% for the
other two points (in 1971 and 1994). The abrupt changes in
runoff detected at the other hydrological stations (Beidao,
Xianyang, Zhangjiashan, and Zhuangtou) also met 95%
confidence criteria.

5. Discussion
Hydrological cycles and water resources are strongly influenced by climatic factors, such as El Niño events and global
climate changes, and human activities, such as large-scale
water conservation constructions and ecological restoration
measures [10, 27, 28]. The Weihe River Basin is in the continental monsoon climate zone of China and thus is affected
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by the West Pacific subtropical high pressure system. In 1972,
weakness of this system in combination with development of
an El Niño event caused substantial atmospheric circulation
and climate anomalies in China [29], leading to a sharp fall in
precipitation in the Weihe River Basin, thus contributing to
the mutation point detected in that year. In 1982, another El
Niño event occurred (the strongest warming event in the 20th
century), which had a substantial climatic impact on China
during the summer, including another major turning point
in precipitation in the basin. In 1994, a third ENSO event
occurred, while the West Pacific subtropical high pressure
system was strong, resulting in a further significant drop
(14.9%) in precipitation in the basin [30], which substantially
contributed to a 42.4% reduction in average annual runoff.
However, human activities have also markedly influenced runoff patterns. Notably, the construction of terraces,
reservoirs, and irrigation canals (e.g., the Dongfanghong
pumping and Wei irrigation installations constructed in 1970
and the Baojixia canal completed in 1971), and other water
conservancy measures, reduced the efficiency and runoff
of watershed source area. Completion of the Fengjiashan
reservoir contributed to anomalous conditions in 1982, and
continuous increases in industrial and agricultural water
consumption, combined with climate change, contributed to
both the abrupt change of runoff in 1994 and its tendency to
decline. Similarly, increases in the area irrigated by the Jinghui
and Huiluo canals, fed by the Jinghe and Beiluohe Rivers,
respectively, contributed to both abrupt changes in runoff and
the significantly declining trend detected at Zhangjiashan and
Zhuangtou [27, 28]. In addition, other reference information
[29, 30] of Wei River has shown that there is a certain
relationship of precipitation, evaporation, and runoff. Since
the 1960s, Wei River annual precipitation has been decreasing
in Wei River Basin and an abrupt change of precipitation in
1982 and a sharp variation of evaporation occurred in 1993.

7
(1991), and Beidao station (1984). That is, one mutation point is detected in the tributary, two mutation
points are detected in the upstream reaches, and
three mutation points are detected in the central
mainstream and downstream station. These findings
indicate that changes were more frequent and complex in the mainstream and downstream reaches than
in tributaries and upstream reaches, respectively, presumably because the mainstream reaches are affected
by changes in all of their tributaries and all points
upstream.
(3) The reductions of average annual runoff in Beidao (in
the upstream reaches), Zhangjiashan, and Zhuangtou
(in the tributary) are 53.4%, 69.5%, 41.4%, respectively. The study period can be divided into four stages
by three abrupt change points in Huaxian (in the
mainstream reaches and downstream reaches), and
the amplitude variation of average runoff is 35.7%,
23.2%, and 44.7%, respectively. The period 1951–2010
can be divided into three stages, and the amplitude
variation of average runoff is 45.0% and 10.7% in
Xianyang (in the midstream reaches).
(4) ENSO events, variations in West Pacific subtropical
high pressure systems, and various identified human
activities appear to have contributed to the changes
in runoff. However, sunspot activity patterns, other
climatic factors, and other human activities may also
have contributed. Thus, further research is required to
elucidate the causal factors comprehensively.
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(1) The instantaneous frequencies and IMFs, calculated
as described above, show multitimescale features
with significant 8∼15-year periods. Significant (𝛼 =
0.05) decreasing trends in annual runoff throughout
the study period were detected at four hydrological stations at Beidao, Huaxian, Zhangjiashan, and
Xianyang but at Zhuangtou it increased before 1968
and then decreased. Thus, annual runoff significantly
declined throughout the Weihe River Basin.
(2) During the period of records, the Weihe River Basin
has been becoming drier. Meantime, the local human
activities have become more and more extensive.
Because of climate changes and a series of water conservancy measures, there are 3 changes of Weihe
River runoff in Huaxian station (1971, 1982, and 1994),
two in Xianyang station (1972 and 1982), and one
in Zhangjiashan station (1992), Zhuangtou station
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Many downscaling techniques have been developed in the past few years for projection of station-scale hydrological variables
from large-scale atmospheric variables to assess the hydrological impacts of climate change. To improve the simulation accuracy of
downscaling methods, the Bayesian Model Averaging (BMA) method combined with three statistical downscaling methods, which
are support vector machine (SVM), BCC/RCG-Weather Generators (BCC/RCG-WG), and Statistics Downscaling Model (SDSM),
is proposed in this study, based on the statistical relationship between the larger scale climate predictors and observed precipitation
in upper Hanjiang River Basin (HRB). The statistical analysis of three performance criteria (the Nash-Sutcliffe coefficient of
efficiency, the coefficient of correlation, and the relative error) shows that the performance of ensemble downscaling method
based on BMA for rainfall is better than that of each single statistical downscaling method. Moreover, the performance for the
runoff modelled by the SWAT rainfall-runoff model using the downscaled daily rainfall by four methods is also compared, and the
ensemble downscaling method has better simulation accuracy. The ensemble downscaling technology based on BMA can provide
scientific basis for the study of runoff response to climate change.

1. Introduction
Global climatic changes could lead to changes in regional
water availability. Such hydrologic changes will affect nearly
every aspect of human well-being, from agricultural productivity, energy use, flood control, to municipal and industrial
water supply, fish and wildlife management. The tremendous
importance of water in both society and nature underscores
the necessity of understanding how a change in global climate
could affect regional water supplies [1]. General circulation
models (GCMs), which are numerical coupled models and
describe the atmospheric processes through mathematical
equations, have been one of the most important tools for
studying climate change. GCMs represent various earth
systems including the atmosphere, oceans, land surface, and
sea ice and offer considerable potential for studying climate
change. At large scales, GCMs which have been steadily

evolving over several decades are able to simulate the most
important features of the global climate, and simulations are
most reliable over the tropical regions [2]. However, these
same models perform poorly at smaller spatial and temporal
scales relevant to regional impact analyses [3, 4]. Because the
spatial resolution of GCMs grids is too coarse to resolve many
important subgrid scale processes, GCMs outputs are often
unreliable at individual grid and subgrid box scales [1, 5].
One possible solution to overcome this problem is to
downscale the output from GCMs to a higher resolution
in space/time and then to use scenario output in local
water management. The basic idea of downscaling is to
transfer large-scale changes in atmospheric variables (predictors), reliably simulated from GCMs, to local weather
series (predictands) [6]. To deal with this issue several
downscaling methodologies, such as dynamic downscaling
and statistical downscaling, have been developed. Dynamic
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Figure 1: The technical route of this study.

downscaling refers to the use of regional climate models
(RCMs), or limited-area models (LAMs) which employ largescale and lateral boundary conditions from GCMs to produce
higher resolution outputs [7]. The statistical downscaling
methodology has many obvious drawbacks like the uncertain
assumption of applicability in a future climate, but it is a
computationally cheap and statistically sound complement
to dynamical downscaling. It is notable that predictor and
predictand can be the same parameter on different scales, but
statistical methods can freely select any variable as predictor
as long as it can be motivated. Several existing statistical
downscaling methods have been applied in different climate
regions [1, 4]. More sophisticated statistical downscaling
methods are generally classified into three groups [7]: regression models (e.g., CCA, SVM), weather typing schemes,
and weather generators (e.g., LARS-WG, BCC/RCG-WG).
Studies comparing different statistical downscaling methods
are now relatively common [4, 8–10]. The results of these
studies have shown that different methods have different
performance in a certain area, and a certain method has
different performance in different study areas. Since different
methods have strengths in capturing different aspects of the
downscaling, combining the results from diverse methods by
weighting procedures can present a better performance than
any individual method [11–13].
The early combination techniques employed such tools as
simple model average, linear regression, and artificial neural
network [14–17]. These methods use a set of deterministic
weights to combine multiple model outputs, and the weights
in such combination can take any arbitrary real (positive
or negative) values that lack physical interpretations [18].
Bayesian Model Averaging (BMA) came to prominence
in statistics in the mid-1990s, and Madigan and Raftery
[19] were the first to propose this method for combining

predictions. Subsequently, Raftery [20] and Draper [21] gave
more detailed discussion about BMA. It has been applied in
diverse fields such as economics [22], biology [23], ecology
[24], public health [25], toxicology [26], meteorology [27],
and management science [28]. In many case studies, BMA
produces accurate and reliable predictions and was shown
to be a better scheme than other model-combining methods
[29–31]. In recent years, hydrologists have also applied BMA
to hydrologic modelling, such as groundwater [32] and
rainfall-runoff modelling [18, 33, 34].
The BMA method has the ability to improve the accuracy
of the prediction; only a few studies have applied BMA to
downscaling methods. For example, Yang et al. [35] used
the BMA ensemble method to reduce the uncertainties in
lateral boundary forcing and improve model performance
in regional climate downscaling. Three statistical downscaling models are combined together by using BMA method
in this study, which aims to investigate the potential use
of BMA in downscaling GCM simulations in the upper
Hanjiang River Basin (HRB), China. The three statistical
downscaling techniques used here are as follows: (i) support
vector machines (SVM) model [36, 37]; (ii) BCC/RCGWeather Generators (BCC/RCG-WG) [38, 39], and (iii)
Statistics Downscaling Model (SDSM) [40]. More specifically,
the following objectives have been set for this paper: (1)
to establish the statistical relationship between large-scale
circulation (using NCEP/NCAR reanalysis data) and precipitation in the upper HRB by using these three downscaling
methods; (2) to combine the three downscaling models by
using BMA method; and (3) to assess the performance of
ensemble downscaling method based on BMA for rainfall
and runoff modelled by SWAT model in the upper HRB. The
technical route of the research in this paper is described in
Figure 1.
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Figure 2: Location of the meteorological and hydrological stations
in upper HRB.

This paper is organized as follows. First, the details of the
study area, station-observed data, NCEP/NCAR reanalysis
data, and digital watershed data used in the study are
described. This is followed by a description of the downscaling methods, BMA method, and hydrological model. The
results are then presented followed by a discussion and finally
the conclusions are presented.

2. Study Area and Data
2.1. Study Area. The selected area for this study is upper HRB
as shown in Figure 2. It is located in Shanxi Province and
Hubei Province of China and the total area is approximately
95200 km2 . The length of main stream is 925 km which takes
up 59% of the total length of the Hanjiang River. The basin
has a subtropical climate and the area is humid with fairly
high precipitation. The mean annual rainfall is 904 mm.
The precipitation distribution in this area changes greatly in
time and space, and the amount of precipitation is mainly
concentrated in summer.
2.2. Data Collection
2.2.1. Station-Observed Data. The meteorological data series
of nine stations from 1961 to 2009 is selected in the study area.
The observed data are provided by the Shared Services Network of the China Meteorological Administration. The data
include daily average temperature, maximum temperature,
minimum temperature, precipitation, relative humidity, average wind speed, and sunshine hours. The monthly streamflow
data of Danjiangkou (DJK) Reservoir which controls the
watershed, from 1961 to 2009, is also included. The locations
of these meteorological stations and hydrologic station are
shown in Figure 2.
2.2.2. NCEP/NCAR Reanalysis Data. The atmospheric predictor data for 1961–2009 used to calibrate and validate the
downscaling methods were obtained from the NCEP/NCAR
reanalysis data at 2.5∘ by 2.5∘ grids. The upper HRB covers
12 grids (seen in Figure 3). The NCEP grids are interpolated
spatially into the meteorological stations by using the inverse
distance weighting method.

30∘ 0 N

30∘ 0 N
105∘ 0 E

107∘ 30 E

110∘ 0 E

112∘ 30 E

Meteorological station
Main stream
Study area

Figure 3: The NCEP grids of upper HRB.

When establishing the statistical downscaling models,
selection of predictors is one of the most critical steps and
three criteria should be followed [5]. The complexity of the
models can be effectively reduced while the predictors that
have significant impacts on the predictands are selected.
At the same time, the predictors that have no significant
impacts on the predictands should be excluded to eliminate
redundant information and avoid introducing additional
interference factors. According the previous studies [5, 41], 10
alternative predictors are chosen by stepwise regression and
correlation analysis combining the criteria and climate characteristics of HRB based on NCEP reanalysis data including
26 atmospheric circulation factors for each grid point (seen
in Table 1).
2.2.3. Digital Watershed Data. This study uses the GTOPO30
digital elevation model (DEM) provided in downloadable
form by the US Geological Survey (USGS). Based on these
data, the watershed DEM and stream networks are extracted
and divided into subwatersheds (seen in Figure 1). The soil
spatial distribution data are obtained from the soil database
of the Institute of Soil Science of Nanjing, China Academy
of Sciences, and are classified according to the soil subclasses
under the class of land resources and environment in the
Chinese Resources and Environment Database. The spatial
distribution data of land use are obtained from the national
land cover framing TIF maps (30 m spatial resolution) provided by the State Bureau of Surveying and Mapping and are
classified into 12 categories according to the Soil and Water
Assessment Tool (SWAT) parameter database of land use in
the United States.

3. Methods
3.1. Statistical Downscaling Methods
3.1.1. SVM. The foundations of SVM have been developed by
Vapnik [42, 43], initially for optical character recognition. In
recent times, SVM approach is recognized for its ability to
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Table 1: NCEP alternative predictors.

Predictors
Temp
p500
p850
r500
r850
mslp
p5 u
p8 u
p5 v
p8 v

Physical meaning

Units

Near-surface air temperature
500 hPa geopotential height
850 hPa geopotential height
Relative humidity at 500 hPa height
Relative humidity at 850 hPa height
Mean sea level pressure
Zonal velocity at 500 hPa height
Zonal velocity at 850 hPa height
Meridional velocity at 500 hPa height
Meridional velocity at 850 hPa height

K
m
m
%
%
Pa
m/s
m/s
m/s
m/s

capture nonlinear regression relationships between variables
[36, 37, 44]. The SVM model has been used as a downscaling
technique for predicting precipitation of different regions and
proven to be effective for downscaling precipitation [41, 45].
The least square support vector machine (LS-SVM) which
provides a computational advantage over standard SVM [46]
is a least squares version of SVM, where the solution to the
optimization problem is found by solving a set of linear equations instead of a convex quadratic programming for classical
SVMs. Because the final decision function of SVM is only
determined by support vector, its complex degree depends on
the number of support vectors, rather than the dimensions of
the sample space (factor), so more forecast factors reflecting
more space change in the atmosphere can be chosen. In this
study, the optimal model is established through parameter
(between predictors and predictands) optimization using 10
primary predictors as prediction factors of the SVM.
3.1.2. BCC/RCG-WG. BCC/RCG-WG is named for the
weather generator developed by Beijing Climate Center of
China Meteorological Administration (CMA) and Regional
Climate Group at the University of Gothenburg [39]. Due
to its stochastic framework for the daily climatic variables,
BCC/RCG-WG allows us to generate arbitrarily long series
to meet the needs of impact assessment and risk analysis of
climate change, and so forth. Liao et al. [38, 39] have shown
that BCC/RCG-WG can successfully simulate daily precipitation and nonprecipitation variables including maximum
temperature, minimum temperature, and sunshine hours in
China. The input data is temperature decreasing degree and
precipitation increasing/decreasing percentage. In this study,
the input data are calculated from the monthly temperature
and precipitation from 1991 to 2009 and the monthly mean
across the years during this period.

have shown that SDSM has superior capability to capture
local-scale climate variability [9, 10, 40]. In this study,
SDSM is established using NCEP/NCAR reanalysis data and
observed data. The first 30 years (1961–1990) is used for
calibrating the model, and the remaining 19 years (1991–
2009) is used to validate the model. The corresponding
predictors for precipitation and average temperature of each
meteorological station are filtered out, respectively, from the
10 primary predictors by screening of variables in SDSM
application program and partial correlation analysis. During downscaling precipitation, the process of the model
is conditional because the amount of precipitation is the
first condition to determine the probability of wet days
and the probability of wet days is related to the large-scale
predictors.
3.2. Ensemble Downscaling Method Based on BMA
3.2.1. Bayesian Model Averaging. The BMA probability density function (PDF) is a weighted average of the conditional
PDFs given each of the individual models, weighted by
their posterior model probabilities. BMA possesses a range
of theoretical optimality properties and has shown good
performance in a variety of simulated and real data situations
[31]. Consider a quantity 𝑃 to be predicted on the basis of
training data 𝐷 = [𝑋, 𝑌] (𝑋 denotes input forcing data and 𝑌
stands for the observational rainfall data). 𝑓 = [𝑓1 , 𝑓2 , . . . , 𝑓𝑘 ]
is the ensemble of the 𝐾-member predictions. The posterior
distribution of the BMA prediction is thus given as
𝐾

𝑝 (𝑃 | 𝐷) = ∑ 𝑝 (𝑓𝑘 | 𝐷) ⋅ 𝑝𝑘 (𝑃 | 𝑓𝑘 , 𝐷) ,

where 𝑝(𝑓𝑘 | 𝐷) is the posterior probability of the prediction
𝑓𝑘 given the training data 𝐷 and reflects how well model
𝑓𝑘 fits 𝑌. The posterior model probabilities add up to one,
and they can thus be viewed as weights. 𝑝𝑘 (𝑃 | 𝑓𝑘 , 𝐷) is
the conditional PDF of the prediction and 𝑃 conditional on
𝑓𝑘 and training data 𝐷, and it is always assumed to be a
normal PDF and is represented as 𝑔(𝑃 | 𝑓𝑘 , 𝜎𝑘2 ) ∼ 𝑁(𝑓𝑘 , 𝜎𝑘2 ),
where 𝜎𝑘2 is the variance associated with model prediction 𝑓𝑘
and observations 𝑌. In order to make this assumption valid,
some techniques such as Box-Cox transformation are needed
to make the data approximately normally distributed and to
narrow the data range. In the case that the observations and
individual model predictions are all normally distributed, the
BMA predictive model is then
𝐾

𝐸 (𝑃 | 𝑓, 𝐷) = ∑ 𝑝 (𝑓𝑘 | 𝐷) ⋅ 𝐸 [𝑔 (𝑃 | 𝑓𝑘 , 𝜎𝑘2 )]
𝑘=1

3.1.3. SDSM. The SDSM is a decision-support tool for assessing local climate-change impacts using a robust statistical
downscaling technique. It was developed by Wilby et al.
[40]. SDSM uses a hybrid stochastic weather generator and
a multilinear regression method to simulate local variables
of regional circulation and atmospheric moisture predictors
[47]. The model has been applied in many catchments in
North America [48] and Europe [40, 49]. Previous studies

(1)

𝑘=1

𝐾

(2)

= ∑ 𝑤𝑘 ⋅ 𝑓𝑘 ,
𝑘=1

where 𝑤𝑘 is the posterior probability of forecast 𝑓𝑘 being the
best one and is based on forecast 𝑓𝑘 ’s performance in the
training period. The 𝑤𝑘 ’s are probabilities and so they are
nonnegative and add up to 1; that is ∑𝐾
𝑘=1 𝑤𝑘 = 1.
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3.2.2. EM Algorithm for BMA Parameter Estimation. To
estimate BMA weight 𝑤𝑘 and model predication variance 𝛿𝑘2 ,
the Expectation-Maximization (EM) algorithm has proved
to be an efficient technique for BMA calculation based on
the assumption that 𝐾-member predictions are normally
distributed [33].
3.3. Hydrological Model
3.3.1. Introduction of SWAT. The Soil and Water Assessment
Tool (SWAT) is chosen to simulate the hydrological processes
in this study. The SWAT is a newly developed model that can
be applied to a large ungauged rural watershed with hundreds
of small subwatersheds. It was developed in the early 1990s
by the US Department of Agriculture’s Agricultural Research
Service. SWAT can be applied to large-scale river basins and
in different time scales. It has been used extensively worldwide and shown to adequately reproduce the hydrological
response of watersheds across a range of geographical regions
and climates. SWAT is a physically based model able to
estimate the impact of land uses on water, sediment, and
agricultural chemicals on subcatchment and or land use unit
scales over long periods of time, as well as responses of climate
factors, for example, precipitation and evaporation, spatial
variation of underlying surface factors, and human activities.
By now, the SWAT model has been widely used in domestic and international basins for simulation of watershed
hydrologic processes and hydrologic responses under the
conditions of climate change and land use change, evaluation
of human activities’ impacts on ecological environments, and
planning and management for regional water sources [31, 50,
51].
3.3.2. Simulation Methods. The precipitation input of the
SWAT model is the daily precipitation at 9 stations. The model
then calculates the areal precipitation for each subcatchment
by using spatial interpolation method. Since only the daily
precipitation data are available, the surface streamflow is
estimated using the Soil Conservation Service (SCS) runoff
curve number method. The Priestley-Taylor method was
selected to calculate potential evapotranspiration (PET).
According to the relationship between sensible heat flux
and latent heat flux in wet surfaces and depending on the
idea of evapotranspiration balance, Priestly and Taylor put
forward the PET calculation formula under low-advective
conditions. This method takes into consideration several
meteorological elements such as solar radiation, soil heat flux,
air temperature, and relative humidity. It has been proved to
be applicable for calculating PET in humid areas by many
researchers [52–54]. For river flood routing, the Muskingum
method is adopted. The time scale of the streamflow simulation is monthly and the evaluation objective of parameter
calibration is monthly streamflow efficiency coefficient.
3.3.3. SWAT Parameter Calibration. There are numerous
parameters in the SWAT model, which can be classified
into two types. Parameters of the first type can be directly
determined by their physical meaning. The values of those
attribute parameters such as soil physical properties and
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land use/land cover properties can be determined via the
SWAT model database. Parameters of the second type are
mainly related to discharge, including initial SCS runoff curve
number for moisture condition (CN), available water capacity
of the soil layer (SOL AWC), soil evaporation compensation factor (ESCO), groundwater reevaporation coefficient
(GW REVAP), and the baseflow recession constant (ALPHABF). This paper focuses on the watershed streamflow simulation and optimization of the second type of parameters.
The parameter calibration process follows several principles:
give upstream priority over downstream; first adjust the
water balance and then the flow duration curve; and first
adjust the surface flow and then the soil water, evaporation,
and underground streamflow [31, 50, 51]. In view of the
complexity of the SWAT model, both automatic and manual
calibration methods are used to optimize the second type of
parameters.
3.4. Performance Criteria for Evaluating the Simulation. The
Nash-Sutcliffe coefficient of efficiency (NSC), the coefficient
of correlation (RC), and the relative error (ERR) (%) are used
to measure model performance. The expressions are given by
NSC = 1 −

RC =

𝑖
𝑖
− 𝑋sim
)
∑𝑛𝑖=1 (𝑋obs

2

2

𝑖
− 𝑋obs )
∑𝑛𝑖=1 (𝑋obs

,

𝑖
𝑖
∑𝑛𝑖=1 (𝑋obs
− 𝑋obs ) (𝑋sim
− 𝑋sim )
2

2

,

(3)

𝑖
𝑖
√ ∑𝑛𝑖=1 (𝑋obs
− 𝑋obs ) ∑𝑛𝑖=1 (𝑋sim
− 𝑋sim )

ERR =

𝑖
𝑖
− ∑𝑛𝑖=1 𝑋obs
∑𝑛𝑖=1 𝑋sim
× 100%,
𝑛
𝑖
∑𝑖=1 𝑋obs

𝑖
is the observed data
where 𝑛 is the number of time steps, 𝑋obs
𝑖
at time step 𝑖, 𝑋sim is the simulated data at time step 𝑖, 𝑋obs is
the mean value of the observed data, and 𝑋sim is the mean
value of the simulated data. The closer the values of NSC
and RC are to 1, the more successful the model calibration
or validation is. Simulations are considered satisfactory when
ERR is below 10% and excellent when ERR is less than 5%.

4. Results and Discussion
4.1. Precipitation Downscaling Results. In this study, the first
30 years (1961–1990) is chosen for calibrating the models
and the remaining data (1991–2009) are used for validation.
The three models are tested for the period 1991–2009 for
reproduction of various daily precipitation statistics. All
downscaling methods are used with the same set of predictors
for training. To assess the accuracy of the three downscaling
models in producing rainfall inputs for hydrological model,
a comparison of the predictors is selected including mean
precipitation, 95th-percentile-of-rain-day amounts (P 95q,
mm), largest 5-day total rainfall (P M5, mm), maximum
length of wet spell (CWD, days), maximum length of dry
spell (CDD, days), and percentage of days long-term exceeding 90th percentile (R90t, %). The values of indictors are
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Table 2: Results of three statistical downscaling methods (calibration and validation).
Calibration
SVM
BCC/RCG-WG

Validation
SVM
BCC/RCG-WG

Statistical
indicators

Season

SDSM

Observation

Mean/mm

Spring
Summer
Autumn
Winter
Annual

2.30
4.33
2.95
0.37
2.49

2.17
4.41
2.78
0.42
2.46

2.04
4.19
2.70
0.46
2.23

2.12
4.37
2.83
0.39
2.38

1.76
4.03
2.01
0.41
2.06

1.61
4.06
2.12
0.45
2.27

1.54
3.75
1.83
0.51
2.32

1.83
4.19
2.05
0.43
2.15

P 95q/mm

Spring
Summer
Autumn
Winter
Annual

22.96
41.98
26.98
7.58
28.51

18.72
35.51
25.41
5.74
23.99

17.48
30.84
20.56
4.97
20.93

20.92
36.2
23.96
6.13
25.65

22.85
41.25
24.88
7.71
28.85

18.22
31.56
22.28
5.47
23.06

17.71
30.69
20.3
4.88
21.13

18.91
34.69
21.14
5.53
23.83

P M5/mm

Spring
Summer
Autumn
Winter
Annual

114.16
233.99
171.39
36.09
236.46

122.68
190.81
178.52
32.14
216.87

111.79
165.14
134.62
28.98
171.33

126.21
207.7
155.47
31.32
213.85

98.83
213.71
126.44
33.15
214.35

93.37
181.54
123.59
23.86
186.23

90.92
180.13
109.81
24.09
186.82

99.56
181.07
124.24
22.9
185.66

CDD/d

Spring
Summer
Autumn
Winter
Annual

23
19
25
49
47

20
17
23
37
36

18
13
23
33
31

19
18
22
38
36

20
23
26
54
53

21
24
29
50
41

15
11
17
25
26

24
20
26
40
38

CWD/d

Spring
Summer
Autumn
Winter
Annual

10
12
17
10
17

11
11
16
9
19

15
17
19
14
20

11
13
17
7
18

9
11
15
7
15

8
9
12
6
13

15
18
20
13
23

8
10
10
6
11

R90t/%

Spring
Summer
Autumn
Winter
Annual

39
63
46
6
51

36
59
47
7
52

44
65
51
5
54

37
60
44
4
48

36
64
42
5
50

40
61
39
4
50

44
66
51
5
54

38
62
43
3
50

Observation

shown in Table 2. The observed and predicted monthly
precipitation time series during the validation period are
shown in Figure 7(a), and the comparisons between observed
monthly precipitations with monthly precipitations predicted
by SDSM, SVM, and BCC/RCG-WG are shown in Figures
7(b)–7(d).
It can be seen that there is a small difference between
the simulated and observed mean daily precipitation in all
three methods. It is also evident that the simulation results
of P 95q and CDD obtained by BCC/RCG-WG are close to
those simulated by SVM and SDSM, while the other statistical indicators’ simulation results by BCC/RCG-WG have
a relatively large deviation. In addition, SDSM has a slight
advantage compared with SVM in the simulation results
of P 95q and R90t, showing that SDSM performs better
at simulating precipitation extreme values. SVM is more
effective to simulate CDD, and other indicators are similar
to SDSM simulated results. The result of continuous dry days

SDSM

is better than continuous wet days, but both of the results are
smaller compared with the observed variance. Therefore, the
simulation accuracy for rain/no rain event needs to be further
improved. SDSM has no significant advantage in individual
indicator simulation but is slightly better than other two
methods in overall stability through comparing simulation
results of different seasons. In general, the SVM model can
simulate rainfall distribution characteristics in the year better,
while it is a little less than SDSM on the accuracy of extreme
values in precipitation. This may be related to SDSM by
precipitation of conditional probability to estimate rainfall.
The comparison results shown in Figure 7 also indicate
that BCC/RCG-WG performed worse than SDSM and SVM,
while SDSM performed a little better than SVM. The reason
for the poor simulation by WG in recent years is associated
with the parameter estimations using observed climate data
before the year 2000. Since SDSM and SVM require the
input of meteorological factors in corresponding years to
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Figure 4: Comparison between simulated and observed monthly
streamflow in the study area during calibration periods of 1961–1990.

