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Inquiry using data from remote Earth-observing platforms often confronts a straightforward but particularly thorny problem: huge
amounts of data, in ever-replenishing supplies, are available to support inquiry, but scientists’ agility in converting data into
actionable information often struggles to keep pace with rapidly incoming streams of data that amass in expanding archival
silos. Abstraction of those data is a convenient response, and many studies informed purely by remotely sensed data are by
necessity limited to a small study area with a relatively few scenes of imagery, or they rely on larger mosaics of images at low
resolution. As a result, it is often challenging to thread explanations across scales from the local to the global, even though doing
so is often critical to the science under pursuit. Here, a solution is proposed, by exploiting Apache Spark, to implement parallel,
in-memory image processing with ability to rapidly classify large volumes of multiscale remotely sensed images and to perform
necessary analysis to detect changes on the time series. It shows that processing on three diﬀerent scales of Landsat 8 data
(up to ~107.4 GB, ﬁve-scene, time series image sets) can be accomplished in 1018 seconds on local cloud environment. Applying
the same framework with slight parameter adjustments, it processed same coverage MODIS data in 54 seconds on commercial
cloud platform. Theoretically, the proposed scheme can handle all forms of remote sensing imagery commonly used in the
Earth and environmental sciences, requiring only minor adjustments in parameterization of the computing jobs to adjust to the
data. The authors suggest that the “Spark sensing” approach could provide the ﬂexibility, extensibility, and accessibility
necessary to keep inquiry in the Earth and environmental sciences at pace with developments in data provision.

1. Introduction
Data provided by remote sensing have long presented as a
critical resource in monitoring, measuring, and explaining
natural and physical phenomena. Indeed, remote sensing
might justly be characterized as one of the ﬁrst “big data”
sciences [1]. Steadfastly, for the advances in the sensing
capabilities of remote, Earth-observing platforms have
continued to produce more and more data, with increasing
observational breadth and ﬁnesse of detail. These developments carry a dual beneﬁt and problem: analysis and inquiry
in the environmental and Earth sciences not only are
routinely awash with data but also often struggle to match
pace in building empirical knowledge from those data

because the data are incoming with such haste and heft.
Strategies to manage big remotely sensed data are required
to fully exploit the beneﬁts those data hold for applied
scientiﬁc inquiry, and the topic of how computing might be
leveraged to ease pathways between science and sensing
holds signiﬁcant currency across many ﬁelds, with particularly rapid adoption of high-performance computing [2]
and cloud computing in the geographical sciences [3].
Remote sensing imagery is a commonly used source to
support those studies of sustainable ecosystems, such as
ecosystem dynamics, grassland degradation, and urban
ecosystem restoration, especially in large areas [4]. Traditionally, studies with pure remotely sensed data involved only a
few scenes of data in a limited study area, or they rely on
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low-resolution remotely sensed images in large-area experiments [5]. Those traditions are changing as new data have
dramatically altered the underlying substrate for analysis.
For example, in the past few decades, the space-borne and
air-borne Earth observation sensors are continually providing large-volume datasets. For example, Landsat 8, the latest
Landsat mission launched in 2013, can collect more than 700
images per day, corresponding to approximately 86 terabytes
of data per year [6], which is 14 times as much as that in the
1980s [4]. Processing the massive volume of remotely sensed
data is now not the only problem: the intrinsic complexity of
those data is also an important issue that must be considered.
The sensors that are actuated in remote sensing are
usually designed to serve speciﬁc requirements of analysis
for diﬀerent ﬁelds of study. To fulﬁll those diﬀerent needs,
sensors are usually tasked to capture images at diﬀerent
resolutions. For example, high-resolution satellite sensors
such as WorldView-4 can produce imagery with a spatial
resolution of 0.31 m in panchromatic vistas and 1.24 m spatial resolution in multispectral vistas [7], while the QuickBird
platform can image the Earth with 0.61 m spatial resolution
in panchromatic form and 2.44 m spatial resolution in multispectral form [8]. These resolutions, on the order of fractions
of a meter to a few meters in spatial resolution, presented
signiﬁcant opportunities to monitor the Earth and represent
the state of the art in Earth-observing imaging detail.
Concurrently, other remote sensing platforms are tasked
with refreshing observations of the whole Earth’s surface,
aiming for coverage of large areas with temporal consistency,
rather than small-area detail. For example, relatively
medium-resolution sensors, such as Landsat, and relatively
low-resolution sensors, such as MODIS, are deployed as
long-term Earth observatories. Landsat provides 15 m
panchromatic and 30 m multispectral imagery, which is very
widely used in studies of large-area grassland degradation
and urban land cover dynamics [9]. MODIS oﬀers 250 m
multispectral imagery and can build a mosaic view of the
entire Earth once every few days. MODIS data has been
widely adopted in global-scale research studies, particularly
those trained on studying vegetation canopies for investigation of worldwide forest cover dynamics [10].
Many sensors support multispectral imaging. For
example, WorldView-4 data includes four spectral bands,
and Landsat 8 OLI/TIRS provides 11 spectral bands. For
some spectrally sensitive studies, higher spectral resolution
imagery is required. In those studies, hyperspectral sensors
(such as Hyperion, which generates 220 bands between
0.4–2.5 μm [11]) can produce detailed spectral data over
a very small wavelength range. Furthermore, diﬀerent
sensors oﬀer diﬀerent temporal resolutions in their rate of
imaging as well as the timing of their coverage of subjects
under their purview. For example, the WorldView-4 satellite
is capable of revisiting views every 4.5 days (sometimes
sooner), while Landsat can deliver repeat views every 16 days
[12]. Higher temporal resolution in return views facilitates
the study of dynamics on the Earth surface, so that the time
series and the time interval between visits become signiﬁcant
attributes of the observation, alongside the spatial resolution
and spectral range. Therefore, methods to streamline a
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feasible, eﬀective, and eﬃcient approach to processing
archived and continually incoming multispatial, multispectral, and multitemporal remote sensing data are an ongoing
requirement across many potential applications of remote
sensing to applied scientiﬁc inquiry.