Month
Precipitation
Observed runoff
Simulated runoff

Figure 5: Comparison between simulated and observed monthly
streamflow in the study area during validation periods of 1991–2009.

predict precipitation by using the established relationships
between meteorological factors and precipitation, the results
are relatively better than those obtained by BCC/RCG-WG.
Comparing SVM and SDSM, the results by SDSM are a little
better than SVM because all 10 factors in Table 1 were used
in SVM, while the meteorological factors of each station
are screened and the factors which correlated well with the
precipitation are chosen in SDSM (see Table 6).
4.2. Simulation Analysis of SWAT Model. The historical
records for DJK Reservoir over the period of 1961–2009 are
split into two periods: 1961–1990 for calibration and 1991–
2009 for validation. The SWAT model is first calibrated
on the period 1961–1990 and then validated on the period
1991–2009. Model calibration and validation are conducted
by comparing the SWAT simulated data with the observed
discharge on a monthly basis. Figures 4 and 5 compare
simulated monthly streamflow with observed streamflow
values. Except for several years, most of the periods have a
very good agreement between the simulated and observed

All
Jan.
Feb.
Mar.
Apr.
May
Jun.
Jul.
Aug.
Sep.
Oct.
Nov.
Dec.

Calibration (1960–1990)
NSC
RC
ERR/%
0.87
0.95
−6.31
−10.48 0.27
−76.87
−3.82 0.66
−58.54
−0.15
0.80
−28.33
0.67
0.91
3.98
0.74
0.87
3.23
0.73
0.91
−5.58
0.51
0.82
10.11
0.65
0.88
10.78
0.93
0.97
−4.07
0.92
0.97
−11.20
−0.08
0.71
−28.04
−3.98
0.58
−67.21

Validation (1991–2009)
NSC
RC
ERR/%
0.76
0.89
−12.31
−5.60 0.27
−83.79
−3.13 0.39
−74.21
−3.79 0.36
−50.24
−1.39 0.58
−30.56
0.51
0.86
−12.33
0.73
0.93
−11.73
0.66
0.84
1.64
0.82
0.91
−1.77
0.91
0.95
−3.60
0.88
0.94
−6.15
0.75
0.94
−21.69
−2.34 0.72
−76.35

streamflow. The different performance measures, including
the Nash-Sutcliffe coefficient of efficiency (NSC), the coefficient of correlation (RC), and the relative error (ERR)
between the model outputs and the observed data, are also
summarized in Table 3. In the model calibration period,
the relative error for monthly average streamflow is −6.31%,
and RC and NSC are 0.95 and 0.85, respectively. All the
three are within the range of satisfactory accuracy. The
model validation result shows that the model gives satisfactory and comparable performance on the streamflow
simulation. Model performance over the validation period
is acceptable, with values of −12.31% for ERR, 0.89 for RC,
and 0.76 for NSC. Because the monthly data include the
seasonal cycle, the correlation is very high. Thus to objectively
evaluate the predictability, the performance of each month
is shown in Table 3. Considering individual months, the
simulation results show good performance from May to
October, although the accuracy was quite low from December
to February. In other words, the SWAT model can operate
well in the wet season but it is less accurate in the dry season,
like many other hydrological models. In general, the results
indicate that it is feasible to apply the SWAT distributed
hydrological model to streamflow simulations.
4.3. Simulation Results Analysis of Ensemble
Downscaling Method Based on BMA
4.3.1. Precipitation Simulation. Ensemble downscaling
method based on BMA combined with SVM, BCC/RCGWG, and SDSM model is set up and a weighted average
of precipitation sequences from 1991 to 2009 is simulated.
And the NSC and RC of the nine stations are calculated
by ensemble downscaling method based on BMA and
compared with single downscaling model (SVM, BCC/RCGWG, and SDSM) and the simple averaged (SA) ensemble
method. The compared values are shown in Table 4.
Figure 6 presents the effect of the BMA method through
comparing the mean value of evaluation indictors of the nine
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Table 4: Different methods precipitation simulation results comparison.
SVM

Stations

NSC
0.32
0.31
0.14
0.19
0.28
0.21
0.23
0.25
0.23
0.24

NSC and RC

Hanzhong
Foping
Shangxian
Xixia
Shiquan
Ankang
Yunxian
Fangxian
Laohekou
Mean values
1
0.8
0.6
0.4
0.2
0
−0.2
−0.4
−0.6
−0.8
−1

SVM

RC
0.58
0.56
0.39
0.44
0.54
0.48
0.52
0.51
0.48
0.50

WG

SDSM

BCC/RCG-WG
NSC
RC
−1.1
0.07
−0.8
0.11
−0.75
0.06
−0.98
0.04
−0.78
0.04
−0.74
0.07
−1.21
0.02
−0.92
0.04
−0.87
0.02
−0.91
0.05

BMA

SA

NSC
RC

Figure 6: BMA method compared with single simulated rainfall
downscaling method.

stations. It can be seen from Table 4 that the efficiency
coefficients of precipitation sequence are negative, and
correlation coefficients are all below 0.11 when simulated
using BCC/RCG-WG. It demonstrates that the simulated
precipitation process by BCC/RCG-WG has a big difference
compared with the observed data which corresponding to
the efficiency coefficient of BMA approach to improve the
effect is not obvious. The correlation coefficients calculated
by the BMA method are greater than the three single
downscaling models and the SA ensemble method, and the
comparison result of correlation coefficients indicates that
the BMA method could improve the correlation between
simulated and measured values. Because the same weight
is applied to each individual method in the SA ensemble
method, the simulation effect of SA is better than WG
but worse than SVM and SDSM. However, the simulation
forced by the BMA ensemble outperformed not only the
simulations forced by individual reanalysis datasets, but
also the equal-weight ensemble simulated precipitation.
These results suggest that the BMA ensemble method is
an effective method for improving model performance in
climate downscaling.
4.3.2. Runoff Simulation. In order to fully analyze the effect of
rainfall-runoff simulation using the BMA method, the daily

SDSM
NSC
0.31
0.29
0.26
0.22
0.25
0.23
0.31
0.24
0.27
0.26

BMA
RC
0.57
0.54
0.51
0.49
0.51
0.48
0.57
0.49
0.54
0.52

NSC
0.29
0.24
0.20
0.19
0.22
0.19
0.27
0.25
0.26
0.23

SA
RC
0.62
0.59
0.55
0.52
0.55
0.52
0.62
0.57
0.59
0.57

NSC
0.20
0.22
0.15
0.09
0.16
0.16
0.16
0.14
0.13
0.16

RC
0.46
0.47
0.40
0.32
0.40
0.40
0.41
0.38
0.37
0.40

precipitation sequences obtained by SVM, BCC/RCG-WG,
SDSM, SA, and ensemble downscaling method based on
BMA are put into the SWAT model which is calibrated well
in the above content. The simulated runoff results from 1991
to 2009 are compared with the measured data, and the evaluation indictors are listed in Table 5 and the runoff process
is shown in Figure 8. The runoff coefficient is only about
0.2 when using the input daily precipitation downscaled by
the BCC/RCG-WG model. The value is significantly lower
compared with the runoff coefficients calculated by input of
the precipitation downscaled using SVM and SDSM. From
the specific values of relative error, BCC/RCG-WG model
shows well at simulating the total amount of precipitation
while it is poor at grasping the process of precipitation.
The simulated runoff processes are similar by input of
the precipitation using SVM and SDSM method and the
response to the runoff of these two models is almost the
same, but the relative error of the indicators is significantly
greater than the measured ones. This indicates that there
are great uncertainties when simulating the precipitation
through downscaling method. The NSC of simulated runoff
calculated by input precipitation downscaled using SVM is
bigger than that using the SDSM. But from the ERR which
reflects the total error, we can see that SVM performs a
little better. This runoff simulation result does not agree with
the downscaling precipitation results. In the downscaling
precipitation results, SDSM can describe the precipitation
more reasonably. From the point that precipitation is the
main factor affecting the runoff, the idea that evaluation
indictors can describe precipitation well may not accurately describe the runoff and the correlation characteristics
between rainfall and runoff. Similarly, the runoff simulation
by SA ensemble method is better than WG but worse than
SVM and SDSM. It can be seen that the simulated runoff
accuracy is improved when inputting the weighted average
precipitation by BMA compared with the single downscaling
method. Also, the efficiency coefficient and correlation coefficient are slightly increased, and the relative error obviously
decreases.
In general, due to the uncertainty and randomness of
precipitation simulation, statistical downscaling method is
focused on the statistical distribution characteristics rather
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Figure 7: (a) Monthly precipitation time series of observed data and data predicted by three methods and the relationship of observed
monthly precipitation with monthly precipitations predicted by (b) SDSM, (c) SVM, and (d) BCC/RCG-WG.

than errors of the precipitation process. Therefore, the statistical downscaling methods should be improved at comprehensive analysis of the precipitation simulation and collected
methods together to get better effects.

5. Conclusions
This paper first assesses the three downscaling models which
are SVM, BCC/RCG-WG, and SDSM by comparing the predictands against observed historical data and then evaluates
the runoff modelled by the SWAT rainfall-runoff model
using the downscaled daily rainfall against observed historical runoff characteristics and further proposed ensemble

downscaling method based on BMA combined with the
above three statistical downscaling models; at the same time
the performance of each model is measured by the chosen
indexes. In particular, the downscaled precipitation from
all these methods is put into the SWAT model for detailed
comparison and analysis. The specific conclusions are as
follows.
(1) In terms of mean precipitation, the downscaled results
are close to the observed data, while for the other predictors
each downscaling model has different performance. For the
ability to estimate precipitation events and simulate the
distribution of rainfall during the year, SVM performs well.
SDSM has no significant advantage in the assessment of
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Table 5: The BMA method precipitation runoff result of input
analog.
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Table 6: The forecast factors of each station for SDSM.
Station
Hanzhong
Foping
Shangxian
Xixia
Shiquan
Ankang
Yunxian
Fangxian
Laohekou

Forecast factors
Temp, p500, r500, r850, and p5 v
Temp, p500, r500, r850, and p5 v
Temp, p500, r500, r850, and p5 v
Temp, p500, r500, r850, p8 u, and p5 v
Temp, p500, r500, r850, and p5 v
Temp, p500, r500, r850, and p5 v
Temp, p500, r500, r850, and p5 v
Temp, p500, r500, r850, p8 u, and p5 v
Temp, p500, r500, r850, and p5 v

Precipitation
BMA_P

Observed runoff
BMA_SWAT_Q

Figure 8: Simulated monthly streamflow by SWAT model through
inputting the precipitation obtained using BMA method. The red
and blue solid curves are precipitation with values shown on the
right 𝑦-axis, while the black and blue-dashed curves are runoff with
values shown on the left 𝑦-axis. The scales have been adjusted to
avoid overlapping of the curves.
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It is important to increase our knowledge of the role of land use in changing the regional climate. This study asked, “Has the increase
in continuous cropping over the past 50 years on the Canadian Prairies influenced the daily mean and range of morning dew point
temperatures (𝑇𝑑 ) during the foliar expansion period (from mid-June to mid-July) of annual field crops?” We found that there has
been a general increase in the decadal average of mean daily 𝑇𝑑 and in the range of morning 𝑇𝑑 from the 1960s to the 2000s. The
increase in the observed range of 𝑇𝑑 between the daily minimum value, which typically occurs near sunrise, and the late morning
peak was found to be related to the increase in annual crop acreage and consequent decrease in summerfallow area. The relationship
was more significant in the subhumid climatic zone than in the semiarid climatic zone, and it was influenced by whether the region
was experiencing either wet, normal, or dry conditions.

1. Introduction
Land use and land use change can significantly impact
regional climates through their effects on the surface energy
and water budgets [1–4]. Raddatz [2] reviewed the influence of agriculture on regional climates and concluded
that agriculture, by altering the physiological and physical
properties of the land cover, impacts near surface weather
elements and the regional hydrological cycle including the
occurrence and intensity of moist deep convection. Several
studies have examined the influence of agriculture on surface
dew point temperature (𝑇𝑑 ). For example, Changnon et al. [5]
showed that agriculture enhanced daily evapotranspiration
(ET) and increased the mean daily dew point temperature
(𝑇𝑑-mean ) during Chicago heat waves. Raddatz and Hanesiak
[6] reported that about 80% of summer precipitation events
on the Canadian Prairies include convective rainfall whose
probability-of-occurrence is enhanced by the impact of ET

from annual field crops on 𝑇𝑑 and subsequently on convective
available potential energy (CAPE).
Summer fallowing is a soil moisture conservation practice
which keeps cropland purposely out of production during
a growing season so that the crop grown in the following
year will be less dependent on growing season precipitation.
The practice of summer fallowing has been common on the
Canadian Prairies since the beginning of the 20th century.
Its use increased until 1961; the total acreage peaked at
11.4 Mha (25% of cultivated land). Summerfallow acreage
has steadily decreased since 1961, dropping to 2.1 Mha in
2011 [8] as continuous cropping has become more common
[9]. Gameda et al. [10] reported a reduction in maximum
air temperature (1.7∘ C decade−1 ), diurnal temperature range
(1.1∘ C decade−1 ), and solar radiation (1.2 MJ m−2 decade−1 ),
as well as an increase in precipitation (10.3 mm decade−1 )
during the foliar expansion period (approximately mid-June
to mid-July) associated with the reduction in summerfallow
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Figure 1: Map of the study area with representative climate stations in the subhumid and semiarid climatic zones. Climatic zones were
delineated based on precipitation to potential evapotranspiration (P/PE) ratio (subhumid if P/PE ≥ 0.52, semiarid if P/PE < 0.52). Ecodistricts
containing a selected climate station are highlighted in red. Land, crop and summerfallow area for these ecodistricts are given in Table 1.

acreage from 1976 to 2001 on the Canadian Prairies. Shrestha
et al. [3] confirmed that the conversion from summerfallow to
continuous cropping on the Canadian Prairies between 1976
and 2001 increased ET during the foliar expansion period for
annual field crops and likely increased the CAPE and thereby
the probability of moist deep convection during this period.
An analysis of the relationship between changing agricultural land use and 𝑇𝑑 trends in the agricultural region
of the Canadian Prairies is lacking. Therefore, a study was
carried out to determine if there has been a widespread
change in the daily mean and morning 𝑇𝑑 range (𝑇𝑑𝑟 ) in
the Canadian Prairies during the foliar expansion period
(DOY 165–195) of annual field crops when daily ET is at
its seasonal maximum and to determine if this change is
correlated with the reduction of the summerfallow acreage
and the increase in the acreage of annual crops. Hanesiak
et al. [11] analyzed the diurnal cycle of precipitable water
vapour in the southeastern Prairies and found that its diurnal
cycle was controlled by the daily ET cycle and the timing
of moist deep convection. Decadal average foliar expansion
period values were used in the assessment of daily 𝑇𝑑-mean .
Averaging minimizes the influence of moisture advection by
multiday synoptic events and maximizes the influence of
the daily ET on 𝑇𝑑 [11]. The decadal diurnal 𝑇𝑑 cycle was
examined for the rural or urban signature [12]. The annual
foliar expansion period mean daily 𝑇𝑑𝑟 was calculated to
investigate its relationship with summerfallow acreages. The
summer seasons in the ecoregions were grouped into normal,
wet, and dry to account for these contrasting climatological
conditions on 𝑇𝑑 and 𝑇𝑑𝑟 during the period covered by this
study.

2. Material and Methods
2.1. Study Area and Land Use Data. The study area was
the subhumid and semiarid climatic zones of the Canadian
Prairie Provinces (Alberta, Manitoba and Saskatchewan,
Figure 1) which correspond to the “moist cool temperate”
and “dry cool temperate” climatic zones, respectively, as
defined by the Intergovernmental Panel on Climate Change
[13]. The agricultural land use database at the ecodistrict
(ED) scale was employed as it includes the area of annual
and perennial crops, grasslands, and summerfallow for the
Agricultural Census years of 1961, 1971, 1981, 1986, 1991, 1996,
2001, and 2006 [8]. An ED is a subregion of a climatic zone
where similar physical geography, soils, and climate produce
similar vegetation [14]. The census year data on cropland
and summerfallow area in each ED were interpolated for
each year and calculated as percentage of total land area
of the respective ED. We selected EDs with a wide range
of land use change (conversion of summerfallow to annual
cropping) between the 1960s and the 2000s. The total area,
crop area, and summerfallow area for 1961 (our start year)
and 2006 (our final year) in both subhumid and semiarid
climatic zones are listed in Table 1. Weather stations were
selected representing EDs in both climatic zones and the
latitudinal difference between stations was kept to a minimum to facilitate comparability between EDs in subhumid
and semiarid climatic zones (Figure 1, Table 1). The subhumid
climatic zone of the Canadian Prairies contains mainly gray,
dark gray, and black soils and the semiarid climatic zone
contains mainly dark brown and brown soils [15]. The recent
reduction of summerfallow acreage has been greater in the
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(∘ C)

Daily mean temperature from 1961 to 2006 during the foliar expansion period (DOY 165 to 195) of annual crops.

Semiarid

Subhumid

Province

Calgary
Alberta
Edmonton
Alberta
Grande Prairie
Alberta
Prince Albert Saskatchewan
Red Deer
Alberta
The Pas
Manitoba
Winnipeg
Manitoba
Estevan
Saskatchewan
Lethbridge
Alberta
Medicine Hat
Alberta
Moose Jaw
Saskatchewan
Regina
Saskatchewan
Saskatoon
Saskatchewan

Climatic zone Station name
798
727
599
702
737
667
849
794
793
815
822
792
774

Ecodistrict
697.9
716.4
142.2
296.5
335.8
311.5
913.4
637.0
763.7
405.7
321.8
896.4
101.1

Total land area
(k ha)

Total annual crop area
(k ha)
1961
2006
284.2
407.8
327.5
421.9
54.9
69.7
151.7
197.7
166.3
174.4
1.5
1.3
505.4
690.4
271.5
371.0
276.8
378.3
48.2
64.0
78.4
132.6
403.9
648.9
40.0
58.9

Summerfallow area
(k ha)
1961
2006
107.2
14.6
67.9
11.9
22.9
6.2
49.5
9.4
15.5
3.5
1.0
0.1
89.5
8.2
218.7
63.6
129.2
28.6
58.4
35.2
78.8
20.8
318.0
50.0
30.5
7.2

Table 1: Location of selected climate stations, daily mean air temperatures, and land use areas of corresponding ecodistricts for census years 1961 and 2006 in the Canadian Prairies.
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semiarid climatic zone than in the subhumid climatic zone
(Table 1).
Crop maturity varies with seeding date, which varies
from year to year, and with the growing season’s weather
conditions [16]. Since the seeding dates were not available,
we assumed that the impact of the interannual variability
of the foliar expansion period on the 𝑇𝑑-mean for the midJune to mid-July period and on its diurnal cycle during this
period would be minimized by examining decadal average
values. The decadal average diurnal 𝑇𝑑 cycles were calculated
for representative weather stations in EDs with minimal land
use change (e.g., The Pas, Red Deer, and Grande Prairie)
and compared with the decadal average diurnal 𝑇𝑑 cycles
for stations in EDs that had larger increases in annual crop
acreage (e.g., Calgary, Regina, and Estevan) (Table 1). The
relationship between the annual foliar expansion period 𝑇𝑑𝑟
and summerfallow area, interpolated from census year data,
was examined to quantify the effect of land use change. This
study used the same temperature and humidity data that Betts
et al. [17–21] used to enhance the understanding of the landatmosphere relationship in the Canadian Prairies.
2.2. Weather Data and Analysis. Hourly 𝑇𝑑 , hourly precipitation events, and daily precipitation amounts for the selected
weather stations (Table 1) were extracted from Environment
Canada’s climate data archive. To be selected, a weather
station had to have 50 years of data covering the period from
the 1960s through the 2000s.
Ventilated psychrometers, used to measure 𝑇𝑑 in the
1950s and 1960s, were replaced by dewcels in the early 1970s
at most weather stations in Canada and by the Automatic
Weather Observing Systems (AWOS) in the 1990s. Vincent
et al. [22] tested the 𝑇𝑑 time-series from weather stations
across Canada for inhomogeneity associated with instrument
change. No inhomogeneity associated with the instrument
change was detected at the stations selected for this study.
Urbanization could have also affected 𝑇𝑑 values [23] over
the study period. At each weather station, we examined the
average diurnal cycle of hourly 𝑇𝑑 values for each decade
from the 1960s onward for the mid-June to mid-July period
(≈DOY, 165–195) when crops transpire at their highest rate
[10] and checked for the presence or absence of a double
peaked diurnal cycle; the latter is indicative of a rural setting
[12].
While daily rainfall amounts were readily available,
hourly amounts were not. However, hourly precipitation
events are available which have been classified using a scale
from 0 to 3. No precipitation was coded as “0,” light precipitation as “1,” moderate precipitation as “2,” and heavy precipitation as “3” [24]. The hourly frequency and the average diurnal
cycle of this occurrence/intensity code were determined for
the foliar expansion period. Daily rainfall amounts were used
to determine the total antecedent precipitation from April 1
(the approximate start of the growing season, DOY 91) to
July 15 (DOY 195). These rainfall parameters were analyzed to
explore their influence on the decadal 𝑇𝑑-mean and the decadal
average diurnal 𝑇𝑑 cycle. Each decade was classified as normal, dry, or wet based on the average accumulated antecedent
precipitation compared to the 30-year normal (1961–1990). If
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a decade’s average antecedent precipitation was within one
standard error (SE) of the normal, the decade was classified
as “normal”; if it was less than normal by more than one SE,
it was classified as “dry”; if it was greater than one SE above
normal, it was classified as “wet.” Similarly, each year from
1961 to 2006 was classified as either “dry,” “normal,” or “wet”
year using one standard deviation (SD) as the metric [25].
𝑇𝑑𝑟 was defined as the difference between the daily
minimum 𝑇𝑑 (𝑇𝑑-min ), which typically occurred near sunrise,
and the maximum 𝑇𝑑 (𝑇𝑑-max ) which typically occurred in the
late morning [12]. Average 𝑇𝑑𝑟 values for the foliar expansion
period were then calculated for each year from 1961 to 2006.
The relationship between 𝑇𝑑𝑟 during the foliar expansion
period and the percentage of land under summerfallow in
each ecodistrict was assessed for each year from 1961 to 2006.

3. Results and Discussion
3.1. Temporal Trends of Dew Point Temperature. Decadal
averages and SD of the 𝑇𝑑 during the foliar expansion period
are listed in Table 2. Most of the weather stations experienced
dry conditions in the 1960s and the 1980s while the 1970s
and 1990s were wet decades (Table 2), though this varied
from station to station. Dry conditions were associated with
a lower decadal 𝑇𝑑-mean during the foliar expansion period,
and the opposite was also true for wet conditions showing
that decadal 𝑇𝑑-mean varied with the precipitation regime
(Table 2).
While the trend in 𝑇𝑑-mean varied from station to station,
all stations had a positive trend from the 1960s to the
2000s. Trends ranged from 0.01 to 0.47∘ C decade−1 (Table 2).
Positive trends in 𝑇𝑑-mean were found for stations within EDs
with minimal or no change in annual crop acreage as well as
for EDs with a large increase in annual crop acreage. However,
the upward trend was negligible in the former EDs than in
the latter EDs. For example, Grande Prairie, representing
ED 559 with a minimal change in annual crop acreage, had
an incremental increase in 𝑇𝑑-mean of only 0.01∘ C decade−1 ,
while Winnipeg, a station representing ED 849, with a large
increase in annual crop acreage had an incremental increase
of 0.42∘ C decade−1 (Table 2). These results suggest that at
least part of the increase in decadal 𝑇𝑑-mean during the foliar
expansion period was attributable to the increase in the area
of annual field crops and a decrease of the area under summerfallow (Table 1). Furthermore, the variations in 𝑇𝑑-mean
associated with a given precipitation regime were larger in the
semiarid region compared to the subhumid region (Table 2).
3.2. Decadal Diurnal Cycle of Dew Point Temperatures. The
decadal average diurnal cycle of hourly 𝑇𝑑 values from
the 1960s onwards is presented for Winnipeg and Estevan,
representing the subhumid and semiarid climatic zones,
respectively (Figures 2(a) and 2(b)). These two weather stations are located at approximately the same latitude (∼50∘ N)
but represent two distinct climatic zones (Table 1, Figure 1).
The plots illustrate that there is a typical diurnal cycle for 𝑇𝑑
during the foliar expansion period of annual crops on the
Canadian Prairies. On average for each decade, 𝑇𝑑 decreased
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Figure 2: Decadal average diurnal cycles of dew point temperatures for the average foliar expansion period for annual field crops (DOY
∼165–195) for (a) Winnipeg (subhumid climatic zone) and for (b) Estevan (semiarid climatic zone). (c) and (d) show the hourly percentage of
daily precipitation events for the foliar expansion period for (c) Winnipeg and (d) Estevan. Upward arrows show local standard time (LST)
for sunrise (SR) and sunset (SS). The province of Saskatchewan does not follow day light savings time; therefore LST in Estevan was adjusted
by adding one hour for comparison with Winnipeg.

during the night reaching a minimum around sunrise (Figures 2(a) and 2(b)). After sunrise, 𝑇𝑑 increased and reached
a maximum in the late morning. After declining for a few
hours, 𝑇𝑑 increased again in late afternoon with a second peak
in the evening. This double peaked diurnal 𝑇𝑑 cycle (Figure 2)
is typical of rural sites and confirms that urbanization has had
a minimal influence on 𝑇𝑑 values on the Canadian Prairies [7,
12]. The average diurnal 𝑇𝑑 cycle can be explained, in part, by
the common conceptual model of the atmospheric boundary
layer’s (ABL’s) diurnal cycle (Figure 3). Typically, the ABL
responds to the daily heating/cooling cycle. Overnight, an
inversion often forms which promotes downward moisture
flux (condensation on the surface or dew). This removal of
moisture from the ABL gives minimum 𝑇𝑑 values around
sunrise. After sunrise, a mixed layer often develops and along
with it a rapid increase in ET occurs. Moisture from an
elevated residual layer, a carryover from the previous day’s

mixed layer, may also be incorporated into the growing mixed
layer. These two factors typically lead to a rapid increase in
𝑇𝑑 which usually reaches a maximum value during the late
morning. Through the afternoon, deepening of the mixed
layer with entrainment of drier air from the free atmosphere
often reduces 𝑇𝑑 from its late-morning maximum value. The
typical second or evening peak in 𝑇𝑑 can be explained by the
high frequency of convective precipitation events at that time
of day [11] and from an uncoupling from the surface [18]. The
average diurnal cycles of precipitation occurrence/intensity
for the decades from the 1960s to the 2000s for Winnipeg and
Estevan are presented in Figures 2(c) and 2(d). On average,
the highest precipitation occurrence/intensity code occurred
in the evening at 20:00 local standard time (LST) (Figures
2(c) and 2(d)), while the evening peak in 𝑇𝑑 occurred, on
average, at around 21:00 LST (Figures 2(a) and 2(b)). This
cooccurrence strongly suggests that the evaporation of rain,
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Table 2: Rate of change of the average decadal mean daily dew point temperature (𝑇𝑑-mean ) and decadal averages and standard deviations of
dew point temperatures for climate stations representing selected ecodistricts in the Canadian Prairies for the 1960s to the 2000s.
Decadal average and standard deviation of dew
point temperature (∘ C)
1970s
1980s
1990s

Rate of change
(∘ C decade−1 )
𝑇𝑑-mean

1960s

Subhumid

Calgary
Edmonton
Grande Prairie
Prince Albert
Red Deer
The Pas
Winnipeg

0.20
0.10
0.01
0.19
0.06
0.06
0.42

6.6 ± 1.2n
8.3 ± 1.1d
7.2 ± 1.1n
9.5 ± 1.9d
7.9 ± 0.9d
9.6 ± 2.0d
10.9 ± 2.2n

6.1 ± 1.6n
9.4 ± 1.5w
7.4 ± 0.9n
10.4 ± 1.2w
7.8 ± 1.4n
10.8 ± 0.9w
11.9 ± 1.4w

6.4 ± 1.8n
9.0 ± 1.5w
7.4 ± 2.0n
9.5 ± 0.7n
8.8 ± 1.5n
9.7 ± 1.1n
12.2 ± 1.5d

7.7 ± 1.4w
9.4 ± 1.2w
8.5 ± 1.2w
9.8 ± 1.7w
8.5 ± 1.6w
10.3 ± 2.0w
13.0 ± 1.9n

7.8 ± 1.4w
8.9 ± 1.5d
7.1 ± 1.1n
10.3 ± 1.3n
8.5 ± 1.3n
10.4 ± 1.4w
13.0 ± 1.5w

Semiarid

Estevan
Lethbridge
Medicine Hat
Moose Jaw
Regina
Saskatoon

0.16
0.19
0.16
0.41
0.32
0.47

10.9 ± 2.2n
7.8 ± 0.9d
8.3 ± 1.2d
9.2 ± 2.2n
9.7 ± 1.9n
8.8 ± 1.9d

11.2 ± 1.1w
6.8 ± 1.7w
8.1 ± 1.8w
9.9 ± 1.3w
9.9 ± 1.4w
9.6 ± 1.6w

10.3 ± 1.0d
6.9 ± 1.7d
7.8 ± 1.9d
9.2 ± 1.2d
9.2 ± 1.0d
9.0 ± 1.0d

11.6 ± 1.4w
8.6 ± 1.6w
8.8 ± 0.9w
10.6 ± 1.6w
10.7 ± 2.0w
10.2 ± 1.7w

11.9 ± 1.7w
7.8 ± 2.2n
8.9 ± 1.8n
11.1 ± 1.7w
11.2 ± 2.2w
11.1 ± 1.3n

Climatic zone Weather station

2000s

d,n,w

Ecodistricts experiencing dry, normal, and wet growing season based on decadal average of total precipitation compared to 30-year normal precipitation
from the start of the growing season (DOY 91) to the peak of foliar expansion period of annual crops (DOY 195).
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Figure 3: Typical diurnal cycle of mixing-layer depth redrawn based
on Oke [7].

both falling and from the surface, is partly responsible for the
evening peak in 𝑇𝑑 . Evapotranspiration into an ABL which
is becoming more stable as radiative cooling begins in the
evening may also have contributed to the typical evening peak
in 𝑇𝑑 . Betts et al. [18] have shown that, on the Canadian
Prairies, on a time scale of several days, the relative humidity
is highly coupled to precipitation.
Throughout the day during the foliar expansion period,
average decadal hourly 𝑇𝑑 values were higher in the 2000s
compared to the 1960s in both climatic zones. However, the
increase from the 1960s to the 2000s was neither spatially
nor temporally uniform (Table 2). Changes to the decadal
average diurnal cycle of 𝑇𝑑 varied between climatic zones and
within the same climatic zone. Wet and dry decades, based
on the antecedent precipitation, or the amount of rain from

60
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0
1960

1970

1980

1990

2000

Year
Annual crop (subhumid)
Summerfallow (subhumid)
Annual crop (semiarid)
Summerfallow (semiarid)

Figure 4: Proportion of area covered by annual crops and summerfallow in Ecodistrict 849 (subhumid climatic zone) and Ecodistrict
794 (semiarid climatic zone) from 1961 to 2006.

the start of the growing season through the foliar expansion
period, varied from station to station, and the decadal average
diurnal cycle of hourly 𝑇𝑑 values varied with the location and
amount of antecedent precipitation in each decade. At a given
location, the decadal average diurnal 𝑇𝑑 cycle’s late morning
peak was always higher for wetter decades than for drier
decades (Figures 2(a) and 2(b) and Table 2). For example,
the 1960s was a dry decade for Edmonton and Saskatoon
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Figure 5: Relationship between the percentage of summerfallow area and seasonal average range of daily dew point temperature (early
morning minimum to late morning maximum) from 1961 to 2006 for (a) subhumid and (b) semiarid climatic zone for precipitation regimes,
namely, (i) normal years, (ii) wet years, and (iii) dry years.

but a normal decade for Winnipeg and Estevan (Table 2).
The driest decade for these latter two stations was the 1980s.
Nevertheless, 𝑇𝑑 values through the average decadal diurnal
cycle were lower in the 1980s only for Estevan while 𝑇𝑑 values
through the average decadal diurnal cycle were the lower
at Winnipeg in the 1960s. This suggests that, in addition
to the antecedent precipitation, the decadal average diurnal
𝑇𝑑 cycle was also influenced by other factors such as the
decrease in summerfallow acreage and the increase in annual
crops (Tables 1 and 2). Specifically, ED 849, represented by
Winnipeg (in the subhumid climatic zone), had 90,000 ha
of summerfallow (10% of land area) in 1961. This acreage
decreased to 8,000 ha (<1% of land area) in 2006 (Table 1).
At Winnipeg, the decadal average antecedent precipitation
in the 1960s was 219.2 mm. This amount is near to the 30year normal precipitation (214.7 mm) and suggests that there
was generally a normal amount of plant available water in
the soil for ET. Thus, one would expect relatively higher 𝑇𝑑

values at all times of day for the average decadal diurnal
cycle in this decade, but they were lower than in the driest
decade, the 1980s. This comparison implies that the decadal
average diurnal 𝑇𝑑 cycle was influenced, at least in part, by
the coincident decadal average crop acreage.
3.3. Relationship between the Morning Range of Dew Point
Temperature and Land Use. The reduction in summerfallow
and the increase in annual crop area were greater for the semiarid climatic zone compared to the subhumid climatic zone
(Figure 4). Representative weather stations were grouped
by antecedent precipitation regime and scatter plots are
presented for the subhumid and semiarid climatic zones to
determine the relationship between the area of summerfallow
and the annual 𝑇𝑑𝑟 , averaged over the foliage expansion
period for each year from 1961 to 2006 (Figure 5). In the
subhumid climatic zone, a significant negative correlation
was observed in all normal, wet, and dry years (Table 3,
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Table 3: Summary of the relationships between the annual summerfallow area (% of total ecodistrict area) and the seasonal average
of range of dew point temperatures (∘ C) from the early morning
minimum to the late morning maximum from 1961 to 2006. Bold
faced 𝑃 values show the significant relationships, at the 0.05 level of
significance.
Climatic zone Precipitation
regime
Subhumid

Normal
Wet
Dry

Slope
𝑅2 𝑃 value Degrees of
freedom
−0.069 0.27 0.000
157
−0.082 0.43 0.000
40
−0.062 0.22 0.009
28

Semiarid

Normal
Wet
Dry

−0.008 0.02
−0.016 0.04
+0.010 0.04

0.042
0.111
0.260

180
60
34

Figure 5(a)). However, in the semiarid climatic zone, the relationship was significant only for the normal years (Table 3,
Figure 5(b)(i)). There was a slightly negative relationship (𝑃 =
0.11) in the wet years but an insignificant positive relationship
in the dry years (Table 3 and Figures 5(b)(ii) and 5(b)(iii)).
These results indicate that 𝑇𝑑𝑟 on the Canadian Prairies in
the subhumid climatic zone for all years and in the semiarid
climatic zone for normal years have been influenced by the
replacement of summerfallow by continuous cropping. It is
apparent that the replacement of summerfallow by annual
cropping affects the atmospheric moisture balance by altering
the regional rate of ET as noted by Gameda et al. [10], Shrestha
et al. [3], and Haugland and Crawford [26]. From sunrise
to late morning, the moisture flux to the atmosphere by
ET is related to the annual crop area. Assuming that the
contribution from water bodies and perennial crops remains
approximately constant from year to year, the increase in
annual crop area has resulted in an increased amount of
moisture entering the atmosphere during the foliar expansion
period.

4. Conclusions
This study provides another example of anthropogenic activities leading to regional climate change. We found that the
increase in continuous cropping and decrease in summer
fallowing from the 1960s to the 2000s have influenced the
water cycle process in the Canadian Prairies by increasing
𝑇𝑑-mean and 𝑇𝑑𝑟 during the foliar expansion period of annual
crops. In general, 𝑇𝑑-mean was found to have increased with
time and annual 𝑇𝑑𝑟 was found to be inversely related to the
summerfallow acreage which has continually decreased since
1961. This suggests that the adoption of continuous cropping
between the 1960s and the 2000s has increased the moisture
content of the lower atmosphere during the foliar expansion
period of annual crops and hence is contributing to regional
climate change. The decadal average diurnal cycle of hourly
𝑇𝑑 , 𝑇𝑑-mean , and annual 𝑇𝑑𝑟 was also found to be influenced
by whether the region was experiencing wet, normal, or dry
conditions.
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Coastal flood regimes have been irreversibly altered by both climate change and human activities. This paper aims to quantify the
impacts of multiple factors on delta flood. The Pearl River Delta (PRD), with dense river network and population, is one of the
most developed coastal areas in China. The recorded extreme water level (m.s.l.) in flood season has been heavily interfered with
by varied income flood flow, sea-level rise, and dredged riverbeds. A methodology, composed of a numerical model and the index
𝑅, has been developed to quantify the impacts of these driving factors in the the PRD. Results show that the flood level varied
4.29%–53.49% from the change of fluvial discharge, 3.35%–38.73% from riverbed dredging, and 0.12%–16.81% from sea-level rise.
The variation of flood flow apparently takes the most effect and sea-level rise the least. In particular, dense river network intensifies
the impact of income flood change and sea-level rise. Findings from this study help understand the causes of the the PRD flood
regimes and provide theoretical support for flood protection in the delta region.

1. Introduction
Under the impacts of climate change and intensive human
activities, flood regimes in deltas have been irreversibly
changed [1–4]. Changes in income flood flow of deltas have
been detected across the world in the last decade [5, 6]. Sealevel rise has also affected flood regimes in deltas all over the
world [7]. At the same time, fluvial geomorphologies of many
deltas have been severely altered by human interventions
[8, 9]. Human activities like the construction of municipal
water infrastructure and floodplain engineering, along with
climate changes such as inflow variation and sea-level rise,
are threatening the safety of coastal habitats all over the world
[10, 11]. Under the integrated impacts of climate change and
human activities, magnitude and frequency of coastal floods

have changed, and deltas are more exposed to flood risk than
ever [12, 13].
To better understand the cause and effect of delta flood
variation, a number of previous works have intended to quantify the fluvial impacts of different causes. Impact of sea-level
rise has been investigated the most. Numerical model was
built to predict the return period of flood level in tidal reaches
under the effect of sea-level rise [14]. Percentage of flood
submerged area was calculated by generating different sealevel rise scenarios [15]. Flood vulnerable index under various
sea-level rise scenarios was estimated, and the differences
among estimations were taken as the quantitative impact of
climate change [16]. Quantitative effect of storm surge under
the impact of sea-level rise was also studied [17]. In particular,
impacts of human activities like urbanization were studied
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Figure 1: Map of Pearl River Delta and locations of gauging stations.

[18]. The impact of land-cover changes was considered in
a hydrological model [19]. Furthermore, effects of sediment
variation as well as riverbed dredging were studied [20,
21].
Most previous works attended to the influence of a single
factor. Somehow, floods in coastal area are simultaneously
affected by multiple factors, which are also mutually affected
[22]. Quantitative cause analysis for multiple factors has yet
to be done. In this study, therefore, we intend to quantify
the impacts of multiple factors on coastal flood. Effects of
different factors are also to be compared. A multilinear
regression model is proposed to estimate the on-site flood
level. Index 𝑅 is also defined to calculate the impacts of
different factors. This research offers a simple and efficient
approach to quantify impacts of climate change and human
activities on coastal flood.

2. Study Area and Data
2.1. Study Area. Pearl River Delta (21∘ 30 ∼23∘ 40 N,
109∘ 40 ∼117∘ 20 E), covering an area of 39,380 km2 , is the
third largest delta in China (Figure 1). The altitude of terrain
is higher in its northwest than the southeast. River channels in
this area are all tidal rivers; that is, the in-channel flood level
is affected by both the flood flow from upstream and the tidal
waves at outlets. West River (WR) and North River (NR) are
the upstream rivers of the the PRD. In the past 20 years, the 6
greatest floods in WR and NR all happened in June and July
(Table 1). High tides in the South China Sea mainly happen
in August and November within a year. Affected by both the
upstream flood and downstream high tides, flood season in
the the PRD lasts from June to August.
River network in the the PRD area is extremely complex.
Inflow from WR and NR runs into the the PRD through
Makou and Sanshui. Makou and Sanshui are connected by
Sixianjiao Channel. Through dense river network around
Jiangmen and Zhuyin, flood flow runs into the South China
Sea through eight outlets.

Table 1: Big floods in the past 20 years in Pearl River Delta.
Year

Flood river

Peak time

Gauging
station

Peak
volume
(m3 /s)

1994
1998

West River
West River
West River
North River
North River
West River

Jun. 19
Jun. 28
Jun. 22
Jun. 24
Jul. 17
Jun. 15

Wuzhou
Wuzhou
Wuzhou
Shijiao
Shijiao
Wuzhou

41,100
51,600
53,900
13,500
17,500
46,000

2005
2006
2008

Cities as Guangzhou and Foshan locate alongside the
dense river networks, and metropolises like Macau and
Zhuhai gather around the outlets. Rapid economic development and dense population have made the PRD extremely
vulnerable to flood risk. Ever since the “reform and open up”
policy in 1979, GDP growth in the PRD has stayed around 8%
per year and the local population has annually increased by
more than 10%. By 2011, the PRD already had a population
of 120 million and a GDP of 502.5 billion dollars. For the
use of municipal construction, large scale of sand in riverbed
was dredged from the mid 1980s to the early 21st century.
Large-scale sand-dredging has caused irreversible change in
the regional river channels.
2.2. Dataset. Hydrological data of fifteen gauge stations in
the PRD were used (Table 2). Recorded flood flows from
upstream river basins and flood level in tidal reaches (m.s.l.)
were both applied. Topographic statistics of the PRD river
network from 1980 to 2006 were also applied. All the flow
data was provided by the Hydrology Bureau of Guangdong
Province, China (HBGPC), and all the stage data came from
the Chinese Hydrological Almanacs. All the topographic
statistics were obtained from the Pearl River Commission.
The homogeneity and reliability of all applied data were
strictly examined and controlled before release.
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Table 2: Dataset of hydrological series.

Section
Upstream
Income

Network

Outlets

Number

Abbr.

Station

1
2

wz
sj

Wuzhou
Shijiao

3
4
5
6
7
8
9
10
11
12
13
14
15

mk
ss
th
jm
zy
rq
nh
sd
dls
ssk
nh
wqsx
hm

Makou
Sanshui
Tianhe
Jiangmen
Zhuyin
Rongqi
Nanhua
Sanduo
Denglongshan
Sanshakou
Nansha
Wanqinshaxi
Hengmen

Elevation from the
Pearl Delta datum
(m)

−0.003
0.011
0.059
0.067
0.004
−0.033
0.018
−0.079
0.022
0.034
0.007
−0.088
−0.069

Period

Flow

Stage

1956–2011

Daily; Monthly Maximum

None

1959–2011

Daily; Monthly Maximum

1958–2011

1956–2011
1959–2011

Monthly Maximum
None

1959–2011

Note: number is the station number shown in Figure 1.

3. Methodology for Quantitative
Cause Analysis
“In the PRD, varied income flood flow, sea-level rise and
sand mining are the most important driving factors for flood
regime variation” [14, 23–26]. In order to quantify the impacts
of these three factors, this study proposed a methodology
composed of a multilinear regression model and an index
𝑅. The regression model was based on the one proposed by
Huang et al. [14], and it was used to estimate the on-site flood
levels. The index 𝑅, improved from Jiang’s theory in 2011 [31],
was defined to calculate the impacts from different driving
factors.

outlets. And the on-site annual maximum water level can be
represented as
𝑍𝑖 = 𝑓 (𝑄, 𝑍) = 𝐶1 𝑄 + 𝐶2 𝑍 + 𝛼𝑄𝑍 + 𝐶0 ,

(1)

where 𝑍𝑖 is the annual extreme water level of a gauge station;
𝑍 is the annual maximum tide level at the outlet; 𝑄 is the river
discharge from WR detected at Makou Station; 𝛼 and 𝛽 are
the parameters; 𝐶1 and 𝐶2 are the constants. Parameters and
constants together represent the regional topographic feature.
Given the rise in sea level as Δ𝑍, the variability of annual
maximum water level in the gauge station can be therefore
estimated by the following equation:
Δ𝑍𝑖 = 𝑓 (𝑄, 𝑍 ) − 𝑓 (𝑄, 𝑍)

3.1. Multilinear Regression Model. There are mainly four
approaches to study the influence of multiple factors, that is,
mathematical model, field observation, qualitative theoretical
reasoning, and hydrodynamic model [27, 28]. However,
qualitative theoretical reasoning cannot provide quantitative
results. Field observation costs great, and it is beyond the
financial reach of this research. At the same time, large
amounts of terrain data from field observation are required to
build a precise hydrodynamic model for a delta with complex
river network. Therefore, three approaches were denied, and
mathematical model was chosen for this research.

3.1.1. Modification of Huang’s Model. In 2004, Huang et al.
proposed a multilinear regression model to estimate the
backwater effect in the PRD under different scenarios of
income discharge [14]. The annual extreme water level in any
gauge station was supposed to be a dependent variable of
the income discharge and the annual maximum tide level at

= [𝐶1 𝑄 + 𝐶2 (𝑍2 + Δ𝑍) + 𝛼𝑄 (𝑍 + Δ𝑍) + 𝐶0 ]

(2)

− [𝐶1 𝑄 + 𝐶2 𝑍 + 𝛼𝑄𝑍 + 𝐶0 ] = (𝐶2 + 𝛼𝑄) Δ𝑍.
Despite its reliable application in the PRD, there are
some underlying limitations in Huang’s model. In (1), 𝑍𝑖
is only affected by tide at one outlet. However, flood flow
runs towards sea from multiple outlets, and sea-level rise acts
differently on tidal levels at difference outlets, even in the
same delta. In this case, the impact from sea-level rise should
be represented by tidal levels at multiple outlets. Likewise,
Huang’s equation takes only the impact from one income flow
source into consideration. Somehow, discharge at a gauge
station usually comes from more than one upstream river.
Impacts from different inflows should therefore be taken into
consideration.
In this way, 𝐶1 𝑄 + 𝐶2 𝑍 has been developed into
∑𝑛𝑖=1 𝐶𝑖 𝑄𝑗 + ∑𝑛+𝑚
𝑗=𝑛+1 𝐶𝑗 𝑍𝑗 , where 𝑛 and 𝑚 are the numbers
of inflow resources and outlets and 𝐶𝑖 , 𝐶𝑗 , the parameters
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Table 3: Regression model of the PRD stations.

Group

Station
Makou
Income stations
Sanshui
Tianhe/Jiangmen/Zhuyin
Network stations
Nanhua/Rongqi
Sanduo

Equation
𝑍mk = 𝐶1 𝑄mk + 𝐶2 𝑄ss + 𝐶3 𝑍dls + 𝛼𝑄mk 𝑄ss 𝑍dls + 𝐶0
𝑍ss = 𝐶1 𝑄ss + 𝐶2 𝑄mk + 𝐶1 𝑍ssk + 𝐶2 𝑍ns + 𝐶3 𝑍wqsx + 𝛼𝑄ss 𝑄mk 𝑍ssk 𝑍ns 𝑍wqsx + 𝐶0
𝑍th/jm/zy = 𝐶1 𝑄mk + 𝐶2 𝑄ss + 𝐶3 𝑍dls + 𝛼𝑄mk 𝑄ss 𝑍dls + 𝐶0
𝑍nh/rq = 𝐶1 𝑄mk + 𝐶2 𝑄ss + 𝐶3 𝑍wqsx + 𝐶4 𝑍hm + 𝛼𝑄mk 𝑄ss 𝑍wqsx 𝑍hm + 𝐶0
𝑍sd = 𝐶1 𝑄mk + 𝐶2 𝑄ss + 𝐶3 𝑍ssk + 𝐶4 𝑍ns + 𝐶5 𝑍wqsx + 𝐶6 𝑍hm + 𝛼𝑄mk 𝑄ss 𝑍ssk 𝑍ns 𝑍wqsx 𝑍hm + 𝐶0

Denglongshan

𝑍dls = 𝐶1 𝑄mk + 𝐶2 𝑄ss + 𝐶3 𝑍ssk + 𝐶4 𝑍ns + 𝐶5 𝑍wqsx + 𝐶6 𝑍hm + 𝛼𝑄mk 𝑄ss 𝑍ssk 𝑍ns 𝑍wqsx 𝑍hm + 𝐶0

Nansha

𝑍ns = 𝐶1 𝑄mk + 𝐶2 𝑄ss + 𝐶3 𝑍dls + 𝐶4 𝑍ssk + 𝐶5 𝑍wqsx + 𝐶6 𝑍hm + 𝛼𝑄mk 𝑄ss 𝑍dls 𝑍ssk 𝑍wqsx 𝑍hm + 𝐶0

Sanshakou

𝑍ssk = 𝐶1 𝑄mk + 𝐶2 𝑄ss + 𝐶3 𝑍dls + 𝐶4 𝑍ns + 𝐶5 𝑍wqsx + 𝐶6 𝑍hm + 𝛼𝑄mk 𝑄ss 𝑍dls 𝑍ns 𝑍wqsx 𝑍hm + 𝐶0

Wanqinshaxi
Hengmen

𝑍wqsx = 𝐶1 𝑄mk + 𝐶2 𝑄ss + 𝐶3 𝑍dls + 𝐶4 𝑍ns + 𝐶5 𝑍ssk + 𝐶6 𝑍hm + 𝛼𝑄mk 𝑄ss 𝑍dls 𝑍ns 𝑍ssk 𝑍hm + 𝐶0
𝑍hm = 𝐶1 𝑄mk + 𝐶2 𝑄ss + 𝐶3 𝑍dls + 𝐶4 𝑍ns + 𝐶5 𝑍ssk + 𝐶6 𝑍wqsx + 𝛼𝑄mk 𝑄ss 𝑍dls 𝑍ns 𝑍ssk 𝑍wqsx + 𝐶0

Outlet stations

related to the local topographic features. 𝛼𝑄𝑍 in (1) has
been modified into 𝛼∏𝑛𝑖=1 𝑄𝑖 ∏𝑛+𝑚
𝑗=𝑛+1 𝑍𝑗 , and 𝛼 also relates
with the local topography. At the same time, the time scale
in Huang’s model is year. Somehow, in our research, it has
become month, that is, June, July, and August in the flood
season. Therefore, the time scale of inputs and outcomes has
been narrowed down. As a result, Huang’s model has been
modified into the following equation:
𝑍 = 𝑓 (𝑄𝑖 , 𝑍𝑗 )
𝑛

𝑛+𝑚

𝑛

𝑚

𝑖=1

𝑗=𝑛+1

𝑖=1

𝑗=1

= ∑𝐶𝑖 𝑄𝑖 + ∑ 𝐶𝑗 𝑍𝑗 + 𝛼∏𝑄𝑖 ∏𝑍𝑗 + 𝐶0 ,

(3)

where 𝑍 is the monthly extreme flood level of the studied
gauge station; 𝑄𝑖 is the income flood volume; 𝑍𝑗 is the
monthly extreme tide level at estuary of the PRD; 𝛼, 𝐶0 , 𝐶𝑖 ,
and 𝐶𝑗 are the constants representing topographic features.
3.1.2. Model Adjustment. Based on (3), regression models
for all the stations in the PRD have been built (Table 3).
All the the PRD stations have first been divided into three
groups according to their locations. Flood from upstream
runs through Makou and Sanshui Station into delta, and
therefore they are income stations. Flood volumes in income
stations have been taken as 𝑄𝑖 . Stations located within 5 km to
the river mouth in delta are outlet stations. Tide levels of these
stations have been applied in models as 𝑍𝑗 . Other stations in
the PRD are network stations. Flood levels in these stations
are 𝑍, which is the dependent variable of 𝑄𝑖 , 𝑍𝑗 , and the
parameters 𝛼, 𝐶0 , 𝐶𝑖 , and 𝐶𝑗 . For all the equations in Table 3,
subscriptions of 𝑄 and 𝑍 are abbreviations of corresponding
gauge stations, and the abbreviations for all gauge stations are
listed in Table 2.
As for the income stations, the model has been adapted.
Since income stations are connected by Sixianjiao Channel,
both flood flows and flood levels in these two income stations
are mutually affected. In addition, flood flow from Makou
goes into the South China Sea through Denglongshan and
Sanshui through the other four outlet stations. Therefore,
flood level in Makou is also affected by the tide level in
Denglongshan. Likewise, flood level in Sanshui is related to

flood flows from both income stations as well as and the tide
levels in Sanshakou, Nansha, Wanqinshaxi, and Hengmen.
The model of Zhuyin Station is taken as an example for
network stations. Due to the connection between Makou and
Sanshui, flood from both income stations, taken as 𝑄mk and
𝑄ss , would affect the flood level in Zhuyin. And since flood
in Zhuyin runs into South China Sea through Denglongshan,
tide level in Denglongshan 𝑍dls takes effect on 𝑍zy , that is, the
flood level in Zhuyin.
The same as the network stations, flood levels in all the
outlet stations are affected by the flood flow from both Makou
and Sanshui. Since flood levels in all the outlet stations are
simultaneously affected by the tidal wave in the South China
Sea, flood levels in outlet station in the the PRD are mutually
affected. Therefore, to estimate 𝑍 for each outlet station, the
flows in both Makou and Sanshui are taken as 𝑄𝑗 and the
water level in other outlet stations is taken as 𝑍𝑗 .
3.1.3. Model Validation. For each station, 𝑄𝑖 in income
stations, 𝑍𝑗 in outlet stations, and the on-site extreme level
𝑍 of the same month within the flood season in a year are
identified as a sample. For each year, there are three samples,
that is, the one in June, July, and August. Take Zhuyin,
for example; 𝑄1 and 𝑄2 are the peak flood flow in Makou
and Sanshui in June 1959, 𝑍1 is the extreme tide level in
Denglongshan in June 1959, and 𝑍 is the flood level in Zhuyin.
Therefore, 𝑄1 , 𝑄2 , 𝑍1 , and 𝑍 together are taken as a sample.
In the sample, 𝑄𝑖 and 𝑍𝑗 are instances and 𝑍 is the target.
Cross-validation (CV) makes full use of data information
[29], and the validation and accuracy of regression model
have been tested by the 10-fold cross-validation method [30].
For each gauge station, we randomly selected 90% of 159
samples to estimate the coefficients and tested the accuracy of
the at-site model on the remaining 10% of data. Mean Squared
Error (MSE) was applied to evaluate the accuracy of each test.
After the procedure was repeated for 10 times on different
data partition, a series of 10 MSEs was achieved. The average
of this MSE series, that is, CV mean, was used to measure
the accuracy of the regression model. The standard deviation,
that is, CV variance, represented the robustness of the model.
The lower the CV mean is, the more accurate the model is.
Likewise, the smaller the CV variance is, the more robust
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the model is. Since Huang’s model in 2004 was successfully
applied and shared, cross-validation results of Huang’s model
were taken as the benchmark. Regression model with a lower
CV mean and variance than the benchmark was proved
eligible. The whole CV test was performed in MATLAB.
3.2. Changing Ratio 𝑅
3.2.1. Jiang’s Idea. Index 𝑅 defined by Jiang et al. [31] was
used to quantify the impacts of different driving factors on
monthly flow of a small river basin in China. The local
hydrological cycle was severely disturbed by human activities
and the time series was no longer consistent. They split the
time series into two according to the timing of severe human
interference, that is, one before the severe human interventions and one afterwards. The previous period was a natural
period, and the latter was a human-affected period. First they
calculated the model constants with data from natural period,
and then they estimated monthly flow in the human-affected
period with these constants. The estimated monthly flow
represented the monthly flow in the human-affected period
if none of the severe human activities happened. The gap
between the estimated and recorded flow in the humanaffected period was the impact of human activities on monthly
flow.
3.2.2. Division of Time Series. Based on Jiang’s theory [31],
index 𝑅 was defined to show the impacts of three driving
factors. The difference between the factor-affected flood level
and the untouched one represents the impact of a certain
factor. To estimate the untouched series, hydrological series
need to be divided first. Data length should be unified so
that results in different stations can be compared. Since the
available data varied among gauge stations (Table 2), we have
only applied data from 1959 to 2011. In order to lower the
uncertainties in analysis, the time series have only been
divided into two periods. To find the dividing time for all
three driving factors, we have studied the temporal pattern
of these factors.
Changes in upstream flow have been detected. Wuzhou,
located downstream of West River, is more than 300 km
away from Makou. Shijiao, located downstream of North
River, is 50 km away from Sanshui. Mann-Kendall test was
applied in detecting changes in recorded flow from 1959 to
2011 of these four stations (Table 4). Flood flow increased
in Wuzhou and decreased in Shijiao, yet neither of them
reached the significance of 90%. Flood flow in both Makou
and Sanshui has increased at a 95% significant level. It can be
concluded that flood flows in upstream river basins do not
have significant trend. As for the abruption in series, flood
flow in Wuzhou jumps in 1991, and that in Sanshui shows no
significant abruption. Flood flow in Makou stays consistent,
while that in Sanshui took a jump in 1992. Therefore, there
was abruption in West River flow in the early 1990s, probably
due to dam construction upstream [32].
The inconsistent change of flow between Wuzhou and
Makou is partly due to dyke construction and variations in
precipitation. In the early 1990s, dykes were built in large scale
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Table 4: Mann-Kendall test results of income flood flow.
West River
Wuzhou Makou
Mann-Kendall statistics
1.55
1.97
Year of abruption
1991
—
Station

North River
Shijiao Sanshui
−1.12
2.03
—
1992

Note: Mann-Kendall statistics is known as 𝑍. Positive 𝑍 indicates an
increasing trend just as a negative one refers to a decreasing trend. Moreover,
|𝑍| > 1.65, |𝑍| > 1.96, and |𝑍| > 2.57 show tendencies at the 0.01, 0.05, and
0.1 significance levels.

Table 5: Variation of channel geometries in Sanshui and Makou.
Unit

Geometry index
Maximum
cutting depth

m

Average depth
Channel volume
Change of
discharge area

>2 m
>6 m

%

Period

Makou

Sanshui

1980–2003

+7.11

+8.07

1985–1999
1999–2006

0.80
2.00

2.80
1.50

1985–1999
1999–2006
1980–2003
1980–2003

+18.00
+29.00
+19.30
+15.20

+69.00
+36.00
+99.50
+40.00

Note: “+” means increase.

Table 6: Average monthly flow in West River and North River in
flood season (units: m3 ).
River
West River
North River

Station
Wuzhou
Makou
Shijiao
Sanshui

Jun.
25,222
27,658
7,406
7,229

Jul.
24,971
26,780
4,844
6,917

Aug.
20,043
20,564
3,501
4,893

around Wuzhou [32], and the flood flow from Wuzhou to
Makou is locked within the channel. Furthermore, precipitation in flood season increased faster on the catchment area of
Makou than Wuzhou within the last 50 years [33]. Therefore,
flood flow in Makou has increased more severely than that in
Wuzhou.
The discrepancies between Wuzhou and Makou, Shijiao
and Sanshui are mainly due to severe sand-dredging in the
PRD. Table 5 shows the variation of channel geometries in
both Sanshui and Makou. Apparently, the average channel
depth in Sanshui increased 0.5 m more than that in Makou
from 1985 to 2006. Channel volume in Sanshui therefore
increased by 69% during 1985–1999 and 36% during 1999–
2006. Meanwhile, the percentage in Makou is only 18% and
29%. From 1980 to 2003, discharge area over both 2 m and
6 m in Sanshui increased three times that in Makou. Due
to different extent of riverbed alteration, flood flows from
Makou to Sanshui through Sixianjiao Channel. As a result,
flow partition ratio between 1959 and 2011 in flood seasons
increased in Sanshui (Figure 2). The increase became sharp
from the early 1990s. Since mean flow in WR triples that of
NR (Table 6), increase of flow partition ratio for more than
5% in Sanshui has significantly increased the on-site flow.
MK test was also carried out on the average tide level
(m.s.l.) of the outlet stations. Results of MK in Sanshakou are
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Table 7: Abruption of flood water levels around Pearl River Delta.
Year of abruption
1964

Stations
—

Wanqinshaxi

1986
1989

Hengmen
Denglongshan

Nansha
—

1991

Zhuyin

1992

Rongqi

—
Sanshui
Sanduo
Sanshakou

Note: all the abruption events have reached a 95% significant level.

30
25

(%)

20
15
10

y = 0.2268x + 11.029
R2 = 0.6427

5
0
1959 1964 1969 1974 1979 1984 1989 1994 1999 2004 2011
Year

Figure 2: Tendency of flow partition ration of Sanshui.

2.15, 1.75 for Nansha, 1.83 for Wanqinshaxi, 3.10 for Hengmen,
and 0.08 for Denglongshan. All results are positive, which
indicate increasing tendency in all outlets. According to the
previous study, sea level at South China Sea has kept rising
since the early 1960s [7, 14, 25]. Among all the outlet stations,
increase in Denglongshan has not reached a significance of
1%. Due to the wandering rim of continental shelf, sea-level
rise in South China Sea has caused different extent of increase
at different outlets. m.s.l. in Denglongshan increased at an
annual speed of 1.5–2.0 mm around 1990 and 3.0 mm in the
early 21st century [14, 25]. However, m.s.l.s at the other four
outlets have increased 3–5 mm annually since 1992 [7]. Also,
abruption of the tide levels in all outlet stations was also tested
(Table 7). Abruption took place in three out of five outlet
stations in the late 1980s. Besides, abruption took place in
Sanshakou in 1992 and in Wanqinshaxi in 1964. To conclude,
abruption of flood tidal level in outlet stations mainly took
place from 1985 to 1992.
In the PRD, large-scale sand-dredging started around
1985 and was not officially banned until 2008. From 1985 to
1990, the speed of sand excavation was 7∼10 × 108 m3 per year,
while the natural speed of sand siltation in the PRD is only
800∼1000 × 104 m3 per year. According to Kong [25], “with the
speed of natural deposits, the dredged sands in riverbed cannot
be returned within 100 years.” The volume of sand excavating
from 1995 to 2008 was one over ten thousand comparing
to the 1990s [34], and sand mining in the PRD has been
thoroughly banned since 2008.
Time series have been divided according to the change
in upstream flow, sea-level rise, and local history of sanddredging. According to the previous discussion, all three

driving factors took irreversible alteration during 1985–1995.
Thus, the years before 1985 are the prechange period and the
years after 1996 the prochange period. As a result, the time
series, one piece of data for each month in flood season, that
is, three samples per year, has been divided and applied in the
quantitative cause analysis.
3.2.3. Calculation of 𝑅. In order to calculate index 𝑅, time
series in each gauge station have been first divided into three
periods. The first period lasts from 1959 to 1984, and data
recorded in this period is the sample for prechange period.
The second period lasts from 1985 to 1995 and all the driving
factors took abrupt change. The third period lasts from 1996
to 2011, and the samples recorded in this period represent the
prochange period.
Parameters 𝛼, 𝐶0 , 𝐶𝑖 , and 𝐶𝑗 in each model should then
be estimated, for both the pre- and prochange period. The
parameter set (𝛼, 𝐶0 , 𝐶𝑖 , 𝐶𝑗 ) for each model in the prechange
period is 𝜃, and (𝛼 , 𝐶0 , 𝐶𝑖 , 𝐶𝑗 ) in prochange period is 𝜃 .
Nonlinear least-squares fit has been applied to estimate the
parameters and it has also been carried out in MATLAB.
𝑄𝑖 and 𝑍𝑗 , mean of 𝑄𝑖 and 𝑍𝑗 in the prechange period, as
well as 𝑄𝑖 and 𝑍𝑗 , mean in the prochange period, have then
been calculated. 𝑍pre , the average on-site flood level in the
prechange period, has been estimated with 𝑄𝑖 and 𝑍𝑗 as the
input and 𝜃 as the parameter.
Index 𝑅 has been defined to quantify the impacts of
driving factors. According to Huang et al. [14], the quantified
impact of sea-level rise can be calculated by (2). To calculate
the index 𝑅 for sea-level rise, we suppose the sea-level rise
is the only changing variable in inputs. In other words,
sand-dredging does not occur; the topographic feature and
the upstream flow of the PRD stay the same as they were
during the prechange period. To eliminate the dimensions and
differences among stations, we defined index 𝑅 of sea-level
rise by dividing the absolute value of variability in flood level,
that is, |Δ𝑍|, by 𝑍pre . 𝑅sea-level rise can be calculated as
𝑅sea-level rise =

|Δ𝑍|
× 100%
𝑍pre



𝑍pro sea-level rise − 𝑍pre 

 × 100%,
=
𝑍pre

(4)

where 𝑍pro sea-level rise is the “sea-level rise affected” average
on-site flood level during the prochange period, and it has
been estimated, with 𝑄𝑖 and 𝑍𝑗 as the input and 𝜃 as the
parameter.
𝑅sand-dredging and 𝑅upstream have been defined the same way
as 𝑅sea-level rise :
𝑅sand-dredging =

|Δ𝑍|
× 100%
𝑍pre



𝑍pro sand-dredging − 𝑍pre 
 × 100%,
=
𝑍pre

(5)
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where 𝑍pro sand-dredging is the “sand-dredging affected” average
on-site flood level during the prochange period, and it has
been estimated, with 𝑄𝑖 and 𝑍𝑗 as the input and 𝜃 as the
parameter. Consider
𝑅upstream =

|Δ𝑍|
× 100%
𝑍pre



𝑍pro upstream − 𝑍pre 
 × 100%,
=
𝑍pre

(6)

where 𝑍pro upstream is the “upstream flood variation affected”
average on-site flood level during the prochange period, and it
has been estimated with 𝑄𝑖 and 𝑍𝑗 as the input and 𝜃 as the
parameter.
𝑍pro upstream , 𝑍pro sand-dredging , and 𝑍pro sea-level rise together
are called 𝑍pro , the average on-site flood level during the
prochange period. Therefore, index 𝑅 for any of the three
driving factors can be calculated as


𝑍pro − 𝑍pre 
|Δ𝑍|

 × 100%.
(7)
× 100% =
𝑅=
𝑍pre
𝑍pre
There are certain limitations of calculating the quantitative impact of each factor with index 𝑅. Since the numerator
in (7) is the absolute value of variability, the value of index 𝑅
can only work as a comparative percentage, without showing
how the impact factors have taken effect on the target.

4. Results and Discussions
4.1. Quantitative Impacts of Driving Factors on Flood Level in
the PRD. The proposed hydrological model for each station
in the PRD has first been proved valid through the crossvalidation test. In the CV test, the modified models for all
the stations had lower CV mean and variance than Huang’s
model. Based on the model and index defined in Section 3, we
have achieved the quantified impacts of three driving factors
on flood level in the PRD. Nanhua is taken as the example
to explain the results of 𝑅. In Nanhua, 𝑅upstream is 17.26%,
𝑅sand-dredging is 15.35%, and 𝑅sea-level rise is 2.61%. Variation of
flood volume in both income stations has increased from
prechange to prochange period, and it has caused the flood
level varied by 17.26% in Nanhua (Table 8). Due to the largescale sand-dredging, the maximum cut depth of the upstream
and downstream channel of Nanhua has been cut down by
at least 0.5 m from prechange to prochange period (Figure 3).
It has altered flood level in Nanhua by 15.35%. And the sealevel rise, taking effect through tidal waves in Denglongshan
and Hengmen, has changed flood level in Nanhua by 2.61%.
Owing to the definition of 𝑅 as well as the complex working
mechanism in the PRD, whether these changes caused by
driving factor has actually pushed up or lowered down the
flood level is unknown. It can be told from the results that
the change in income flood takes the most effect and then the
sand-dredging and sea-level rise take the last.
We have calculated 𝑅upstream , 𝑅sand-dredging , and 𝑅sea-level rise
for all the 13 stations in the PRD (Table 8). Effects due to

Table 8: Changing ratio 𝑅 caused by three driving factors (unit: %).
Station
Makou
Sanshui
Tianhe
Nanhua
Jiangmen
Zhuyin
Sanduo
Rongqi
Denglongshan
Hengmen
Sanshakou
Nansha
Wanqinshaxi

𝑅upstream
40.68
53.49
18.50
17.26
15.11
12.57
22.46
14.52
5.15
5.22
4.29
5.18
5.14

𝑅sand-dredging
30.48
38.73
12.74
15.35
10.13
9.91
23.71
13.01
8.73
3.35
5.12
3.37
4.11

𝑅sea-level rise
0.19
0.12
2.47
2.61
5.79
10.44
1.47
7.71
12.46
16.81
13.03
8.91
14.43

Table 9: Distance among stations in West River Delta (units: km).
A
Makou
Tianhe
Jiangmen
Zhuyin

B
Denglongshan

Distance between A and B
123.8
67.8
54.8
19.8

upstream flood variation are negatively correlated with the
distance between the location of the station and the outlets
(Table 9). Changes of upstream flood flows have taken effects
on the flood levels in income stations by 𝑅s over 40%. It
has changed the flood levels in network stations by 10% and
25% and the outlet stations between 4% and 5.5%. 𝑅upstream
peaks around income station Makou by 53.49% and comes
to the minimum around outlet station Sanshakou by 4.29%.
Located downstream of Sanshui, flood level in Sanduo has
been affected the most by the income flood variation among
all the network stations. Meanwhile, Tianhe and Nanhua have
been similarly affected. 𝑅upstream in Tianhe is higher than
Jiangmen, and that in Jiangmen is higher than Zhuyin. It is
not hard to discover that the further a network station is away
from the income stations, the less the flood flow change will
affect the on-site flood level. In general, variation in flood
flow affects the most flood levels of income stations, then the
network stations, and then the outlet stations. In other words,
𝑅upstream decreases from income stations to outlet stations
along the flow direction.
Riverbed alteration has taken effects on the flood levels
by variations over 30% in both income stations, between 9
and 25% in network stations, and lower than 9% in outlet
stations. The impact level of sand-dredging, 𝑅sand-dredging , also
decreases from income stations to outlet stations. 𝑅sand-dredging
in Sanshui is higher than that in Makou. It is consistent with
the fact that riverbed alteration in Sanshui, from 1984 to 1995,
was more severe than that in Makou (Figure 3 and Table 5).
For 𝑅sand-dredging of the network stations, Sanduo is the highest. 𝑅sand-dredging in Tianhe, Nanhua, Jiangmen, and Rongqi
are above 10%. 𝑅sand-dredging in Zhuyin are the lowest, slightly
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outlet stations are close, and the difference between these two
is all below 3.6%. At the same time, impact from sea-level rise
ranks the first among the three driving factors.

Figure 3: Change of maximum cut depth in Pearl River Delta from
1985 to 2006.

below 10%. According to the riverbed alteration between 1985
and 2006 (Figure 3), riverbed in Sanduo has been cut down
the most, then Nanhua, and then the other network stations.
Despite the slight differences between 𝑅sand-dredging in Tianhe,
Jiangmen, and Zhuyin, 𝑅sand-dredging of network stations are
consistent with the extent of riverbed alteration. Among
all the outlet stations, since the maximum cut depth varies
the most in Denglongshan, flood level changes the most in
Denglongshan under the impact of riverbed alteration.
Sea-level rise has influenced the flood level in the PRD
stations by a changing ration between 0.1% and 20%. It
has hardly affected the flood level in income stations since
𝑅sea-level rise are only 0.12% and 0.19%. Among network stations, 𝑅sea-level rise tops in Zhuyin by 10.44%. Meanwhile,
𝑅sea-level rise in other network stations are all below 6%.
𝑅sea-level rise for Tianhe and Nanhua are close. In addition,
𝑅sea-level rise in Tianhe is lower than that in Jiangmen, and
that in Jiangmen is lower than Zhuyin at the same time.
𝑅sea-level rise in outlet stations are all above 8%, much higher
than that in income stations or most network stations. Similar
to 𝑅upstream , the value of 𝑅sea-level rise seems to be correlated
with the distance between stations and delta income, only in
an opposite way. In another way, 𝑅sea-level rise decreases from
outlet stations to income stations in the the PRD.
To compare 𝑅upstream , 𝑅sand-dredging , and 𝑅sea-level rise of the
income stations, it is easy to find that 𝑅upstream is the highest
and 𝑅sea-level rise the lowest. It can be deducted that flood
levels in income stations are influenced the most by the flood
flow variation and the least by the sea-level rise. It is almost
true for all the network stations as well, except for stations
Sanduo and Zhuyin. In Sanduo, sand-dredging has caused the
most change in on-site flood level. This is probably because
that riverbed has been the most severely cut around Sanduo
(Figure 3). In Zhuyin, somehow, the sea-level rise has taken
the most effect. The cause will be talked about in Section 4.3.
As for all the outlet stations, 𝑅upstream and 𝑅sand-dredging of

4.2. Reliability of Quantitative Analysis Results. The efficiency
of the quantitative cause analysis results can be generally
verified by its consistency with the changing environment.
To better tell the spatial patterns of impacts from different
driving factors, the results have been interpolated on the
whole delta with Kriging method and the results are shown
in Figure 4. Contour lines in Figure 4(a) show the spatial distribution of flood level change caused by variation of income
flood flow. Figure 4(b) shows the spatial distribution of sanddredging impact, and Figure 4(c) shows the spatial pattern of
𝑅sea-level rise . As discussed in Section 3.2.1, variation of flood
flow in Sanshui is greater than that in Makou. 𝑅upstream in
Sanshui is greater in these two stations as well. Meanwhile,
𝑅upstream decreases when the station stands further from
the upstream. 𝑅sea-level rise also decreases when the station
is further from the outlet. The impacts of the varied flood
flow and sea-level rise are also changing mainly along the
“northwest-southeast” direction, because river channels in
the PRD are most developed along the “northwest-southeast”
direction, and river discharge runs easily towards estuary
by gravity force [23]. At the same time, 𝑅sand-dredging of
all network stations are in accordance with the extent of
sand-dredging between the 1980s and 1990s (Figure 3). It is
higher around Sanduo among network stations and lower
around outlet stations. As is shown in Figure 3, channel
varies in the greatest extent around Sanduo. Dredging of the
riverbeds around Rongqi, Hengmen, Wanqinshaxi, Nansha,
and Sanshakou is lower. Besides, by comparing the impacts
of three driving factors, we found that, despite Sanduo, flood
levels of all the income and network stations were most
affected by the upstream flood flow. Previous works have
examined the impact upstream flood flow had on network
stations like Tianhe, and they argued that upstream flood
flow is the most important factor for the PRD flood, despite
the severe dredging of the riverbed and obvious sea-level rise
[14, 23, 25, 34]. Our result here has verified this argument in
network stations as well as the income stations.
Correlation coefficients (CCs) among stations have also
been calculated to double-check the reliability of our quantitative analysis result. CCs among stations that are not
physically connected were not considered. For instance, there
are no river channels connecting Tianhe and Rongqi. Thus,
flood flow or flood level in Tianhe has no influence on the
flood flow or level in Rongqi. These two stations are defined
to be not physically connected. Except for the ones from 1985
to 1995, flood level series from 1959 to 2011 of all gauge stations
have been extracted to calculate CC. Applied flood level series
of each station consists of extreme water level in flood season
for 42 years. CCs among stations are thus calculated by the
following equation:

Cov (𝑋, 𝑌) = 𝐸 (𝑋𝑌) − 𝐸 (𝑋) 𝐸 (𝑌) ,

(8)
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(a) 𝑅upstream
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(b) 𝑅sand-dredging

(c) 𝑅sea-level rise

Figure 4: Spatial pattern of 𝑅.

where 𝑋 is the time series of one station and 𝑌 the other;
𝐸, the expectation of a time series; Cov, the correlation
coefficient of two time series.
Higher value of CC indicates better correlation of hydrological time series in two stations. As is shown in Table 10,
flood level in Tianhe is related to Nanhua the most, and it is
also true for Nanhua the other way around. Flood levels in
these two stations take almost the same impact from flood
variation, sand-dredging, and sea-level rise (Table 8). CCs
among stations are positively connected with the distance
among stations (Tables 9 and 10). It is the same as the spatial
pattern of 𝑅upstream and 𝑅sea-level rise . Furthermore, flood levels
in all the network stations are both connected with Sanshui
and Makou, but CCs of stations with Sanshui are higher.
It is true in Figure 4(a) that 𝑅upstream is higher in Sanshui
than Makou. What is more, as for the connection between
network stations and outlet stations, CC between Zhuyin
and Denglongshan is 2 times higher than any CC between
stations downstream of Makou and other outlet stations. Last
but not the least, Rongqi is more related with Wanqinshaxi
than Nansha (Table 10) and it is the same in Figure 4(c) that
𝑅sea-level rise of Rongqi and Wanqinshaxi is closer.
4.3. Impact of Network Density. Obviously, 𝑅upstream and
𝑅sea-level rise change from income stations to outlet stations
along the flow direction. However, the changing rate slows
down around Jiangmen and Zhuyin. There is 35 km between
Jiangmen and Zhuyin, almost 3 times the distance between
Jiangmen and Tianhe (Table 9). As discussed above, the
impacts on flood level by inflow flood change and rising sea
level are positively correlated with spatial distances among
stations. In this way, the difference of 𝑅upstream or 𝑅sea-level rise
between Jiangmen and Zhuyin is supposed to be almost 3
times that between Jiangmen and Tianhe. The difference of
𝑅upstream between Jiangmen and Tianhe is 3.39%. Somehow,

Table 10: Correlation coefficient (CC) among physically relevant
stations.
Tianhe Jiangmen Zhuyin Nanhua Rongqi
Makou
0.834
0.801
0.548 0.834 0.739
Sanshui
0.966
0.941
0.667 0.964 0.878
Nanhua
0.9997 0.983
0.681
—
0.939
Rongqi
—
—
—
0.939
—
Tianhe
—
0.983
0.684 0.9997
—
Jiangmen
0.983
—
0.696 0.983
—
Zhuyin
0.684
0.696
—
0.681
—
Sanshakou
—
—
—
—
—
Nansha
—
—
—
—
—
Wanqinshaxi
—
—
—
0.427 0.461
Hengmen
—
—
—
0.223 0.360
Denglongshan 0.241
0.265
0.723
—
—

Sanduo
0.804
0.938
—
—
—
—
—
0.383
0.423
0.397
—
—

the one between Jiangmen and Zhuyin is 2.54% rather than
10.17%. Meanwhile, the difference of 𝑅sea-level rise between
Jiangmen and Tianhe is 2.61%, and the one between Jiangmen
and Zhuyin is less than that by being only 0.22%.
Density of river network is inferred to take up the major
responsibility. As is shown in Figure 1 and mentioned in
Section 2.1, river networks around Jiangmen are significantly
denser than other places in the the PRD. There are more river
nodes within the same area. At a node, flood flows towards
diverse directions, or flood flow from multiple branches joins
in the same channel. Due to the terrain features in the PRD,
river channels have developed the most along the “northwestsoutheast” direction [23], and the velocity of flood flow slows
down in river channels that have developed otherwise. Flood
from upstream is thus held up among dense river networks.
As a result, variation of income flood takes more impact on
the dense river network.
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Meanwhile, sea-level rise takes effect on the flood level
through the fluctuation of water body. Its effect tracks back up
the river way and jerks up the in-channel flood within dense
river network when the flow velocity drops. In this way, the
impact of sea-level rise on flood level has also been intensified
in dense river network. To conclude, dense river network in
delta area intensifies the impact on flood level from both the
income flood change and sea-level rise, which explains the
irregular pattern of 𝑅upstream and 𝑅sea-level rise around Jiangmen
and Zhuyin.

5. Conclusions
Flood levels in the Pearl River Delta of China are typically
affected by three major factors, that is, changing flood flow,
riverbed alteration caused by sand-dredging, and sea-level
rise. This study has adopted the multiple variant regression
method proposed by Huang et al. [14] and used and index
𝑅 inspired by Jiang et al. [31] to quantify impacts of these
three factors on flood levels in the PRD. It was found that
the impact of flood flow variation on flood level decreased
from income stations to outlet stations. The impact of sealevel rise on the flood level decreased for station moving away
from the tidal station on coast. Flood level was positively
related to the extent of sand-dredging between the 1980s and
1990s as a result of the deepening of channel bottom. Spatial
pattern of quantitative impacts from three driving factors is
consistent with both the changing pattern of driving factors
and the correlations among stations in the PRD (Figure 4 and
Table 10). Among income and network stations, flood flow
variation causes the most influence on on-site flood level,
then the dredging of the riverbed, and at last the sea-level rise
(Table 8). High channel density can strengthen the impact
from factor variation resulting from both change in upstream
flood flow and sea-level rise around delta outlets.
Result from quantitative cause analysis in this study
would help for further understanding of the connection
between cause and effect and for better misunderstanding
of the causes of floods in the PRD which will further
help in developing flood protection strategies. Recent works
have focused on the delta flood threat from sea-level rise.
However, results in the PRD show that flood variation is the
greatest threat to delta flood. In addition, the results of this
research have also revealed that even severe dredging of the
riverbed resulting from human interference takes more effect
than the sea-level rise. It may indicate that more attention
should be put on the effect from changing income flood flow
and urbanization when people are trying to protect delta
from flood. Also, floods can happen more easily in dense
network. Since dense river network can strengthen the effect
of changing flood flow and sea-level rise, people may need
to worry more about the disastrous result brought about by
climate change within dense river network.
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In this study, we developed a suite of spatially and temporally scalable Water Cycle Indicators (WCI) to examine the long-term
changes in water cycle variability and demonstrated their use over the contiguous US (CONUS) during 1979–2013 using the MERRA
reanalysis product. The WCI indicators consist of six water balance variables monitoring the mean conditions and extreme aspects
of the changing water cycle. The variables include precipitation (𝑃), evaporation (𝐸), runoff (𝑅), terrestrial water storage (𝑑𝑆/𝑑𝑡),
moisture convergence flux (𝐶), and atmospheric moisture content (𝑑𝑊/𝑑𝑡). Means are determined as the daily total value, while
extremes include wet and dry extremes, defined as the upper and lower 10th percentile of daily distribution. Trends are assessed for
annual and seasonal indicators at several different spatial scales. Our results indicate that significant changes have occurred in most
of the indicators, and these changes are geographically and seasonally dependent. There are more upward trends than downward
trends in all eighteen annual indicators averaged over the CONUS. The spatial correlations between the annual trends in means
and extremes are statistically significant across the country and are stronger for 𝑃, 𝐸, 𝑅, and 𝐶 compared to 𝑑𝑆/𝑑𝑡 and 𝑑𝑊/𝑑𝑡.

1. Introduction
The Intergovernmental Panel on Climate Change (IPCC)
stated in its Fifth Assessment Report (AR5) that the global
mean surface temperature has increased by about 0.85∘ C over
the twentieth century and this increase is likely due to the
enhancement of the greenhouse effect [1]. There is growing
evidence that anthropogenic warming would induce an
intensification of the global hydrological cycle that produces
increased atmospheric moisture content, faster evaporation,
more precipitation and runoff, leading to exacerbation of
hydrologic extremes of flooding and droughts, and redistribution of precipitation from the midlatitudes to high and low
latitudes [2–9]. Because of the central importance of water
in the Earth system, any changes in mean, variability, and
extremes of water cycle would have profound impact on our
society and environment. It is essential to closely monitor
water cycle changes and improve our knowledge of how the
water cycle responds to climate change.
Tools for monitoring climate variability and change have
been developed primarily through the use of indicators.

Indicators usually are measurements or calculations that
represent the important features of the status and trend of
climate system and are often used to guide both research
and decisions [10]. There are several commonly used climate
change indictors across the US and the globe. Karl et al.
[11] introduced a combined Climate Extremes Index (CEI)
to quantify observed changes in multiple types of climate
extremes within the contiguous US (CONUS). The CEI is
composed of five components measuring the fraction area of
the CONUS that experiences extremes outside the 90th/10th
percentile in the maximum and minimum temperature,
extreme 1-day precipitation, wet/dry days, and the Palmer
Drought Severity Index (PDSI). A revised version of the
CEI from Gleason et al. [12] is calculated operationally
for different season and year by the US National Ocean
and Atmospheric Administration (NOAA). The US Drought
Monitor (USDM) is one of the widely used drought indices
that incorporates multiple data sources and derivative products from local to national scales [13]. The USDM utilizes a
unique classification system from D0–D4 representing 30th,
20th, 10th, 5th, and 2nd percentile to measure the strength
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of drought. The Expert Team on Climate Change Detection
and Indicators (ETCCDI) was established as a joint venture
of the World Meteorological Organization Commission for
Climatology (CCl) and the World Climate Research Program
Climate Variability and Predictability (CLIVAR) program
to develop climate change indicators focusing on extreme
events [14]. In total, 27 indicators are defined to provide a
comprehensive overview of the changes in temperature and
precipitation extremes. The ETCCD identifies most of the
indicators by means of absolute, threshold, percentile, and
duration values based on daily climate data.
Most studies, however, have addressed only the extreme
aspect of water cycle with main focus on precipitation related
climate change. To our knowledge, very few studies have
been directed toward conducting a comprehensive analysis
of changes in many aspects of water cycle in a warming
climate. In this work, we propose a set of indicators to identify
warming induced changes to several key water balance
variables across the CONUS using a global reanalysis dataset.
They are obtained at a grid point, a region, and the entire
globe over annual, seasonal, and long-term time scales; that
is, they are spatially and temporally scalable. This design
flexibility is valuable for monitoring regional, continental,
and global water cycle variability and hence it is important for
decision-making associated with climate change. Six water
balance variables are selected in this study, precipitation,
evaporation, runoff, moisture convergence flux, atmospheric
moisture content, and terrestrial water storage. To provide a
general picture of water cycle changes, we detect trend in the
indicators of these water variables and determine if existing
trends are statistically significant.
The remaining paper is organized as follows. The methodology is briefly described in Section 2. The results are
presented in Section 3, followed by the conclusions and
discussions in Section 4.

2. Methodology
2.1. Data. Reanalyses have the advantage of generating complete global coverage over long time periods, thus providing
a potential source for studying long-term changes in water
cycle especially for regions where the station data are spare
or unavailable. Reanalysis data have recently been used
in assessing the trends in climate extreme indicators in
conjunction with station and model data [15–17]. We are thus
motivated to utilize the reanalysis product to monitor the
changes in the different aspects of the water cycle.
The water cycle related variables are obtained from
the Modern Era Retrospective-Analysis for Research and
Applications (MERRA [18]), a state-of-the-art reanalysis
that provides the multiyear estimates of atmospheric conditions and land surface fields. MERRA reanalysis is generated by the NASA Global Modeling and Assimilation
Office (GMAO) using the Goddard Earth Observing System
version 5 (GEOS-5) atmospheric GCM through a threedimensional variational (3DVAR) system. Besides in situ
observations, MERRA also assimilates satellite observations,
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including Special Sensor Microwave Imager (SSM/I) radiances, TIROS Operational Vertical Sounder (TOVS) radiances, Atmospheric Infrared Sounder (AIRS) radiances, and
scatterometer-based wind retrievals. MERRA uses Catchment Land Surface Model to improve prediction of the land
surface processes through explicit modeling of subgrid-scale
soil moisture variability and its effect on runoff and evaporation. The soil and vegetation parameters are obtained from
the NASA GEOS-5 GCM. The MERRA data are available for
the entire globe at 1/2∘ ×2/3∘ spatial resolution with 72 hybrid
vertical levels from 1979 to present.
MERRA has the unique Incremental Analysis Update
(IAU) procedure, which could reduce the precipitation spindown problem and improve the stratospheric circulation. But
the water vapor increment in MERRA is found to be affected
by the introduction of Advanced Microwave Sounding Unit
(AMSU-A) series in late 1998, which directly influences
precipitation [19].
2.2. Definition of Water Cycle Indicators. The goal of this
paper is to develop a suite of climate indicators to quantify
the changes of water cycle in the context of warming climate.
IPCC AR5 documented the observed twentieth century
changes in the mean states of the different aspects of water
cycle globally and regionally [1]. Their impact on society is felt
through changes in variability and intensity. In addition to the
mean, frequency, intensity, and duration of extreme events
have also experienced significant changes as manifested
by their adverse effect on infrastructure and community.
Therefore, the Water Cycle Indicators (WCI) are developed in
the study primarily for monitoring the mean conditions and
extreme aspects of the changing water cycle. Specifically, the
WCI indictors contain six water cycle components involved
in the terrestrial and atmospheric water balance equations:
𝜕𝑆
= 𝑃 − 𝐸 − 𝑅,
𝜕𝑡
𝜕𝑊
= 𝐶 + 𝐸 − 𝑃,
𝜕𝑡

(1)

where 𝑆 is terrestrial water storage term, 𝑃 is precipitation, 𝐸
is evaporation, 𝑅 is runoff, 𝑊 is atmospheric moisture content, and 𝐶 is the vertically integrated moisture convergence
flux. The expressions of 𝑊 and 𝐶 are given by
𝑊=

1 𝑃𝑠
∫ 𝑞 𝑑𝑝,
𝑔 0

1 𝑃𝑠
𝐶 = ∇ ⋅ ∫ 𝑞V 𝑑𝑝,
𝑔 0

(2)

where 𝑔 is constant, 𝑃𝑠 is surface pressure, 𝑞 is specific
humidity, and V is wind speed.
For each of six water balance variables in (1), we define
three types of indicators: mean, dry and wet extremes. The
mean indicator is calculated as a normalized anomaly:
𝑦𝑡 =

𝑥𝑡 − 𝑥
,
𝜎𝑥

(3)
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Table 1: A suite of 18 indicators defined for mean, dry and wet extremes of 𝑃, 𝐸, 𝑅, 𝑑𝑆/𝑑𝑡, 𝐶, and 𝑑𝑊/𝑑𝑡.
Mean indicator
Mean 𝑃
Mean 𝐸
Mean 𝑅
Mean 𝑑𝑆/𝑑𝑡
Mean 𝐶
Mean 𝑑𝑊/𝑑𝑡

Dry extreme indicator
Lower 10th percentile of 𝑃
Lower 10th percentile of 𝐸
Lower 10th percentile of 𝑅
Lower 10th percentile of 𝑑𝑆/𝑑𝑡
Lower 10th percentile of 𝐶
Lower 10th percentile of 𝑑𝑊/𝑑𝑡

where 𝑥𝑡 is the water cycle variable at time 𝑡 and 𝑥 and 𝜎𝑥
are the climatological mean and standard deviation of 𝑥𝑡 ,
respectively.
The extreme indicators are based on threshold defined as
percentile. Accordingly, dry and wet extremes are determined
as the lower 10th and upper percentile of distribution, respectively. Similar to (3), normalized time series of extremes is
expressed as
𝑓 −𝑓
,
𝑔𝑡 = 𝑡
𝜎𝑓

(4)

where 𝑓𝑡 denotes the lower or upper 10th percentile value at
time 𝑡 and 𝑓 and 𝜎𝑓 indicate the mean and standard deviation
for corresponding dry or wet extremes.
The complete set of 18 WCI indicators is listed in
Table 1. The defined indicators are aimed for the assessment
of changes in many aspects of the water cycle including
means and extremes. They are also helpful for a better
understanding of climate change and gaining insight into the
impact of changes on human activities and the environment.
Additionally, these indicators could act as the reference data
to evaluate future climate projections and hence to inform
potential consequences of climate change to the public and
policy makers. It is worthy to mention that this suite of
indicators is scalable in space and time. They can be used to
assess the broad scale changes in the water cycle. We mostly
focus on our discussion to assessment of annual and seasonal
aspects of regional change over the CONUS, while we must
point out that the WCI indicators are also capable of global
and continental analysis. The mean and extremes indicators
are calculated from daily MERRA variables on annual and
seasonal basis. For threshold indicators, the values of upper
or lower 10th percentile are computed from daily time series
over each calendar year or individual season during 1979–
2013.
2.3. Estimate of Trend. To determine whether the trends in
WCI indicators are significant, the nonparametric MannKendall (MK) [20, 21] test is adapted and applied. The
MK test is widely used in assessing the significance of
monotonic trends in hydrometeorological time series [22–
24]. This technique is a rank-based procedure, robust to the
influence of outliers. It does not make any assumptions on
the distribution of the data but requires that individual data
values are uncorrelated. This condition is met by taking into
account serial correlation in the residuals when conducting

Wet extreme indicator
Upper 10th percentile of 𝑃
Upper 10th percentile of 𝐸
Upper 10th percentile of 𝑅
Upper 10th percentile of 𝑑𝑆/𝑑𝑡
Upper 10th percentile of daily 𝐶
Upper 10th percentile of 𝑑𝑊/𝑑𝑡

the statistical significance test. Under the null hypothesis 𝐻0
that sample data, 𝑋𝑖 (𝑖 = 1, 2, . . . , 𝑛), are independent and
identically distributed random variables, the MK statistic 𝑆 is
defined:
𝑛−1 𝑛

𝑆 = ∑ ∑ sgn (𝑋𝑗 − 𝑋𝑖 ) ,

(5)

𝑖=1 𝑗=𝑖+1

where sgn assigns 1, −0, or −1 depending on whether 𝑋𝑗 −
𝑋𝑖 is positive, 0, or negative. The standardized statistic 𝑍
is approximated by the standard normal distribution with a
mean of 0 and variance of 1:
(𝑆 − 1)
{
, if 𝑆 > 0,
{
{
𝜎𝑆
{
{
{
if 𝑆 = 0,
𝑍 = {0,
{
{
{
{
{ (𝑆 + 1) , if 𝑆 < 0,
{ 𝜎𝑆

(6)

where the variance 𝜎𝑆 is given by
𝜎𝑆 =

𝑚
1
[𝑛 (𝑛 − 1) (2𝑛 + 5) − ∑𝑡𝑖 (𝑡𝑖 − 1) (2𝑡𝑖 + 5)] , (7)
18
𝑖=1

where 𝑚 is the number of tied groups and 𝑡𝑖 is the number
of data points in 𝑖th tied group. If |𝑍| > 𝑍1−𝛼/2 , the null
hypothesis 𝐻0 is rejected at significance level 𝛼. A positive
(negative) value of 𝑍 indicates an upward (downward)
monotone trend for the data 𝑋𝑖 .
The magnitude of the trend is calculated as the slope 𝑚 of
the Kendal-Theil robust line [25]:
𝑋 = 𝑚𝑡 + 𝑏,

(8)

where 𝑡 is time and the slope 𝑚 is expressed as
𝑚 = median (

𝑋𝑖 − 𝑋𝑗
𝑖−𝑗

) , ∀𝑗 < 𝑖,

(9)

for 𝑗 = 2, 3, . . . , 𝑛. The intercept 𝑏 is solved by
𝑏 = median (𝑋) − 𝑚 ∗ median (𝑡) .

(10)

2.4. Probability Density Function (PDF). In order to determine if there was a temporal change in the distributions
of the above indicators over the study period, we compare
the probability distributions of given indicator over two
independent 17-year periods, 1979–1995 and 1996–2012. For
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Table 2: Percentage of significant upward (indicated by ↑) and significant downward (indicated by ↓) trends over the CONUS for indicators
of 𝑃, 𝐸, 𝑅, 𝑑𝑆/𝑑𝑡, 𝐶, and 𝑑𝑊/𝑑𝑡.
Indicators
Mean 𝑃
Mean 𝐸
Mean 𝑅
Mean 𝑑𝑆/𝑑𝑡
Mean 𝐶
Mean 𝑑𝑊/𝑑𝑡
Dry extreme of 𝑃
Dry extreme of 𝐸
Dry extreme of 𝑅
Dry extreme of 𝑑𝑆/𝑑𝑡
Dry extreme of 𝐶
Dry extreme of 𝑑𝑊/𝑑𝑡
Wet extreme of 𝑃
Wet extreme of 𝐸
Wet extreme of 𝑅
Wet extreme of 𝑑𝑆/𝑑𝑡
Wet extreme of 𝐶
Wet extreme of 𝑑𝑊/𝑑𝑡

Annual
↑
20.2
22.6
14.2
4.0
19.2
0.4
2.1
35.1
2.6
34.6
11.5
0.8
19.9
21.0
12.2
12.6
30.2
37.6

↓
29.6
33.0
25.6
1.6
27.1
0.4
21.9
14.3
6.2
13.0
27.0
43
24.2
29.5
26.7
30.3
12.2
1.3

Winter
↑
27.1
35.2
12.9
17.3
3.9
2.0
2.9
27.5
1.3
25.0
6.0
6.2
23.7
28.9
10.6
18.2
8.9
20.6

Spring
↓
8.0
16.0
19.1
8.9
35.2
29.1
6.0
8.1
1.6
21.2
17.9
18.1
7.1
24.4
18.1
8.8
22.4
5.6

each WCI, PDF was obtained by binning annual (or seasonal)
values and calculating the corresponding probabilities. The
sum of area below PDF curve across all bins is normalized
to 1. We examine if the distribution for the period 1979–1995
differs from the distribution for 1996–2012. The nonparametric Kolmogorov-Smirnoff test is used to test whether the
probability distributions of one specific indicator from two
time periods are significantly different or not.

3. Results
One of the appealing features of the WCI indicators is the
ability to analyze long-term changes in the water cycle at
various temporal and spatial scales. In this section, we present
spatial pattern of changes in WCI indicators and temporal
variation of spatially averaged indicators to assess the annual
and seasonal characteristics of water cycle changes over the
CONUS.
3.1. Trends in Annual Indicators. Figure 1 shows the spatial
maps of trend in mean and extremes indicators for six
water balance components over the CONUS for the period
1979–2013 derived from MERRA. Regions where trend is
statistically significant at the 5% level are denoted by hatching.
The annual mean 𝑃 shows a significant tendency toward
wetter conditions over a large part of east coast and west north
central areas, whereas significant drying trends are located
over central and west coast during the past 35 years. Previous
observational studies by Kunkel et al. [26] reported local
increase of annual 𝑃 in the central and southwest regions
over 1931–1990 period, while Groisman et al. [27] found

↑
11.5
22.4
4.8
16.0
14.4
23.1
1.4
19.7
0.6
26.7
11.1
5.7
17.2
18.8
8.3
17.9
10.8
17.1

↓
33.8
30.8
31.5
15.5
32.6
8.2
5.9
21.6
2.2
10.4
23.5
19.7
18.2
25.4
26.0
15.9
19.7
12.3

Summer
↑
↓
17.2
32.3
16.9
32.4
7.3
18.3
31.6
10.0
26.8
24.4
14.2
6.7
2.9
1.6
11.7
35.9
0.5
1.0
25.0
11.7
11.0
29.0
3.1
32.8
15.7
26.4
19.5
22.7
7.1
22.6
11.9
25.8
24.9
10.8
31.5
2.9

Fall
↑
8.4
17.5
9.3
5.2
22.1
5.6
0.4
12.2
0.4
27.0
17.7
9.0
9.4
19.8
8.9
5.1
22.8
14.4

↓
17.9
22.6
15.1
17.5
10.8
5.5
7.4
18.6
1.8
20.1
10.3
13.4
19.2
27.1
21.2
28.6
6.7
8.6

the increase in the central region with decrease over the
southwestern area during 1900–2002. Since these studies used
different time periods for trend analysis, their results cannot
be directly compared with our results.
According to Table 2, 20.2% of the CONUS shows significant upward trend in mean 𝑃 while 29.6% of the nation shows
significant downward trend. The temporal evolution of each
indicator averaged over the nation during 1979–2013 period
is shown in Figure 2. The formula and red line represent the
Kendall-Theil robust line in each panel. Nationally averaged,
mean 𝑃 has slightly decreased by ∼0.008/year (bot not
significant) since 1979. Although several studies found a
nationwide increase of annual total precipitation [26–28],
they are based on different station data spanning a variety of
time periods.
Dry extreme of 𝑃 is an indicator of extremely dry
condition and exhibits a tendency toward drier conditions
over southwest and northeast regions and conversely wetter conditions over the remaining country. However, these
changes are small and mostly are not statistically significant.
This general pattern is also reflected in the national time
series (Figure 2) showing a nonsignificant decrease from 1979
to 2013. For 𝑃 wet extreme, a potential flood indicator, the
trend patterns are remarkably similar to the changes of mean
𝑃. It can be seen that 19.9% of the nation has experienced
significant increase of intense 𝑃 concentrated over the eastern
and southern coastal regions as opposed to 24.2% with
significant decrease predominantly occurred over northwest
and central regions between 1979 and 2013. Similar to mean
𝑃, the nationally averaged 𝑃 wet extreme shows a decline over
the past several decades with steeper slope than mean and
dry extreme indicators. Earlier observational studies of trends
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Figure 1: Trends (per year) in the annual WCI indicators of mean, dry extreme, and wet extreme of 𝑃, 𝐸, 𝑅, 𝑑𝑆/𝑑𝑡, 𝐶, and 𝑑𝑊/𝑑𝑡 for 1979–2013
in MERRA. Hatching indicates trends that are statistically significant at the 5% level.
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Figure 2: Annual time series of mean, dry extreme, and wet extreme WCI indicators of 𝑃, 𝐸, 𝑅, 𝑑𝑆/𝑑𝑡, 𝐶, and 𝑑𝑊/𝑑𝑡 for 1979–2013 in MERRA.
Equation and red line in each panel represent the Kendall-Theil robust line. Solid and dash red lines indicate significant and nonsignificant
trends at the 5% statistical level.
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Table 3: Spatial correlation between the trend in mean and extremes indicators of 𝑃, 𝐸, 𝑅, 𝑑𝑆/𝑑𝑡, 𝐶, and 𝑑𝑊/𝑑𝑡 over the CONUS. The
coefficients are highlighted with asterisk mark if they are statistically nonsignificant at 5% level.
Annual
Indicators
Mean 𝑃
Mean 𝐸
Mean 𝑅
Mean 𝑑𝑆/𝑑𝑡
Mean 𝐶
Mean 𝑑𝑊/𝑑𝑡

Dry extreme

Wet
extreme

0.39
0.57
0.35
0.09
0.83
−0.05

0.93
0.91
0.90
0.03∗
0.64
0.15

Winter
Dry
Wet
extreme
extreme
−0.15
0.83
0.13
0.12
0.59
−0.22

0.87
0.92
0.88
0.66
0.41
0.35

in extreme indicators have revealed significant changes in
extreme precipitation across the country in the regional [26–
28] and global [14, 29, 30] analysis. However, their definitions
and thresholds of extremes are quite different from this study
and thus make it difficult to directly compare our results with
previous findings.
To further determine the relation between the mean
and the extremes, we also calculated the spatial correlations
between the annual trends in mean and extremes for each
indicator over the CONUS (Table 3) using Pearson productmoment correlation. It is noted that the correlation coefficients for mean 𝑃 with respect to dry and wet extremes
are 0.39 and 0.93, respectively, which is consistent with their
trends changes in Figures 1 and 2. The high correlation
between the mean and wet extreme of precipitation is also in
agreement with the findings of [26], who showed that most of
the increase in annual precipitation is associated with more
intense and frequent precipitation over the CONUS during
the last sixty years.
The 𝐸 indicators exhibit similar patterns of changes to
the trends of mean and wet extreme of 𝑃 over the 35-year
period. A vast area of the Midwest also exhibits significant
increase in dry extreme, leading to a larger percentage of
the nation showing positive trend in dry extreme (35.1%)
than mean and wet extreme (22.6% and 21%). Furthermore,
each averaged 𝐸 indicator has stronger decreasing trend than
the corresponding 𝑃 indicator with mean 𝐸 changing at the
fastest rate (Figure 2). For 𝐸 indicators, the correlation is
higher between mean and wet extreme than dry extreme
(Table 3). Such relationship is in agreement with 𝑃 indicators
but the correlation between mean and dry extreme is bigger
in 𝐸 than 𝑃 due to more positive changes occurring in dry
extreme of 𝐸.
Spatial distribution and correlation of trends in 𝑅 indicators agree well with the 𝑃 and 𝐸 indicators (Figure 1).
However, trends of 𝑅 have smaller magnitude and lower
level of statistical significance. This difference is also seen
in Table 2, which shows smaller percentage of the nation
identified as having significant trends in comparison with 𝑃
and 𝐸 indicators. In addition, the nationally averaged mean
and wet extreme of 𝑅 show increasing trend in contrast to
the downward trend in both 𝑃 and 𝐸 indicators. This is
probably because more precipitation turns into runoff as 𝐸
shows smaller decreasing rate than 𝑃.

Spring
Dry
Wet
extreme
extreme
0.45
0.78
0.24
0.28
0.72
0.12

0.86
0.92
0.87
0.50
0.51
−0.02∗

Summer
Dry
Wet
extreme
extreme
0.29
0.92
0.26
0.38
0.79
−0.01∗

0.92
0.93
0.84
0.45
0.61
0.10

Fall
Dry
extreme

Wet
extreme

0.16
0.70
0.15
−0.14
0.75
0.07

0.86
0.94
0.89
0.59
0.37
−0.04

The significant increase of mean and dry extreme of 𝐶 has
been observed over parts of central and southwest regions.
These patterns are apparently opposite to the most of the
indicators in above-mentioned three water balance variables.
This is somewhat expected according to water balance equations (1). The wet extreme of 𝐶 shows a widespread and
significant increase over much of the country, leading to
more significant positive changes than significant negative
change compared to the other two 𝐶 indicators (Table 2).
Mean 𝐶 is highly correlated with each of extreme indices
but dry extreme has a larger coefficient than wet extreme
(0.83∼0.64). Such relationship is also noted in the national
series (Figure 2), which shows decreasing trend in mean and
dry extreme indicators and increasing trend in wet extreme.
The trends in two water storage variables, 𝑑𝑆/𝑑𝑡 and
𝑑𝑊/𝑑𝑡, differ considerably from the other indicators. Most
notably the mean trends appear spatially more heterogeneous
and statistically not significant, resulting in fewer areas of
significant changes (Table 2) and smaller national trends
(Figure 2). In addition, dry extreme displays opposite changes
with wet extreme for both 𝑑𝑆/𝑑𝑡 and 𝑑𝑊/𝑑𝑡, as evident
from their spatial patterns, significance percentage, and
national series. For these two water storage indicators, the
mean and extremes have weaker relations compared to the
other four water variables as evidenced by smaller and even
nonsignificant correlation coefficients, for instance, mean
and dry extreme of 𝑑𝑆/𝑑𝑡.
Given the trends patterns identified by each of WCI
indicators, we are interested in looking at the general picture
of changes in water cycle variability. Figure 3 shows the sum
of signs of annual trends from all 18 indicators across the
county. Regions with positive sums are located along a large
area over eastern coast, parts of north, northwest coast, and
west with the maximum value exceeding 12. In contrast, there
are widespread and coherent negative values appearing over
much of central, southwest, and large portion of northwest,
where the maximum sum lies above 12. This contrast pattern
is pretty much consistent with annual trends in most of the
indicators and further reinforces that water cycle displays
varied geographical features associated with climate change.
To further illustrate the spatial scalability of the WCI indicators, we show in Figure 4 the time variations of indicators
for water balance variables at two different spatial domains,
a small region over the east coast (RG1 hereafter) and one
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Figure 3: The sum of signs of annual trend changes of all 18 WCI
indicators over the CONUS.

grid in the central region (RG2 hereafter), denoted by red box
and red dot in Figure 3, respectively. The region RG1 locates
over the eastern region where positive changes of many WCI
indicators have been observed, while RG2 locates in the swath
of negative changes. Not surprisingly, there is significant
increase in most of the indicators over the RG1 with several
mean and dry extreme indicators showing decline over the
35-year period. There is much more significant decreasing
trend than significant increasing trend in the time series of
indicators over RG2.
3.2. Trends in Seasonal Indicators. Besides spatial scalability, the WCI indicators are also scalable on different
temporal regimes. In this section, we examine the trends
in seasonal WCI indicators associated with climate change
over the CONUS. Seasons are defined as follows: winter
(December-January-February), spring (March-April-May),
summer (June-July-August), and fall (September-OctoberNovember). The spatial patterns of trends (Figures 5 and 6)
and time series (Figure 7) are presented for all indicators
during summer and fall over the period of 1979–2013.
Seasonal trends in all indicators are generally consistent with
annual results but differing in magnitude and significance.
We found that the spatial trends in 𝑃 and 𝐸 indicators during
fall tend to agree well with the corresponding annual patterns,
suggesting that the changes observed in annual indicators
mainly are attributed by fall and, to a less extent, summer.
For 𝑅, 𝐶, and 𝑑𝑊/𝑑𝑡 indicators, annual trends are primarily
affected more by summer changes, while spring (not shown)
contributes to the annual change of 𝑑𝑆/𝑑𝑡. The trends in dry
extremes of 𝑃 and 𝑅 are mostly nonsignificant in all seasons
with less than 9% of the nation showing significant changes in
each season (Table 2). In general, the most significant changes
occur in summer with the least significant changes appearing
in fall. In addition, more areas exhibit positive changes for 𝑃,
𝐸, and 𝑑𝑆/𝑑𝑡 indicators during winter (not shown) and for 𝐶
indicators during fall.
Generally, the national series show a mixed of upward and
downward trends across the seasons although these trends

are mostly nonsignificant (Figure 7). Overall, there are more
positive changes than negative changes in winter and fall
where at least two upward trends are observed in each of
the 𝑃, 𝐸, 𝑅, and 𝑑𝑆/𝑑𝑡 indicators. Notably, fall has the most
positive trends in the mean and dry extreme indicators, while
the most increased wet extreme events have occurred in
winter. Large number of decreasing trends are found in spring
and summer with four to five negative trends for each of mean
and extremes indicators.
Throughout all seasons, trends in wet extremes of 𝑃, 𝐸,
𝑅, and 𝑑𝑆/𝑑𝑡 are highly correlated with the means than the
corresponding dry extreme (Table 3), which is opposite to
𝐶 indicators. The strongest relation occurs in 𝑅 indicators
across all seasons with coefficients constantly above 0.7. The
correlation coefficients for 𝑑𝑆/𝑑𝑡 are considerably small and
nonsignificant except in fall, indicating the weakest relation
between the mean conditions and the extremes.
Like annual analysis, we also combine the signs of trends
of all 18 indicators for all seasons as shown in Figure 8.
Overall, seasonal sums exhibit similar patterns to those
observed in annual results. It is evident that summer generally
appears to bear the most similarity to annual pattern with
discernible differences in winter where parts of central and
southwest show larger positive values. The results are in
general consistent with the pattern of trends from individual
index and further highlight the seasonal aspects of water cycle
changes.
3.3. Decadal Changes in the PDFs. To further investigate
the long-term changes in water cycle variability, we present
the PDFs for annual WCI indicators for the periods 1979–
1995 and 1996–2012 in Figure 9. For each index, time series
from across the country are used to generate PDFs for each
of the two periods. We found that the distributions of all
the indicators from different time periods are significantly
different. The figure indicates a small shift toward drying
conditions associated with a shift toward decreased extremes
in the 𝑃 indicators between 1996 and 2012 when compared
to 1979–1995. There are also visible shifts in 𝐸 corresponding
to decreased mean and wet extreme along with increased dry
extreme. The distributions of the 𝑅 indicators show a marked
reduction in the mean and extremes during the most recent
decade. For 𝑑𝑆/𝑑𝑡, the PDFs exhibit little change in the mean
accompanied with slight increase in dry extreme and decrease
in wet extreme. Mean and dry extreme of 𝐶 and 𝑑𝑊/𝑑𝑡 have
significantly decreased over the recent 17-year period but the
corresponding wet extremes have increased.
For all the indicators, we also calculated the PDFs in all
the seasons over two different periods. During each season,
the PDFs for the period 1979–1995 are statistically significant
compared to those for the 1996–2012 period for every index.
The changes in general are more pronounced in summer
(Figure 10) with least changes generally occurring in fall
(Figure 11). The 𝑃 PDFs for summer show a similar pattern of
change to annual values although of larger magnitude. Means
of 𝑃 in spring (not shown) and fall also exhibit a tendency
toward drying conditions that is consistent with the annual
change, whereas winter mean 𝑃 shows a shift toward wetter
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Figure 4: Same as Figure 2 but for RG1 and RG2, which are denoted by red box and red dot, respectively, in Figure 2. Red and blue lines
indicate time series of indicators for RG1 and RG2, while light red and light blue represent the Kendall-Theil robust lines for RG1 and RG2.

conditions. Note that some seasonal extremes show nonGaussian distributions such as 𝑃 and 𝑅 in fall, which could
affect the resulting significance test and make the results
difficult to interpret. The largest changes in 𝑅 indicators are
observed in spring and summer where the distributions of
mean and extremes show apparent shifts. This is likely related

to snowmelt and convective rainfall events induced runoff
changes during these two seasons. The 𝑑𝑆/𝑑𝑡 indicators have
changed substantially throughout the seasons with visible
shifts in the distributions. The PDFs of 𝐶 and 𝑑𝑊/𝑑𝑡 in
summer and winter are generally similar to annual patterns.
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Figure 5: Same as Figure 1 but for summer.
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Figure 7: Same as Figure 2 but for winter, spring, summer, and fall, indicated by purple, green, red, and blue. The Kendall-Theil robust line
is denoted by the same light color of the corresponding season.

4. Conclusions and Discussions
This study presented a suite of spatially and temporally
scalable climate indictors to examine the long-term changes
in water cycle variability across the CONUS over the period

1979–2013 using MERRA. The indicators consist of six
water balance variables monitoring the mean conditions and
extreme aspects of the following: precipitation, evaporation,
runoff, vertically integrated moisture convergence flux, and
terrestrial and atmospheric water storage changes. The means
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Figure 8: Same as Figure 3 but for winter, spring, summer, and fall.

are defined as daily total value, while extremes are determined
as upper (wet) and lower (dry) tails of daily distribution based
on the 10th percentile value.
Trends and statistical significance are estimated for
annual and seasonal indicators across different spatial scales.
The annual analysis found statistically significant increase
along northeast, southeast, west north central, and northwest
coastal areas of the CONUS but significant decrease over the
remaining country in most of 𝑃, 𝐸, and 𝑅 indicators during
the 35-year period. The significant increase in 𝐶 indicators
was detected over much of central and southwest with a large
portion of the eastern coast regions showing more positive
changes for wet extreme. Throughout the country, these four
indicators generally have more significant negative changes
than significant positive changes, which is also reflected in
their averaged time series showing decreasing trends except
in 𝑅 and 𝐶. The mean 𝑑𝑆/𝑑𝑡 and 𝑑𝑊/𝑑𝑡 indicators do not
show significant changes although the patterns are mixed,
consistent with their smaller national trends. The opposite
changes have been observed in extremes for both 𝑑𝑆/𝑑𝑡 and
𝑑𝑊/𝑑𝑡 as evident from the corresponding spatial pattern and
temporal variability. The results also reveal that the national
trends in means are greater than trends in dry extremes
except in 𝑅 and 𝑑𝑊/𝑑𝑡 and smaller than trends in wet
extremes except in 𝐶 although most of these trends are not
statistically significant.

In general, there are statistically significant correlations
between the trends in means and extremes across the country.
The spatial correlations between trends in extremes and
trends in means are stronger for 𝑃, 𝐸, and 𝑅 than for 𝑑𝑆/𝑑𝑡
and 𝑑𝑊/𝑑𝑡. Trends in 𝑃, 𝐸, and 𝑅 means are highly correlated
with the corresponding wet extremes than the corresponding
dry extremes, while mean 𝐶 has higher correlation with dry
extreme than wet extreme. The strong relationship between
the trends in means and extremes implies that the same
driver is responsible for the long-term changes of means and
extremes.
A partition of entire dataset between 1979 and 2013 into
two equal time periods suggests that the probability distributions of all eighteen indicators are significantly different
between 1979–1995 and 1996–2012 over the nation. The 𝑃
indicators exhibit a tendency toward drying conditions in
mean associated with shift toward less intense extremes in
the most decade. The distributions for 𝐸 indicators show
shift towards decreased mean and wet extreme along with
increased dry extreme. There is also visible reduction in the
mean and extremes of 𝑅 during 1996–2012 compared to 1979–
1995. For 𝑑𝑆/𝑑𝑡, 𝐶, and 𝑑𝑊/𝑑𝑡, apparent shifts are observed
in the distributions of mean and extremes.
Seasonal trends show similar patterns to those observed
in annual results but with different magnitude and statistical
significance. For instance, annual trends of 𝑃 and 𝐸 mostly

14

Advances in Meteorology
Mean
P

0.6

Dry extreme
P

0.6

0.8

0.4

0.4

0.2

0.4

0.2

0.0

0.0

0.0

−6

−4

−2

0

2

4

6

E

0.6

−6

−4

−2

0

2

4

6

E

0.6

−6

0.4

0.4

0.2

0.2

0.2

0.0

−6

−4

−2

0

2

4

6

−4

−2

0

2

4

6

R

−6

0.2

0.2

0.0

0.0

0.0

−4

−2

0

2

4

6

dS/dt

0.6

−6

−4

−2

0

2

4

6

dS/dt

0.6

0.4

0.2

0.2

0.2

0.0

−4

−2

0

2

4

6

C

0.6

−4

−2

0

2

4

6

C

0.4

0.2

0.2

0.2

0.0

−2

0

2

4

6

dW/dt

0.6

−4

−2

0

2

4

6

dW/dt

0.6

0.2

0.2

0.2

0.0

0.0

0.0

1979–1995
1996–2012

0

2

4

6

−2

−4

−2

−6

−4

−2

1979–1995
1996–2012

0

−4

−2

4

6

0

2

4

6

0

2

4

6

2

4

6

0

2

4

6

2

4

6

dW/dt

0.6
0.4

−2

2

C

−6

0.4

−4

0

0.0

−6

0.4

−6

−4

0.6

0.4

−4

−2

dS/dt

−6

0.4

−6

6

0.0
−6

0.6

0.0

−4

0.6

0.4

−6

4

R

−6

0.4

0.0

2

0.4

0.4

−6

0
E

0.6

0.8

0.4

−2

0.0

−6

R

0.6

−4

0.6

0.4

0.0

Wet extreme
P

−6

−4

−2

0

1979–1995
1996–2012

Figure 9: Annual probability distribution functions for mean, dry extreme, and wet extreme WCI indicators of 𝑃, 𝐸, 𝑅, 𝑑𝑆/𝑑𝑡, 𝐶, and 𝑑𝑊/𝑑𝑡
over periods 1979–1995 and 1996–2012.

resemble the changes in fall, while annual patterns of 𝑅,
𝐶, and 𝑑𝑊/𝑑𝑡 are more consistent with summer changes.
The most significant changes occur in summer whereas the
least significant changes tend to occur in fall. Overall, there

are more positive national trends than negative national
trends in winter and fall where each of 𝑃, 𝐸, 𝑅, and 𝑑𝑆/𝑑𝑡
indicators exhibits at least two upward trends. Seasonally,
trends in means are highly correlated with trends in extremes
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Figure 10: Same as Figure 9 but for summer.

except for 𝑑𝑊/𝑑𝑡 which has smaller and even nonsignificant
correlation coefficients. Summer has the most pronounced
changes in the probability distributions while the least
changes appear in fall.

It is worthy to mention that the changes in the water cycle
could pose a significant challenge to societies and ecosystems.
For instance, as extreme precipitation increases, both dry and
wet conditions can intensify, leading to prolonged drought
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Figure 11: Same as Figure 9 but for fall.

or flash flooding. Drought is one of the most costly natural
hazards affecting agriculture crops, vegetation cover, and
water supplies. On the other hand, heavy rainfall increases
runoff and can destroy infrastructure, contaminate water
bodies, and threaten public health.

The indicators proposed in this study are valuable in
monitoring regional and global changes in water cycle variability. However, the results from reanalysis data should be
interpreted with caution. Reanalyses are essentially model
output constrained by available observations. Variables such
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as precipitation are usually not directly assimilated to the
forecast model. Furthermore, reanalyses are subject to inhomogeneities due to changes in the satellite observing system.
These issues may affect the estimated trends in mean and
extreme indicators presented here.
Our results cannot be directly compared with the previous trend analysis [26–28] as they use station data with
different time periods based on different methodology. On
the other hand, the station data only represent the value of
a point location, while the reanalysis data are representative
of the area average of a grid. In addition, in situ observations
are often affected by the changes in observation time, instrumentation, and station location. Therefore, there is need to
develop the effective approaches for comparing the trends
derived from station and reanalysis data. Such comparison is
useful for improving the representation of relevant processes
in reanalysis products.
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Under the impact of climate change and human activities, the stationarity of hydrometeorological extreme value series has been
losing in many regions, which makes occurrence rules of hydrometeorological extreme events more complicated. In this study,
the efficiencies of trend test methods such as Spearman rank correlation test and Mann-Kendall test, as well as the efficiencies of
change-point test methods such as moving T test, moving rank sum test, Pettitt test, and sequential Mann-Kendall test were analyzed
quantitatively through Monte Carlo simulation. Five representative level stations in the Yangtze River estuary were selected, and the
methods listed above were used in the trend and change-point detection of the annual maximum tidal level records in the period of
1950–2008. It was found that obvious rising tendency existed in the annual maximum tidal level series for all these 5 stations, and
year 1980 (for 3 stations) and year 1979 (for 2 stations) were statistically significant change-points. Two subseries were divided with
the change-point as the dividing point for all these actual series in the stations. Frequency analyses were carried out, respectively,
for all of the subseries, and the impact of nonstationary changes in annual maximum tidal levels on probability distribution was
evaluated quantitatively.

1. Introduction
In a relatively stable environment, hydrometeorological extreme value series are often seen as pure random variables
drawn independently and randomly from the identical population distribution. The statistical parameter of population
distribution can be estimated from the instrument records by
hydrological frequency analysis. However, under the impact
of climate change and human activities, the stationarity of
hydrometeorological extreme value series has been losing in
many regions in the world. In view of the magnitude and
ubiquity of the hydroclimatic change, Milly et al. [1] asserted
that stationarity should no longer serve as a default assumption in water-resource risk assessment and planning, and a
suitable successor should be found for human adaptation to
changing climate.
By now, there are numerous studies focused on trend
detection methods [2–10] and change-point detection methods [11–20], which have been used in the trends and

change-points detection for rainfall, runoff, evaporation,
temperature, and sediment discharge worldwide [21–30].
However, in these reports, there are seldom researches on the
efficiencies of variation detection methods and the reasons
for nonstationary changes. Owing to the limited understanding of the driving factors and mechanisms of hydrometeorological extreme value sequence variation, evaluation of water
resources and flood risk under changing environment has
become the focus and challenge in current researches.
The area around the Yangtze River estuary is one of the
most developed regions in China with a high density of
population, high speed of urbanization, and high vitality of
economic development. Considering its low and flat topography, together with the frequent occurrence of storm surges,
flood prevention was mainly realized through embankment
projects in this area. With the global climate change, rapid
urbanization and hydraulic engineering constructions have
taken place in this area. Therefore, it is necessary to detect
the nonstationary change of annual maximum tidal level in
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Figure 1: Locations of typical tidal gauge stations in the Yangtze River estuary.

the Yangtze River estuary and reevaluate the risk of annual
maximum level exceeding certain extreme values, so as to
provide scientific foundation for flood protection.

2. Study Area and Related Data
As the longest (6300 km) river in China, the Yangtze River
extends from the Qinghai-Tibet Plateau and runs eastward
into the East China Sea. Datong hydrological station, located
at 642 km upstream of the river mouth, which is just free
from tidal influences during low flow season, was selected
as the control station of upstream discharge in this study.
The study area is located in the Yangtze River estuary, which
can be characterized as a system of tidal channels of threeorder bifurcation with four outlets into the sea (Figure 1).
The North and South Branches are the first-order bifurcation.
These branches are separated by the Chongming Island. The
South Branch can be further divided into the North Channel
and the South Channel by Changxing Island and Hengsha
Island. The South Channel can be deeply divided into the
North Passage and the South Passage by the Jiuduansha shoal.

At present, the South Branch is the main channel carrying
water and sediment.
In this study, 5 national tide stations in the Yangtze
River estuary were selected as the representative stations,
namely, Jiangyin, Tianshenggang, Xuliujing, Wusong, and
Gaoqiao, the locations of which were shown in Figure 1.
Annual maximum tidal level records during the period from
1950 to 2008 of these stations were used. All these data
were monitored data provided by the Yangtze River Water
Conservancy Commission, Ministry of Water Resources of
China, except for the data from 1961 to 1981 in Xuliujing
station, the data from 1950 to 1953 in Tianshenggang station,
and the data from 1950 to 1964 in Gaoqiao station, which were
deduction data obtained by interpolation method.

3. Methodology
3.1. Trend Test Methods. Many methods have been developed
to detect the tendency in hydrometeorological variable. In
this study, Spearman rank correlation test and Mann-Kendall
test were investigated.
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3.1.1. Spearman Rank Correlation (SRC) Test. The original
sequence of time order 𝑋𝑖 (𝑖 = 1, 2, . . . , 𝑛) is rearranged and
renumbered from small to large (starting from 1); the number
corresponding to every value is defined as its rank 𝑅𝑖 . In
SRC test, the null hypothesis is that there is no trend in the
sequence. The test statistic 𝑡SRC is calculated with (1) as follows
(for details, see [29]):
𝑡SRC = 𝑟SRC (

𝑛−2
)
2
1 − 𝑟SRC

1/2

,

(1)

where 𝑛 is the length of time series and 𝑟SRC is Spearman rank
correlation coefficient, which is given by
2

𝑟SRC = 1 −

6 ∑𝑛𝑖=1 (𝑅𝑖 − 𝑖)
,
𝑛3 − 𝑛

(2)

where 𝑖 is the chronological order and 𝑅𝑖 is the rank of
observation 𝑋𝑖 corresponding to the chronological order of
𝑖.
Statistic 𝑡SRC is almost in a 𝑡-distribution with degree of
freedom 𝜐 = 𝑛 − 2. The critical value 𝑡𝛼/2 is obtained based
on 𝜐 and the significance level 𝛼. If |𝑡SRC | ≤ 𝑡𝜐,𝛼/2 , the null
hypothesis should be accepted, or the null hypothesis should
be rejected.
3.1.2. Mann-Kendall (MK) Test. The MK test is a nonparametric rank based test [2, 3]. In MK test, the null hypothesis
is that there is no trend in the sequence, and the test statistic
𝑆 is defined as follows:
𝑛

𝑖−1

𝑆 = ∑ ∑ sgn (𝑥𝑖 − 𝑥𝑗 ) ,

(3)

𝑖=2 𝑗=1

among which 𝑛 is the length of time series, 𝑥𝑗 and 𝑥𝑖 are both
values in the series, and sgn( ) is a sign function:
−1 for (𝑥𝑖 − 𝑥𝑗 ) < 0,
{
{
{
{
sgn (𝑥𝑖 − 𝑥𝑗 ) = {0
for (𝑥𝑖 − 𝑥𝑗 ) = 0,
{
{
{
for (𝑥𝑖 − 𝑥𝑗 ) > 0.
{1

(4)

If 𝑛 ≥ 10, the statistic 𝑆 is almost in normal distribution;
the standardized statistic 𝑍 is calculated with the following
equation:
(𝑆 − 1)
{
{
{
√
𝑛 (𝑛 − 1) (2𝑛 + 5) /18
{
{
{
𝑍 = {0
{
{
{
(𝑆 + 1)
{
{
{ √𝑛 (𝑛 − 1) (2𝑛 + 5) /18

3.2. Change-Point Test Methods. Different methods have
been developed to test the change-points in the hydrometeorological variables. In this study, moving T test [31], moving
rank sum test [18], Pettitt test [32], and sequential MannKendall test [29] methods were studied.
3.2.1. Moving T (MT) Test. In the moving T test, to find
out the change-point, we successively set the change-point
in different time point 𝑛1 (1 ≤ 𝑛1 ≤ 𝑛 − 1). For every time
point, the original series 𝑋𝑡 were divided into two subseries
(𝑥1 , 𝑥2 , . . . , 𝑥𝑛1 ) and (𝑥𝑛1 +1 , 𝑥𝑛1 +2 , . . . , 𝑥𝑛1 +𝑛2 ), among which
𝑛1 + 𝑛2 = 𝑛. The null hypothesis is that, before and after the
change-point, both subseries are from the same population.
Statistic 𝑡 is calculated with (6) as follows:
𝑡
=

𝑎1 − 𝑎2
√((𝑛1 −

1) 𝑠12

+ (𝑛2 −

(5)

𝑆 < 0.

The statistic 𝑍 follows standard normal distribution, and
the critical value 𝑍𝛼/2 is calculated based on the significance
level 𝛼. If |𝑍| > 𝑍𝛼/2 , the null hypothesis should be rejected,
or the null hypothesis should be accepted.
In this study, we selected 0.05 as significance level in all
statistical tests and considered only monotonically increasing
or decreasing trend, even though there could be other
patterns of trend.

+ 𝑛2 − 2)√1/𝑛1 + 1/𝑛2

,

(6)

where 𝑛1 and 𝑛2 are the lengths of the two subseries; 𝑎1 and
𝑎2 are the averages of the two subseries; 𝑠1 and 𝑠2 are the
variances of the two subseries.
Null hypothesis is assumed to be true, and statistic 𝑡 obeys
𝑡-distribution with the freedom degree 𝜐 = 𝑛1 + 𝑛2 − 2.
The critical value 𝑡𝛼/2 can be obtained based on the freedom
degree 𝜐 and the significance level 𝛼. If |𝑡| > 𝑡𝛼/2 , the null
hypothesis should be rejected, or the null hypothesis should
be accepted.
Responding to the different time point 𝑛1 , a series of
statistics 𝑡 are obtained. In all the possible change-points
which could meet the condition that |𝑡| > 𝑡𝛼/2 , the point
which can make |𝑇| statistics the maximum value is the most
possible change-point.
3.2.2. Moving Rank Sum (MRS) Test. In the moving rank
sum test, to find out the change-point, we successively set the
change-point in different time point 𝜏0 (1 ≤ 𝜏0 ≤ 𝑛 − 1).
For every time point, the original series were divided into
two subseries whose lengths are 𝑛1 and 𝑛2 separately, among
which 𝑛1 + 𝑛2 = 𝑛. The null hypothesis of MRS test is that,
before and after the change-point, the subseries are from the
same population. The rank sum of the subseries with shorter
length is 𝑊, and the rank sum test can be carried out with
statistic 𝑈, which is calculated with the following equation:

𝑆 > 0,
𝑆 = 0,

1) 𝑠22 ) / (𝑛1

𝑈=

𝑊 − 𝑛1 (𝑛1 + 𝑛2 + 1) /2
√𝑛1 𝑛2 (𝑛1 + 𝑛2 + 1) /12

,

(7)

where 𝑛1 and 𝑛2 are the lengths of the two subseries. When
𝑛1 > 10 and 𝑛2 > 10, 𝑈 obeys the normal distribution
approximately. Based on significance level 𝛼, critical value
𝑈𝛼/2 can be obtained. When |𝑈| > 𝑈𝛼/2 , the null hypothesis
should be rejected, or the null hypothesis should be accepted.
Responding to the different time point 𝜏0 , a series of
statistics 𝑈 are obtained. In all the possible change-points 𝜏0
which could meet the condition that |𝑈| > 𝑈𝛼/2 , the point
which can make |𝑈| statistics the maximum value was the
most possible change-point.
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3.2.3. Pettitt Test. Because Pettitt test is one of the nonparametric tests, it is more robust against outliers and skewed
distributions. The length of the time series 𝑋𝑡 (𝑡 = 1, 2, . . . , 𝑛)
is 𝑛, and the statistic can be defined as follows:
𝑡

𝑛

𝑈𝑡,𝑛 = ∑ ∑ 𝐷𝑖,𝑗

(1 ≤ 𝑡 ≤ 𝑛 − 1) ,

𝑖=1 𝑗=𝑡+1

−1
{
{
{
{
𝐷𝑖,𝑗 = sgn (𝑥𝑖 − 𝑥𝑗 ) = {0
{
{
{
{1

for (𝑥𝑖 − 𝑥𝑗 ) < 0,

(8)

for (𝑥𝑖 − 𝑥𝑗 ) = 0,

6𝑘02
}.
(𝑛3 + 𝑛2 )

(9)

If 𝑃0 ≤ 0.5, 𝑡0 can be taken as the significant change-point
statistically, based on which the first-order change-point of
the series can be detected. The original series is divided into
two subseries by this first-order change-point, and then the
new change-points for these subseries can be detected using
the same method.
3.2.4. Sequential Mann-Kendall (SQMK) Test. Mann-Kendall
test was developed to detect some trends in the time series [2,
3] at the beginning, based on which a sequential version was
proposed [33], which made it possible to detect the beginning
of abrupt change in mean. SQMK test, which can be used to
make progressive and retrograde analyses on the MK test,
will produce sequential values 𝑢(𝑡) and 𝑢 (𝑡), respectively.
These are standardized normal variables with the mean value
being 0 and the standard deviation being 1. The intersection
of 𝑢(𝑡) and 𝑢 (𝑡) will be a change-point if it occurs between
the critical value of −𝑈𝛼/2 and +𝑈𝛼/2 . The detection of climate
abrupt change with SQMK was discussed by Wang and Fu [5];
for the sake of brevity, we do not describe it in detail in this
paper.
3.3. Frequency Analysis Methods. In hydrological frequency
analysis, it is assumed that the samples are drawn independently and randomly from the identical population distribution, the function form of which has not been proved
in theory. At present, there are more than 20 popular
distribution function forms around the world, including PIII, LP-III, GEV, EV, LN, and K-M. P-III distribution is
considered as the most suitable and widely used function for
the frequency analysis of hydrologic variables in most regions
of China. In this study, P-III distribution function was used
as the fitting function for annual maximum tidal level, the
probability density function of which is as follows:
𝑓 (𝑥) =

𝛽𝛼
𝛼−1
(𝑥 − 𝑎0 ) 𝑒−𝛽(𝑥−𝑎0 )
Γ (𝛼)

𝛼 > 0, 𝛽 > 0,

𝛼=

4
;
𝐶𝑆2

𝛽=

2
;
𝜇 ⋅ 𝐶𝑉 ⋅ 𝐶𝑆

𝑎0 = 𝜇 (1 −

for (𝑥𝑖 − 𝑥𝑗 ) > 0.

Setting 𝑘0 = max|𝑈𝑡,𝑛 | (1 ≤ 𝑡 ≤ 𝑛 − 1), 𝑡0 corresponding to 𝑘0
is the possible change-point. The significance of the possible
change-point can be computed using
𝑃0 = 2 exp {−

where Γ(𝛼) is the Gamma function of 𝛼; 𝛼, 𝛽, and 𝑎0 are the
shape, scale, and location parameters for P-III distribution,
respectively; they can be obtained by three statistical parameters of the population (mean value 𝜇, coefficient of variation
𝐶𝑉 , and coefficient of skew 𝐶𝑆 ):

(10)

(11)

2𝐶𝑉
).
𝐶𝑆

There have been numerous researches on hydrological frequency curve parameters estimation, such as conventional
moments method, curve-fitting method, maximum likelihood method, probability weighted moment method [34, 35],
weighted function method [36, 37], and L-moment methods
[38]. The comparisons of parameter estimation methods
could be referred to Sankarasubramanian and Sirnivasan [39]
and Guo [40]. In this study, curve-fitting method was used to
determine these 3 parameters in P-III distribution [41], and
the parameters computed with L-moment method were taken
as the original values for the fitting curve.

4. Results and Discussion
4.1. Analysis on the Efficiency of Trend Test Methods. Considering that the basis for hypothesis test is the small probability
event principle, there may exist two kinds of typical errors:
type-I error, where null hypothesis is rejected when the
null hypothesis is true; type-II error, where null hypothesis
is accepted when the alternative hypothesis is true. The
probability of type-I error is equal to significance level. For
selected significance level, low probability of type-II error
indicates more powerful test. The efficiency of the test is
defined as the probability of correctly detecting the trend
when it is present. For selected 𝛼, the efficiency of trend test is
directly associated with the test technique, trend magnitude,
sample size, and random fluctuation magnitude.
To analyze efficiencies of SRC test and MK test for
detecting trend, taking the annual maximum tidal level series
as example, Monte Carlo experiment scheme was designed as
follows: (1) assume the time series were the composition of
random component and trend component, where the magnitude of linear trends were defined as 0.006 m/a, 0.013 m/a,
and 0.019 m/a, respectively; (2) the P-III distribution parameters of random component were known, where the average
was 0, the coefficient of skew Cs was 1.10, and the standard
deviations were 0.175 m, 0.350 m, and 0.525 m, respectively;
(3) the sample sizes were selected as 20, 30, 40, 50, 60, 80,
and 100, respectively.
In this study, 9 combinations of 3 linear trends and 3 random fluctuations were investigated; for every combination, 7
different lengths were set, and with each length, 20000 series
were simulated by Monte Carlo approach. The total number
of the series is 3 × 3 × 7 × 20000. SRC test and MK test
were carried out on all the 63 × 20000 series, and the ratio
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Figure 2: Relationship between trend test efficiency and sample size in different combinations.
Table 1: Efficiencies of different tests for detecting change-point under different compositions.
Standard deviation of
random component
0.350
0.175
0.525
0.350
0.175
0.525
0.350
0.175
0.525
0.175
0.175

Shift in mean

Ratio of shift in mean to standard
deviation of random component

0.350
0.175
0.525
0.700
0.350
1.050
1.050
0.525
1.575
0.700
1.050

of correct detection of trend change in every 20000 series was
recorded to evaluate the trend test efficiency in corresponding
condition.
In Figure 2, the relationship between trend test efficiency
and sample size with different compositions of trend magnitude and standard deviation of random component was

1
1
1
2
2
2
3
3
3
4
6

Efficiency of test for detecting change-point
MT test MRS test Pettitt test
SQMK test
25.6
26.1
26.2
65.1
65.5
65.7
87.5
88.5
88.4
94.9
98.9

29.2
29.7
29.6
65.8
66.0
66.0
86.3
86.8
86.9
95.8
99.7

32.9
33.4
33.3
67.1
67.3
67.3
86.8
87.3
87.3
96.0
99.7

11.0
11.1
11.2
18.9
19.1
19.1
21.2
22.0
21.3
22.0
22.2

presented, from which three conclusions can be drawn as
follows:
(i) With the other factors being kept the same, trend test
efficiencies of SRC test and MK test were approximate.
(ii) With the other factors being kept the same, with
the increase of random fluctuation, the trend test
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efficiency decreased, and with the decrease of random
fluctuation, the trend test efficiency increased, indicating that random fluctuation may generate impact
on trend test. For short time series with small trend
change magnitude and big random fluctuation, the
trend test efficiency was low.
(iii) No matter what the kind of the composition of
random component and trend component was, trend
test efficiency increased with the increase of sample
size. If the sample size was above 50 years, the trend
test efficiency was high in general.

4.2. Analysis on the Efficiency of Change-Point Test Methods.
To analyze the efficiencies of MT test, MRS test, Pettitt test,
and SQMK test for detecting change-point, Monte Carlo
experiment scheme was designed as follows taking the annual
maximum tidal level series as an example: (1) it is assumed
that the time series were composed of random component
and shift component and that there is only change-point in
the mean, even though there could be change-point both in
the mean and in the variance; (2) the sample size was 50 and
the change-point in the mean was just the middle point of
the time series; (3) the parameters of the random component
of P-III distribution were known, the mean value was 0, the
coefficient of skew 𝐶𝑆 was 1.10, and the standard deviations
were 0.175 m, 0.350 m, and 0.525 m, respectively; (4) when the
standard deviation 𝜎 was 0.175 m, the shifts in mean were set
as 1𝜎, 2𝜎, 3𝜎, 4𝜎, and 6𝜎, respectively. When the standard
deviation 𝜎 was 0.35 m, the shifts in mean were set as 1𝜎,
2𝜎, and 3𝜎, respectively. When the standard deviation 𝜎 was
0.525 m, the shifts in mean were set as 1𝜎 and 2𝜎, respectively.
For every one of the above mentioned 10 compositions
of standard deviation and variation range of the mean, 20000
series with the length being 50 were generated by Monte Carlo
approach. There were 10 × 20000 series in total. MT test, MRS
test, Pettitt test, and SQMK test were carried out on all the
series, and the ratio for correct detection of the change-point
in every 20000 series was counted to evaluate the changepoint test efficiency with different composition.
Relationship between change-point test efficiency and
ratio of shift in mean to standard deviation of random
component was presented in Table 1 and Figure 3, from which
several conclusions can be drawn as follows:
(i) With the other factors being kept the same, the
efficiencies of MT test, MRS test, and Pettitt test for
detecting change-point were approximative with each
other, while the efficiency of SQMK test for detecting
change-point was obviously low. SQMK test is widely
used in the change-point test in hydrological series
currently, but based on the statistical experiment
it was found that the efficiency of SQMK test for
detecting change-point was quite low.
(ii) With the fixed ratio of shift in mean to standard deviation of random component, the change-point test
efficiencies of all these methods were approximate.
(iii) With the increase of ratio of shift in mean to standard deviation of random component, test efficiency

Change-point test efficiency (%)
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Figure 3: Relationship between change-point test efficiency and
ratio of shift in mean to standard deviation of random component.

increased continuously, while the increase amplitude
decreased gradually.
4.3. Trend and Change-Point Detection of Annual Maximum
Tidal Level Series. SRC test and MK test were carried out
for detecting trend in annual maximum tidal level series
during the period from 1950 to 2008 in 5 representative
tide level stations in Yangtze River estuary, namely, Jiangyin,
Tianshenggang, Xuliujing, Wusong, and Gaoqiao, the results
of which were presented in Table 2. It was found there was
increasing tendency for the annual maximum tidal levels
in all these stations. MT test, MRS test, Pettitt test, and
SQMK test were carried out for detecting change-point in
annual maximum tidal level series during the period from
1950 to 2008 in these 5 stations. To evaluate the stability
of the change-point test results with the change in samples
(including the changes in sample size and sampling period),
separate change-point tests were also carried out in the
subseries during the periods of 1955–2008, 1960–2008, 1950–
1998, and 1950–2003, the results of which were presented in
Table 3. Annual maximum tidal level series during the period
from 1950 to 2008 in these 5 stations were shown in Figure 4,
and the statistics 𝑈𝑡,𝑛 of Pettitt test were presented in Figure 5.
The following can be seen from Table 3:
(i) The results of MRS test and Pettitt test were almost
the same. Even with the changes in samples and
stations, results with high stability can be obtained.
Change-points were concentrated in 1980 (Jiangyin,
Tianshenggang, and Xuliujing stations) and 1979
(Wusong and Gaoqiao stations).
(ii) As for the results of MT test, with the changes
in samples and stations, stable results can also be
obtained. Almost half of the first change-points were
concentrated in 1989 instead of in 1980 or in 1979 (by
contrast, under the same condition, for the series in
Jiangyin, Tianshenggang, and Xuliujing stations, the
3rd and the 4th change-points appeared in 1980; for
the series in Wusong and Gaoqiao stations, the 3rd,
4th, and 5th change-points appeared in 1979).
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Table 2: Trend detection for annual maximum level series of 1950–2008 in 5 stations.
Station
Jiangyin
Tianshenggang
Xuliujing
Wusong
Gaoqiao

Test statistic
3.149
4.534
4.415
3.048
3.684

SRC
Critical value
2.003
2.003
2.003
2.003
2.003

Test result
1
1
1
1
1

Test statistic
2.956
4.009
3.865
3.087
3.531

MK
Critical value
1.960
1.960
1.960
1.960
1.960

Test result
1
1
1
1
1

“1” indicates upward trend.

Table 3: Change-point detection for annual maximum levels in 5 stations.
Station

Method

Change-point of
1950–2008

Change-point of
1955–2008

Change-point of
1960–2008

Change-point of
1950–1998

Change-point of
1950–2003

Jiangyin

MT
MRS
Pettitt
SQMK
Synthetical result study

1980
1980
1980
1987
1980

1980
1980
1980
1985
1980

1980
1980
1980
1981
1980

1980
1980
1980
1990
1980

1980
1980
1980
1990
1980

Tianshenggang

MT
MRS
Pettitt
SQMK
Synthetical result

1989
1980
1980
1987
1980

1989
1980
1980
1985
1980

1989
1980
1980
1981
1980

1980
1980
1980
1990
1980

1989
1980
1980
1989
1980

Xuliujing

MT
MRS
Pettitt
SQMK
Synthetical result

1980
1980
1980
1982
1980

1980
1980
1980
1987
1980

1980
1980
1980
1980
1980

1980
1980
1980
1989
1980

1989
1980
1980
1988
1980

Wusong

MT
MRS
Pettitt
SQMK
Synthetical result

1989
1979
1979
1980
1979

1989
1979
1979
1979
1979

1989
1979
1979
1979
1979

1979
1979
1979
1988
1979

1989
1979
1979
1988
1979

Gaoqiao

MT
MRS
Pettitt
SQMK
Synthetical result

1989
1979
1979
1980
1979

1974
1979
1979
1979
1979

1989
1979
1979
1979
1979

1989
1979
1979
1988
1979

1989
1979
1979
1988
1979

(iii) The change-points detected by SQMK test changed
with the samples and the stations, which was not
consistent with the results of the other methods. Li
et al. [42] detected the change-points in hydrological
series in the middle reach of Xijiang with movingF test, moving-T test, SQMK test, and Bayesian test,
based on which the results of SQMK test were also
proved to be with low stability.
(iv) The final change-points in the annual maximum tidal
level series in these stations were synthesized based
on the change-points detected by MT test, MRS test,
Pettitt test, and SQMK test, and the results were
presented in Table 3.

4.4. Reason Analysis on the Nonstationary Change of Annual
Maximum Tidal Level. Tidal level in the Yangtze River
estuary was mainly affected by such factors as upstream
runoff, downstream tidal level, and the river channel storage
capacity [43, 44]; the above mentioned three factors were
analyzed accordingly as follows.
4.4.1. Change of Upstream Runoff. Datong hydrological station was selected as the control station for analysis of runoff
in the Yangtze River estuary. Based on recorded data, annual
maximum runoff in Datong station was concentrated mainly
in July and August, and the annual maximum tidal level in
the Yangtze River estuary was also concentrated in July and
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Figure 4: Time series of annual maximum level for 5 stations during 1950–2008.
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Figure 6: Relationship between annual maximum level in Jiangyin
station and corresponding discharge in Datong station. (Series A:
1950–1979, without impact of typhoon; Series B: 1980–2005, without
impact of typhoon; Series C: 1950–1979, with impact of typhoon;
Series D: 1980–2005, with impact of typhoon.)

August. For example, in Jiangyin station and Tianshenggang
station, probabilities of the annual maximum tidal level in
July and August were 78.0% and 76.3%, respectively.
In this study, trends and change-points for 3 series such
as annual maximum discharge, average discharge in July, and
average discharge in August during the period of 1950–2008
in Datong station were detected using SRC test, MK test,
MT test, MRS test, and Pettitt test. It was found that there
was no significant increasing tendency and change-point for
these 3 discharge series, which was in coincidence with the
conclusions of Qin et al. [45].
4.4.2. Change of Typhoons Activities. Climate change made
the extreme weather events more frequently. In Figure 6,
relationships between the annual maximum tidal level in
Jiangyin station and corresponding discharge in Datong
station during the periods 1950–1979 and 1980–2008 were
presented. During the periods 1950–1979 and 1980–2008,
numbers of typhoons exerting impact on Yangtze River
estuary and leading to the annual maximum tidal level in
Jiangyin station were 2 (typhoons numbers 5612 and 7413,
indicated as “” in Figure 6) and 7 (typhoons numbers
8114, 9216, 9608, 9711, 0012, 0216, and 0509, indicated as
“∘” in Figure 6), respectively. In Figure 6, it is indicated that
the annual maximum tidal level in Jiangyin station was
apparently affected by typhoon.
4.4.3. Change of River Channel Storage Capacity. It is found
from Figure 6 that the annual maximum tidal level in Jiangyin
station rose even with the same upstream runoff, which can
be deemed as an evidence that the river channel storage
capacity decreased. Main causes for such changes were as
follows: (a) sluices construction in the tributaries, which
would be closed in flooding season or when storm surges
took place, preventing water stream running upward and
limiting the storage space in the trunk stream; (b) enclosing
tideland for cultivation and silting in the North Branch of
Chongming Island reducing the water surface in the Yangtze
River estuary. For example, because of the enclosing tideland
for cultivation in Tonghaisha and Jiangxinsha, the river width

of Xuliujing section decreased from 15.7 km at the beginning
of the twentieth century to about 6 km today.
4.5. Impact of the Nonstationarity of Annual Maximum
Tidal Level on Its Probability Distribution. For all these 5
stations, the annual maximum tidal level series during 1950–
2008 were split into two subseries (before and after the
change-point) and trend tests were performed for each of
the two subseries separately. Considering the precondition
for frequency analysis, samples should be drawn from the
identical population, which should also be independent of
each other. Sample autocorrelation test was carried out for
evaluation of independence of the two subseries for all these
stations. Since sample autocorrelation test was widely used
[46, 47], we do not describe it in detail. The results of trend
test and autocorrelation test are shown in Table 4, from which
it can be seen that all of the subseries can be accepted
as stationary series without serial correlation, making the
frequency analysis reliable.
To carry out quantitative analysis on the probability
distribution changes in these stations, frequency analysis was
carried out on the annual maximum tidal level subseries
before and after the change-point in each station. P-III
distribution function was selected as the fitting function,
the 3 parameters of which were determined with curvefitting method, and the initial parameters of the curve-fitting
method were estimated by L-moment method. Through
frequency analysis, annual maximum tidal level probability
distributions before and after the change-point in Jiangyin,
Tianshenggang, Xuliujing, Wusong, and Gaoqiao stations
were obtained, which were presented in Figure 7. Distribution parameters and design annual maximum tidal level
with different frequencies were listed in Table 5. Frequencies in Figure 7 and Table 5 were defined as 𝑃 (annual
maximum tidal level ≥ certain given value). It was evident that obvious changes took place in the probability
distribution of annual maximum tidal level before and after
the change-point. With the fixed frequency, the design
water level increased significantly. For example, design value
with 0.1% frequency (1000-year return period) increased
by 0.80–1.40 m, design value with 1% frequency (100-year
return period) increased by 0.60–1.00 m, and design value
with 10% frequency (10-year return period) increased by
0.50 m.
As for Jiangyin, Tianshenggang, Xuliujing, Wusong, and
Gaoqiao stations, before the change-point, probability of
annual maximum tidal levels being above 5.82 m, 5.29 m,
4.82 m, 4.46 m, and 4.59 m was 0.1% (1000-year return
period); after the change-point, probabilities of annual maximum tidal levels being above 5.82 m, 5.29 m, 4.82 m, 4.46 m,
and 4.59 m were 1.0%, 1.9%, 2.4%, 3.2%, and 2.4%, respectively (corresponding to 104-, 53-, 41-, 31-, and 42-year return
periods); before the change-point, probability of annual maximum tidal levels being above 5.17 m, 4.70 m, 4.29 m, 3.97 m,
and 4.06 m was 1% (100-year return period); after the changepoint, probabilities of annual maximum tidal levels being
above 5.17 m, 4.70 m, 4.29 m, 3.97 m, and 4.06 m were 5.5%,
8.3%, 9.3%, 10.5%, and 8.6%, respectively (corresponding to
18-, 12-, 11-, 10-, and 12-year return periods). Accordingly,

Test
statistic
–1.267
–0.709
–0.570
0.438
0.218

SRC test

Test
result
0
0
0
0
0

Subseries before change-point
MK test
Autocorrelation test
Test
Test
Autocorrelation
Test
statistic
result
coefficients
result
–1.124
0
–0.093
√
–0.678
0
–0.192
√
–0.571
0
–0.199
√
0.482
0
–0.244
√
0.375
0
–0.229
√
Test
result
0
0
0
0
0

SRC test
Test
statistic
–0.018
0.899
0.159
0.079
0.243

“0” indicates “no trend”, “1” indicates “upward trend”, “−1” indicates “downward trend”, and “√” indicates “independence”.

Jiangyin
Tianshenggang
Xuliujing
Wusong
Waigaoqiao

Station

Subseries after change-point
MK test
Autocorrelation test
Test
Test
Autocorrelation
Test
statistic
result
coefficients
result
0.094
0
0.165
√
0.882
0
0.176
√
0.169
0
0.128
√
0.169
0
0.036
√
0.300
0
0.017
√

Table 4: Trend and autocorrelation test results for subseries before and after the change-point in 5 stations.
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Figure 7: Frequency curves of the annual maximum tidal level subseries before and after the change-point in each station.
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Table 5: Distribution parameters and design values of the annual maximum tidal level subseries before and after the change-point in each
station.
Station

Jiangyin

Tianshenggang

Xuliujing

Wusong

Gaoqiao

Series

EX

𝐶𝑉

𝐶𝑆

B
A
A-B
B
A
A-B
B
A
A-B
B
A
A-B
B
A
A-B

3.99
4.35
0.36
3.65
4.04
0.39
3.34
3.72
0.38
3.08
3.41
0.33
3.15
3.42
0.27

0.090
0.100

1.40
1.50

0.088
0.106

1.40
1.80

0.087
0.109

1.40
1.90

0.088
0.128

1.40
1.80

0.085
0.125

1.40
1.90

0.1
5.82
6.63
0.81
5.29
6.46
1.17
4.82
6.06
1.24
4.46
5.87
1.41
4.59
5.89
1.30

0.2
5.63
6.38
0.76
5.11
6.18
1.07
4.66
5.79
1.13
4.31
5.59
1.28
4.43
5.60
1.17

Frequency (%)
1
2
5.17
4.96
5.80
5.54
0.63
0.58
4.70
4.52
5.54
5.26
0.84
0.74
4.29
4.13
5.16
4.89
0.87
0.76
3.97
3.81
4.94
4.65
0.97
0.84
4.06
3.89
4.94
4.65
0.88
0.76

5
4.69
5.20
0.51
4.27
4.89
0.62
3.90
4.53
0.62
3.61
4.28
0.67
3.68
4.27
0.60

10
4.47
4.93
0.46
4.08
4.60
0.53
3.73
4.25
0.52
3.44
3.99
0.54
3.51
3.98
0.47

“B” indicates subseries before change-point, “A” indicates subseries after change-point, and “A-B” indicated the difference between the subseries before and
after change-point.

after the change-point, probability of annual maximum level
exceeding the same value increased significantly.

5. Conclusions
In this paper, the efficiencies of different trend and changepoint detection methods were investigated through Monte
Carlo simulation, and the nonstationarity of annual maximum level records in the Yangtze River estuary was analyzed.
The main conclusions were as follows:
(1) Based on statistical experiments, it was found that
the efficiency of MK test was almost the same as
that of the SRC test. Test efficiency depended on
the amplitude and duration of trend changes, and
the amplitude of random fluctuation. For short time
series with small trend change magnitude and big
random fluctuation, the trend test efficiency was low,
while for long time series with big trend changes magnitude and small random fluctuation test efficiency
was above 90%.
(2) Based on statistical experiments, it was found that
the efficiencies of MT test, MRS test, and Pettitt test
were almost the same. Test efficiency depended on
the amplitude of shift in mean and the amplitude of
random fluctuation. For the sequence with big shift
in mean and small random fluctuation, test efficiency
was high. For SQMK test widely used in change-point
detection currently, the detection efficiency was very
low. It was suggested that other methods with higher
efficiency than SQMK be used in related studies in the
future.
(3) Significant tendency changes existed in annual maximum tidal level series at all selected stations in

the Yangtze River estuary. 1980 and 1979 were statistically significant change-points. Frequency increase
of typhoons and storage capacity decrease of the local
river channel were main causes for nonstationary
change of annual maximum tidal level. Results of
trend and independence test for the subseries before
and after the change-points showed that the subseries
can be accepted as stationary series without serial
correlation.
(4) Through frequency analysis on the subseries before
and after the change-point in all these stations,
it was found that obvious changes took place in
probability distribution of annual maximum tidal
level in the Yangtze River estuary. For every station,
compared with the conditions before the changepoint, design high tidal level for the same frequency
after the change-point increased significantly. Meanwhile, risks of exceeding the same extreme after the
change-point also increased significantly. The changes
in probability distribution should be considered in
determining design high tidal levels for flood protection measures.
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Heat fluxes have been recognized as determinant regarding the river effect on microclimate. The relationship between rivers and
the atmosphere is particularly significant for heat fluxes and varies with the meteorology and hydrology. In this study, based on
annual observation data from the Songhua River Basin (Harbin, China), a regression and a stochastic model were used to analyze
the relationship of the atmosphere-river daily maximum temperatures and evaluate the heat fluxes. The root mean square error
(RMSE) of the river temperature was 2.21∘ C with the regression method, improving to 0.83∘ C with the stochastic model. The net
shortwave radiation flux was the dominant heat gain component, while the latent heat flux accounted for the main heat loss. The
sensible heat flux represented the smallest contribution. The river thermal effect in summer mainly resulted from the latent heat
exchange, while the effect of the sensible heat exchange tended to be stronger in spring and autumn.

1. Introduction
The rapid urbanization of large Chinese cities led to environmental impacts resultant from anthropological emissions.
The urban heat island (UHI) phenomenon has obtained wide
attention as a significant thermal environmental problem. In
many cases, land cover changes affect the variation in the
atmosphere temperatures through heat exchange processes.
Previous studies found that the UHI can be mitigated with
certain land cover types such as green spaces and water bodies
[1–4]. Rivers within urban areas have a positive effect on
their microclimate, naturally cooling the surrounding areas
because of evaporation in hot conditions or heating them
through heat exchange in cold conditions [5–8]. These natural
processes highly depend on the meteorological conditions
and physical characteristics of rivers.
The atmosphere and river temperatures play an important
role in the thermal effect of rivers on the atmosphere and
their relationship can be analyzed through several methods. Regression methods involve one input dataset (e.g.,
atmosphere temperature) and one output dataset (e.g., river

temperature), while simple regression models have been
successfully used in early stages [9, 10]. Linear regression
proved to be an easy and sometimes quite effective method for
weekly or monthly time scales [11, 12]. The river temperature
has been shown to respond linearly to the atmosphere
temperature for different time lags (days, months, seasons,
and years) and regions, with better fits for increased time
scales [9, 12]. In addition, nonlinear regression models have
been used on average weekly basis [13, 14], with the most
widely used being the logistic function model proposed by
Mohseni et al. [13] to analyze the weekly mean maximum
and average daily temperatures [15, 16]. However, the logistic
regression performs poorly for daily data [16]. Stochastic
models have often been used to analyze daily temperatures,
while variable approaches have been used to model the longterm annual and short-term residual components [17, 18].
The abovementioned studies mainly focused on the
temperature relationship. However, heat exchange processes
in the atmosphere-river interface must be considered when
studying energy mechanisms, to understand the reactions
involved in climate changes. The thermal mitigation effect
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of rivers is mainly based on two heat exchange processes:
evaporation, which depends on the atmosphere and river
temperature, moisture content, and other meteorological
variables, and sensible heat exchange, attributed to the
temperature differences between the atmosphere and the
river. The heat flux components can be calculated using
meteorological data, as described in previous studies [19–
21]. The magnitude and importance of the river heat budget
components vary depending on the spatial and seasonal
conditions. The heat exchange between the river and the
overlying atmosphere can either add or subtract energy from
the river reaches. However, most of the above studies were
limited to a hydrological perspective, mainly focusing on the
atmospheric effect on rivers, predicting their temperature and
heat gain and evaluating the effects on river discharge, aquatic
habitats, and ecosystems. Previous studies have discussed the
heat exchange in lakes [22–24], with only few dealing with
the thermal regime of large rivers [25, 26]. Previous research
based on observations analyzed the thermal mitigation on the
atmosphere by urban rivers in China [27, 28]. However, these
studies were performed for relatively short and discontinuous
time scales or in South China, where the climate is very
different from Northeast China.
Therefore, to understand the annual thermal effect of
large rivers on the adjacent atmosphere in severely cold
regions, we analyzed the temperature relationship and heat
exchange processes between the atmosphere and rivers for
different seasons. Based on long-term observation data,
the annual microclimate variables for the observation sites
were discussed to illustrate the meteorological characteristics
of the Songhua River Basin, while models were used to
explore the relationship between the atmosphere and river
temperature. Finally, the heat components were calculated to
analyze the seasonal river effect on the atmosphere, defined
by the meteorological parameters, and their influence on the
temperature.

2. Study Site
The observations were conducted in the Harbin section of
the Songhua River in the Heilongjiang Province, Northeast China (∼45∘ 25 –45∘ 30 N, 126∘ 20 –126∘ 25 E, Figure 1).
Harbin is a large city located in a severely Chinese cold zone,
with a population of over ten million, and crossed by a large
river, the Songhua. The Songhua River flows from west to
east, with a large runoff of over 2000 m3 /s in summer and an
average width of over one kilometer. Harbin is located in the
middle of the basin, with a watershed of 389769 km2 .
The hydrological station, from which multiple river measurements were obtained, is shown in Figure 1. To determine the climatic conditions of the basin, meteorological
data were collected from a station located near the river
(Figure 1), assuming that lateral cross-estuary variations were
negligible. The variables measured included the atmosphere
and river temperature, relative humidity, wind speed, and
solar radiation during 2013. The river temperature was
measured 0.1 m below the river surface. River data were
obtained hourly for April 15–October 23, 2013, to avoid river
ice conditions (freezing-thawing). The monthly averages of
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the main climatic parameters are summarized in Table 1,
showing that Harbin has distinct seasonal characteristics,
being cold, windy, and dry in spring, with additional freezing
conditions in autumn, and humid with concentrated rainfall
in summer. The monthly difference between the maximum
and minimum atmospheric temperature was much higher
than for the river, especially in spring and autumn.

3. Methodology
3.1. Temperature Relationships between the River and the
Atmosphere. Regression models have been used to examine
the relationship between the atmospheric and river temperature using only one of them and including mostly weekly and
monthly data. First, the relationships between the atmosphere
and river temperatures were investigated using a linear logistic function [13] for the daily maximum and weekly mean
maximum temperatures:
𝑇𝑤 = 𝜇 +

𝛼−𝜇
,
1 + 𝑒𝜑(𝛽−𝑇𝑎 )

(1)

where 𝑇𝑤 is the estimated river temperature (∘ C), 𝑇𝑎 the measured atmospheric temperature (∘ C), 𝜇 the estimated minimum river temperature, 𝛼 the estimated maximum stream
temperature, 𝛽 the atmospheric temperature at the inflection point of the function, and 𝜑 a measure of the steepest
function slope.
Since regression methods could only show simple relationships, we also used a stochastic model [17] to search
for further daily relations. This model separated the timedependent temperatures 𝑇(𝑡) in two different components:
the annual long-term component 𝑇𝐴(𝑡) and the short-term
residuals 𝑅(𝑡) as follows:
𝑇 (𝑡) = 𝑇𝐴 (𝑡) + 𝑅 (𝑡) ,

(2)

where 𝑡 is the Julian day number; for example, January 1 is day
1 and December 31 is day 365.
The annual component of the river and atmosphere can
be represented by a Fourier series analysis [17] or a sine
function of the time-series [18]. In the present study, a sine
function was used, given its simplicity and good accuracy
[15]:
𝑇𝐴 (𝑡) = 𝑎 + 𝑏 sin (

2𝜋
(𝑡 + 𝑡0 )) ,
365

(3)

where 𝑇𝐴(𝑡) is the long-term component of a temperature
time-series (∘ C) and 𝑎, 𝑏, and 𝑡0 are the fitted coefficients.
To model the residuals, the second-order Markov process
was used [18]. The residual component of the river and atmosphere can be obtained by subtracting the actual temperature
from the annual components. There are several approaches
to model the residual time-series, each with its own characteristics [15]. Previous studies showed a comparatively good
performance and simplicity for the second-order Markov
model [15]. Therefore, the residuals time-series was used to
calibrate it:
𝑅𝑤 (𝑡) = 𝐴 1 𝑅𝑤 (𝑡 − 1) + 𝐴 2 𝑅𝑤 (𝑡 − 2) + 𝐾𝑅𝑎 (𝑡) ,

(4)
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Figure 1: Map of the study area, with the green and blue stars showing the position of the meteorological and hydrological observation sites.

where 𝑅𝑤 (𝑡), 𝑅𝑤 (𝑡 − 1), and 𝑅𝑤 (𝑡 − 2) are the residuals of
the river temperature at times 𝑡, 𝑡 − 1, and 𝑡 − 2, respectively,
𝑅𝑎 (𝑡) is the residual of the atmospheric temperature at time
𝑡, 𝐴 1 and 𝐴 2 are autoregressive coefficients, calculated by
autocorrelation coefficients for a lag of 1 and 2 days, and 𝐾 is
a regression coefficient reflecting the heat exchange between
the river and atmosphere temperature.
3.2. River-Atmosphere Relationship on the Heat Flux. The
heat budget for the atmosphere-river interface is one of the
most important elements to understand the influence of
urban rivers on a city’s thermal climate. For a relatively small

spatial and short time scale, it can be assumed, for urban
rivers, that the changes in temperature along the river are
small compared to the temporal changes, once the river
reaches a uniform temperature [29]. The main components
of the heat flux are the net radiation (including the net
shortwave and longwave radiation) and the latent, sensible,
and conductive heat fluxes in the river underlayer. Although
other components can be considered, such as the river bed
heat flux, their contribution is generally small compared to
the above components [19]. If we mainly consider the river
surface and use the energy balance of the heat processes at the
surface, the heat gain should equal the heat loss, with a total
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Table 1: Monthly averages of the main climatic parameters.

Month

River temperature
(∘ C)
Max.
Ave.
Min.

Atmosphere temperature
(∘ C)
Max.
Ave.
Min.

April
May
June
July
August
September
October
Average

9.92
12.53
23.99
25.09
25.21
20.11
10.75
18.23

19.27
14.75
26.86
26.94
26.65
21.27
13.67
21.34

9.39
11.97
23.51
24.75
24.84
19.75
10.42
17.80

9.01
11.56
23.23
24.5
24.59
19.45
10.20
17.51

12.82
11.09
22.34
23.11
21.92
15.41
7.63
16.33

5.57
6.93
17.66
18.75
17.91
10.03
1.14
11.14

heat at the surface of zero. Therefore, the heat budget for the
atmosphere-river interface can be expressed as follows [30]:
𝐻𝑆 + 𝐻𝐿 = 𝑅net ,
𝑅net + 𝐻𝐶 + 𝐻𝐸 + 𝐻𝐺 = 0,
𝐻𝑆 = (1 − 𝛼) 𝑆𝑅 ↓,
𝐻𝐿 = 𝜀𝐿 𝑅 ↓ −𝜀𝜎𝑇𝑤4
= 𝜀𝜎𝑇𝑎4 − 𝜀𝜎𝑇𝑤4 ,

(5)
(6)
(7)

Relative
humidity
(%)

Wind
velocity
(m/s)

Solar
radiation
(W/m2 )

Runoff (m3 /s)

38.55
65.78
64.68
72.55
74.04
67.08
51.42
62.01

3.09
3.59
2.60
2.56
1.87
2.21
2.82
2.68

254.67
143.33
275.81
217.24
218.71
183.08
136.62
204.21

1302.60
702.93
2389.98
3992.76
2962.94
2832.21
793.05
2139.50

became a function of the atmospheric temperature and its
flux could be calculated by (11) [19]:
𝐸=

𝑠 𝑅net
× 86.4
𝑠 + 𝛾 𝐿𝜌
+

𝛾
(0.26 (0.5 + 0.54𝑉)) (𝑒𝑠 − 𝑒𝑎 ) ,
𝑠+𝛾

𝐻𝐸 = 𝐸𝐿𝜌,
(8)

where 𝐻𝑆 is the net shortwave radiation (W/m2 ), 𝐻𝐿 is the
net longwave radiation (W/m2 ), 𝑅net is the net solar radiation
(W/m2 ), 𝐻𝐶 and 𝐻𝐸 are the sensible and latent heat fluxes
at the atmosphere-river interface (W/m2 ), respectively, 𝐻𝐺
is the heat conduction flux from the river surface to the
inner river body (W/m2 ), 𝑆𝑅 ↓ is the downward shortwave radiation to the river surface through the atmosphere
(W/m2 ), 𝐿 𝑅 ↓ is the downward longwave solar radiation from
the atmosphere (W/m2 ), 𝜎 is the Stefan-Boltzmann constant
(5.67 × 10−8 W/m2 K4 ), 𝜎𝑇𝑤4 is the upward longwave solar
radiation (W/m2 ), 𝑇𝑤 and 𝑇𝑎 are the absolute temperature
of the atmosphere and river surface (K), and 𝛼 and 𝜀 are
the surface shortwave reflection and radiation coefficients,
assumed as 0.07 and 0.96, respectively, and relevant to the
surface state and solar height angle.
One of the main components of the heat fluxes and
perhaps the most difficult to estimate is the evaporation from
the river surface. Evaporation represents the primary river
heat loss, with an associated increase in the atmospheric
humidity. Various methods to deal with the evaporation have
been proposed for lakes [31] and rivers [32]. The easiest
and most widely used method is the mass transfer method,
proposed by Harbeck et al. [33]. Since then, many methods
were developed including more variables and fits for different
time scales [30, 34, 35]. A comparison of these methods
for different areas showed that the Penman method [30]
provided relatively good results for daily estimations [26, 31].
Once the evaporation rate was estimated (9), the latent heat

(9)

(10)

𝐿 = 2454.9 − 2.366𝑇𝑎 ,

(11)

where 𝐸 is the evaporation rate (mm/day), 𝐿 the latent heat
of the river vaporization (J/kg), 𝜌 the density of the river
water (kg/m3 ), 𝑠 the slope of the saturated vapor pressuretemperature curve (Pa/∘ C), 𝛾 the psychometric constant
(Pa/∘ C), 𝑉 the wind velocity 2 m above the river surface (m/s),
𝑒𝑠 the saturated vapor pressure at atmospheric temperature
(mb), and 𝑒𝑎 the vapor pressure calculated for the atmospheric temperature and corresponding relative humidity
(mb).
The sensible heat refers to the difference between the
river and atmosphere temperature and is usually affected by
atmospheric turbulent conditions, such as the pressure and
wind velocity. The expression used in this study was as follows
[26]:
𝐻𝐶 = 2.32𝑉

𝑃𝑎
(𝑇 − 𝑇𝑤 ) ,
1000 𝑎

(12)

where 𝑃𝑎 is the atmospheric pressure (mmHg).
In heat balance calculation (6), the heat gain of the
river surface was positive, while the heat loss was negative.
Therefore, the net shortwave radiation was always positive.
The latent heat flux represents an energy loss, with 𝐻𝐸 usually
becoming negative. The sensible heat flux depends on the
temperature difference and can be positive or negative. The
conductive heat flux into the river was calculated by the other
components. If heat was conducted from the surface to the
river underlayer, the conductive heat flux was negative, or vice
versa.
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Figure 2: Daily average atmospheric temperature (a), relative humidity (b), wind velocity (c), and solar radiation (d).

4. Results and Discussion
4.1. Time Variation of Typical Meteorological and
Hydrological Variables
4.1.1. Meteorological Variables. As shown in Figure 2, there
was a gap in the surface data in spring due to equipment
maintenance, during which no data was collected. To illustrate the annual seasonal change, the measured data was
grouped in three seasons based on temperature: spring
(April–May, days 91–151), summer (June–August, days 152–
243), and autumn (September–October, days 244–304).
All variables showed the same seasonal trend with higher
values in summer and lower in spring and autumn, except for
the wind velocity, which showed a relatively opposite pattern
(Figure 2). The maximum atmosphere temperature (27.13∘ C)
occurred on July 1 and the minimum (−2.06∘ C) on October
21 (Figure 2(a)). The average seasonal temperatures in spring,
summer, and autumn were 11.95, 22.46, and 11.52∘ C, respectively. The maximum temperature differences between two
consecutive days in spring (10.26∘ C) and autumn (14.78∘ C)

were much larger than in summer (4.44∘ C), indicating
unstable atmospheric conditions in spring and autumn and
relative stability in summer.
The relative humidity time-series showed a consistent
pattern with seasonal variability (Figure 2(b)). The mean
seasonal values varied from 52.16% in spring to 70.42% in
summer, with a dramatic rise in spring.
The wind velocity showed a different pattern (Figure
2(c)), being lower in late summer and early autumn and
higher in spring and late autumn, with the highest value
(9.47 m/s) observed on May 2.
The solar radiation also showed a seasonal trend but
did not vary smoothly throughout the year (Figure 2(d)).
The highest solar radiation (356.56 W/m2 ) occurred in midJune, after which it gradually declined. The summer average
(159.85 W/m2 ) was lower than in spring (199.00 W/m2 ) and
summer (237.25 W/m2 ). The largest difference between two
consecutive days occurred in spring (254.40 W/m2 ), followed
by summer (214.12 W/m2 ) and autumn (162.85 W/m2 ), which
is related to the seasonal weather conditions and especially
the cloud cover.
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Figure 3: Daily average river temperature (a) and runoff (b).

where 𝑇sim is the maximum simulated river temperature (∘ C),
𝑇obs the maximum observed river temperature (∘ C), and 𝑁
the number of daily river temperature observations.
4.2.1. Regression Models. To evaluate the relationship
between the atmosphere and river temperature by regression
analysis, both the linear and logistic functions were applied
to daily and weekly data. The daily maximum temperature
showed a significant scatter and the RMSE of the linear
regression was 4.94∘ C (Figure 4(a)). The data were plotted
according to the seasons, with better correlations as the
time scale increased to weeks (Figure 4(b)) and the RMSE
decreased to 2.43∘ C. The logistic regression function was
fitted to the weekly data, showing good agreement (Figure
4(c)). The following logistic equation was calculated:
𝑇𝑊 =

4.1.2. Hydrological Variables. Compared with the atmospheric temperature variation (Figure 2(a)), the surface river
temperature showed a much smoother annual trend (Figure 3(a)). Its maximum daily range (maximum difference
between the daily maximum and minimum) was 1.50, 1.04,
and 1.28∘ C in spring, summer, and autumn, respectively.
The values increased from 2.61 to 22.82∘ C in spring with
a slightly reversed trend in May, while, in summer, they
were relatively stable, with an average of 24.37∘ C. The river
temperature slope largely decreased in autumn from 24.23
to 6.74∘ C. Compared with Figure 2(a), this variation was
consistently stable with some seasonal dependency. The
maximum temperature difference between two consecutive
days was relatively smaller in summer, mainly because of the
large heat capacity, runoff, and heat exchange of the river,
which are responsible for its thermal mitigation properties in
the adjacent environment especially during hot summers.
The annual average runoff of the Songhua River in
Harbin was 1976.88 m3 /s (Figure 3(b)), with a large peak in
summer. The maximum and minimum daily averages were
5374.79 m3 /s on August 5 and 336.04 m3 /s on May 3. The
runoff in summer (3115.23 m3 /s) was almost threefold the
early spring flow (1002.77 m3 /s) and twofold the late autumn
one (1812.63 m3 /s), which is attributed to the large rainfall
in summer and drought since late autumn, with the former
incrementing and the latter decreasing the runoff.
4.2. Relevance of the River and Atmospheric Temperature. The
daily maximum temperature acts as a signal of the diurnal
river activity and weather conditions, with a more likely
atmosphere-river interaction for intenser thermal regimes.
Therefore, the daily maximum values were used to analyze the
relationship between the atmosphere and river temperatures.
Since different models were used to study the relationship
between the atmosphere and river temperatures, the root

(13)

27.53
.
1 + 𝑒0.21(16.95−𝑇𝑎 )

(14)

The logistic model for the daily maximum temperature on
a weekly average basis was better than the regression model,
with an overall RMSE of 2.21∘ C.
4.2.2. Stochastic Models. Since a time scale of weeks is not
precise for microclimate studies, a stochastic model was used
for a daily analysis of the interactions in the temperature
time-series. The annual components of the maximum temperature were regressed using (3) to obtain the following
equations:
𝑇𝐴𝑎 (𝑡) = 14.81 + 12.98 sin (

2𝜋
(𝑡 − 105.4)) ,
365

2𝜋
𝑇𝐴𝑤 (𝑡) = 9.57 + 16.88 sin (
(𝑡 − 112.6)) ,
365

(15)

where 𝑇𝐴𝑎 (𝑡) and 𝑇𝐴𝑤 (𝑡) are the long-term components of
the atmosphere and river temperature (∘ C), respectively.
The atmosphere and river temperatures had similar
trends for all seasons (Figure 5), even though their maximums were different and occurred in different days. The
long-term component of atmospheric temperature peaked
on July 16 (day 197) with a value of 27.89∘ C, while the
river temperature peaked on July 23 (day 204) reaching
26.45∘ C. The maximum river temperature revealed a six-day
hysteresis in relation to the atmosphere because of the river’s
large thermal capacity. The daily atmospheric temperature
residuals varied more compared to the river.
The residual component was obtained by removing the
annual component from the actual temperature. The resulting
time-series was analyzed to link the atmospheric and river
temperatures. The river residuals were calculated as follows:
𝑅𝑤 (𝑡) = 0.92𝑅𝑤 (𝑡 − 1) − 0.39𝑅𝑤 (𝑡 − 2) + 0.12𝑅𝑎 (𝑡) . (16)

The optimised 𝐾 for the present study was 0.12.
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Figure 6: Observed and simulated daily maximum river temperatures.

Combining (2) with (15)-(16), the daily maximum
river temperatures were calculated, with a good agreement
between simulated and observed values and a RMSE of
0.83∘ C. The simulated and observed temperatures were very
close during most seasons (Figure 6) and especially in summer. However, the maximum temperatures were slightly
underestimated in spring and slightly overestimated in late
autumn.
4.3. Heat Fluxes at the River-Atmosphere Interface
4.3.1. Evaporation in the River. The river evaporation and
corresponding fluxes were calculated with (9)–(11). The daily
and monthly average evaporation rates are shown in Figure 7
and determine the latent heat flux between the atmosphere
and the river and the capability of moistening the adjacent
environment. The rates ranged −6.67 ∼ +14.96 mm/d and
averaged 4.28 mm/d. The maximum rates were reached in
April, with a decline in the main trend in the following
months (Figure 7(b)). The atmosphere was relatively dry in
spring leading to a higher moisture transfer and meaning that
the humidifying effect of the river was stronger.
Negative evaporation rates (condensation) mostly occurred in spring and autumn, when the atmospheric temperature changes were more rapid than for the river surface
(Figures 2(a) and 3(a)). Because of atmospheric instability,
frequent transitions in the temperature and vapor pressure
are common over the river during spring and autumn, while,
due to its large heat capacity, the river itself remains relatively
stable. A combination of high humidity and relatively high
river temperature with low wind speed and near-freezing
atmospheric temperatures favored condensation over evaporation.
4.3.2. Net Radiation Components. As shown in (5)-(6), the
heat flux at the atmosphere-river interface results from an
energy exchange through solar radiation (net shortwave

radiation), net longwave radiation, latent heat flux, and
sensible heat flux. The net radiation represented the main
input to the energy balance at the interface. Figure 8 shows
the daily and monthly variations in the net radiation.
The net shortwave radiation fluctuated daily (Figure 8(a))
indicating variable cloud conditions and ranged 20.21–
356.56 W/m2 , with an average of 183.82 W/m2 and a maximum on June 13. On a monthly basis (Figure 8(b)), it was
highest in June and lowest in October.
The daily average net longwave radiation was mostly
negative (Figure 8(a)), as the outgoing longwave radiation
(from the river) was mostly larger than the incoming (from
the atmosphere), owing to the lower daily average atmosphere
temperatures compared to the river. The monthly average
net longwave radiation was always negative except in April
(Figure 8(b)).
The net radiation includes the integrated net shortwave
and longwave radiation, with the net shortwave radiation
representing the main heat gain. The averages were mostly
positive in spring and summer (Figure 8(a)) and negative
in autumn. The monthly average net radiation was always
positive, except in September, because of the large negative
net longwave radiation values (Figure 8(b)). The lowest positive net radiation occurred in August, when the internal
river temperature remained low and stable compared to the
atmosphere.
4.3.3. Energy Budget Components. The energy budget for the
atmosphere-river interface can be divided into four components: the net radiation and the sensible, latent, and conductive heat. Figure 9 shows the dynamic energy budget for the
river-atmosphere interface according to (5)–(12). The incoming and outgoing energy fluxes are shown in Figure 9. The
daily averages and percentage contributions of the seasonal
heat flux gains and losses are shown in Table 2. The plus sign
represents heat gain to the river surface and the minus sign
represents heat loss.
The net radiation ranged between −386.13 W/m2 on
September 29 and 737.01 W/m2 on April 24 (Figure 9(a)). As
the most important source of heat to the river, it accounted,
on average, for more than 86% of the total heat gain in spring
and summer (Table 2), mainly due to the net shortwave radiation (Figure 8). On the other hand, for the reasons mentioned
above, the net radiation constituted over 46% of the total heat
losses in autumn and only 7% in spring and summer.
The latent heat flux from the river surface occurred almost
daily, varying between months (Figure 9(a)). The maximum
daily loss (−635.21 W/m2 ) occurred on April 25, while the
maximum daily gain (201.08 W/m2 ) occurred on September
3. According to (9), the latent heat flux varied with the
weather conditions, increasing with high wind velocity and
low humidity (Figure 2). The contribution of evaporation to
the heat loss was highest in April and June and lowest in
September and October (Figure 9(b)). In terms of percentage
(Table 2), the average daily heat losses from evaporation
represented 64, 75, and 35% in spring, summer, and autumn,
respectively. The large proportion in summer indicates the
moistening capacity of the river, resulting in a higher relative
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Figure 7: Daily and monthly average evaporation rates.
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Table 2: Daily averages of the seasonal heat flux gains (+) and losses (−). The values in bold indicate the percentage contribution of each flux
component.
Seasons

Net radiation flux
+
−

Latent heat flux
+
−

Sensible heat flux
+
−

Conductive heat flux to river
+
−

Spring (W/m2 )
Percentage contribution (%)

314.88
86.01

26.92
7.35

9.82
2.68

234.40
64.03

15.99
4.37

8.69
2.37

25.41
6.94

96.09
26.25

Summer (W/m2 )
Percentage contribution (%)

146.58
86.87

12.61
7.47

6.1
3.61

133.39
79.04

0.62
0.37

7.77
4.61

15.45
9.15

14.98
8.88

Autumn (W/m2 )
Percentage contribution (%)

62.80
39.28

74.2
46.41

31.02
19.40

56.71
35.47

3.60
2.25

16.37
10.24

62.46
39.07

12.61
7.89
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Figure 9: Daily (a) and monthly (b) averages for each heat flux component.

humidity in summer on the adjacent thermal environment
(Figure 2(b)). Heat gain due to the latent heat flux had
contributions of 2.68, 3.61, and 19.4% in spring, summer, and
autumn, respectively, which may be attributed to condensation caused by the relatively higher river temperature and
near-freezing atmosphere temperature in autumn.
The monthly average sensible heat flux had a maximum
heat gain of 20.88 W/m2 in April and a maximum heat loss
of 17.44 W/m2 in September. The minimum heat exchange by
sensible heat occurred in June (5.62 W/m2 ). The mean daily
energy exchange owing to sensible heat transfer was relatively
small, accounting on average for less than 2.5 and 5.8% of the
total heat gains and losses, respectively (Table 2). The sensible
heat fluxes were generally lower in summer than in spring and
autumn and mainly negative (Figure 9), which is attributed
to the frequent fluctuations in the daily average temperature
differences between the atmosphere and the river (Table 1).
Although the maximum atmospheric temperature was higher
than the river temperature, their daily average difference was
relatively small. Except for heat losses in autumn, the thermal
effect (cooling or heating) of the river on the atmosphere as
sensible heat was not obvious during the observations.
The conductive heat flux indicated that the river heat
gain or loss ranged between −311.79 W/m2 on April 10 and
332.38 W/m2 on May 2 (Figure 9(a)). The monthly averages
showed that the conductive heat flux was the second largest
contributor to the heat loss in spring (26.25%) and the largest
to the heat gain (39.07%) in autumn (Table 2), explaining
the river temperature rise in spring and decrease in autumn
(Figure 3(a)). In summer, both negative and positive components were small, according to the comparatively stable
trend of the river temperature in Figure 3(a), meaning that
the summer river heat budget was at equilibrium.
In general, all heat budget components were large in
spring, gradually decreasing until autumn. The heat exchange
in April was almost twofold that of June and fourfold that of

August. The minimum heat exchange occurred in October,
representing one-sixth of the heat exchange in April. Large
heat exchange fluxes between the atmosphere and the river
occurred in spring, rising the river temperature. In summer,
the heat exchange gradually decreased and was relatively
stable, so that its intensity was small. In autumn, the heat
exchange had an opposite direction and although its intensity
was smaller than in summer, the opposite direction resulted
in a river temperature decrease.

5. Conclusions
In this paper, various models were used to discuss the thermal
relationship between the atmosphere and a large river by
analyzing the temperatures and heat budget components
of long-term observation data from Harbin, China, a city
under severe cold continental climate conditions. In terms
of microclimate variables, the atmosphere characteristics
showed an overall higher variability than the river, with much
larger differences between maximums and minimums for the
study period. However, some features were shared, such as
highly seasonally dependent temperature trends and relatively fluctuant conditions in spring and autumn and stable
conditions in summer. The logistic regression fitted the
weekly data better than the linear regression, while the stochastic model was more suitable to analyze daily maximum
temperature relationships between the atmosphere and river.
The difference between observed and modeled values was
comparatively smaller in summer.
The heat budget components for the atmosphere-river
interface varied widely in magnitude and significance,
depending on the characteristics of the river and weather conditions. The net shortwave radiation flux was the dominant
component of the heat gain, while the latent heat flux
accounted for the main heat loss. The sensible heat flux
had the smallest contribution to the total heat exchange.
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Significant seasonal differences in the absolute and relative
magnitudes of the heat budget components affected the
energy fluxes to and from rivers. All heat budget components
were larger in spring, gradually decreasing until autumn.
Large heat exchange fluxes between the atmosphere and river
occurred in spring, leading to a temperature rise of the river.
In summer, the heat exchange was relatively stable, with the
main river thermal effect in the form of moisture diffusion.
The heat exchange in autumn showed an opposite direction,
resulting in a river heating effect on the atmosphere. Considering the relatively dry and hot summer conditions in
Harbin, this thermal effect can effectively milden the adjacent
thermal environment. The greatest contribution of the river
for thermal mitigation was the absorption of solar radiation
without a large temperature rise. The stable river conditions compensated for the relatively unstable atmospheric
conditions, meaning that artificial underlying surfaces will
aggravate the UHI problem as they are much more unstable
than the atmosphere.
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