In this paper, possible scalable solutions are introduced
to address issues of processing multiscale large-volume
remote sensing datasets in multispatial, multispectral, and
multitemporal cases. The aim is to implement a tool that
can process diﬀerent proposed remote-sensed tasks with
only minor adjustments rather than fully rebuild new
toolkits. Furthermore, this solution should be fully capable
of exploiting beneﬁts from cutting-edge cloud computing
technologies, resources, and platforms to help researchers
process and analyze large remotely sensed datasets that are
diﬃcult to process on local machines in an eﬀective and
eﬃcient manner.
1.1. Cloud Computing as a Resource for Big Data Processing.
Many researchers have made signiﬁcant progress in advancing feasible, eﬀective, and eﬃcient processing for multiprong
attributes of remotely sensed data, using developments in
computer engineering. In particular, research into how
graphical processing units (GPUs) and cluster-based highperformance computing (HPC) might be leveraged to advance
image processing for remote sensing has been particularly
fruitful [13]. More recently, cloud computing is increasingly
being considered as a resource in processing remotely sensed
imagery, largely because of cloud computing’s native abilities
to scale computing in kind as the data being processed also
the scale. Furthermore, signiﬁcant cloud computing resources
are now available commercially, on a “pay as you go” model,
from providers such as Amazon Web Services (AWS) [14],
Microsoft Azure [15], and Google’s Compute Engine [16].
These resources can be brought to bear on image processing
tasks as IaaS (infrastructure as a service), PaaS (platform as a
service), or SaaS (software as a service).
Cloud computing is useful in providing some of the
ﬂexibility required to match pace between incoming data,
large existing data silos, and evolving analytical needs in
image processing that authors alluded to in the introduction.
Cloud computing aﬀords this ﬂexibility by allowing users to
allocate and share software and hardware resources on the
Internet in a distributed fashion, by splitting large computational tasks into many small parallel computing tasks, then
assigning them to as many computing instances as are
required to achieve computing goals based on data size, data
fusion, resource use, or computing time. After all the distributed nodes of the cloud service have completed their assigned
tasks, the results are bundled and returned to the users’ local
database. In this way, virtual instances, applications, and
software are provided on an as-requested basis, and users
may pay for those services as demanded. This aﬀords a user
access to a theoretically limitless size computing capacity
(although very strong limits of available ﬁnancial budgets to
pay for the services quickly dock theoretical capacities to
tangible practical realities in many real instances).
A promising community of computing frameworks
has codeveloped alongside cloud computing hardware, and
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several of these frameworks hold signiﬁcant promise for
processing remotely sensed imagery of the Earth’s surface.
For example, MapReduce was introduced by Dean and
Ghemawat [17], ten years ago. In the decade since, a number
of open-source implementations of the MapReduce model
have emerged as promising frameworks for mediating the
computing between image processing for remotely sensed
data and cloud resources that are available to distribute
and/or accelerate that computing on commercial (or userrun) clouds. Chief among these open-source implementations of MapReduce is Apache Hadoop. While Hadoop
MapReduce relies on reading and writing data to a disk,
another variant, Apache Spark [18] maintains data partitions
in memory (a so-called in-memory computing framework).
Spark also provides a network buﬀer for each reducing task,
rather than merging outputs into a single partition, with the
result that Spark can be one hundred times faster than
Hadoop MapReduce on some big data tasks [19]. Nevertheless, one advantage that Hadoop might hold over Spark is
that Hadoop allows parallel processing of large amounts of
data that are bigger in physical storage size than the available
memory. In fact, many remote sensing datasets are of a size
that is so massive that they exceed the memory available in
local machines or small clusters. Furthermore, physical disk
resources are usually much less expensive in ﬁnancial cost
(of owning or accessing) than memory resources are. So, in
cases for which limited memory may become a constraining
factor, Hadoop presents as a better option in some cases for
processing large amounts of remote sensing data.
However, cloud computing frameworks are agile relative
to resource constraints. And that novel advances in cloud
computing technologies and cloud platforms allow Spark to
leverage resources from and across diﬀerent cloud computing platforms, with the possibility that memory limitations
may no longer loom as large a constraint for big remote
sensing data processing scenarios. Consider memory as a
resource that can be drawn upon on an as-needed basis,
researchers can access theoretically unlimited memory on
the cloud. Furthermore, Spark can run on a single workstation, as well as local computing clusters and cloud platforms.
And Spark could access diverse data sources, such as Amazon
S3, Hadoop Distributed File System (HDFS), Cassandra, and
HBase. In other words, Spark not only can access local
private data warehouses but also can reach cloud-stored big
remote sensing datasets and do so via the cloud platform
directly, with the ability to process those data on the cloud
and then stream back the required results.
1.2. Cloud Computing for Processing Remotely Sensed Images.
One of the common computing solutions to the burden of
processing, analyzing, and managing large-scale remote
sensing data is to parallelize the remote sensing processing
tasks: to spread the burden over multiple computing units
to reduce the overall processing time [6]. For example,
Huang and her colleagues used the message passing interface
(MPI) as a computing framework for their work on dust
storm simulation and forecasting on the Amazon EC2
commercial cloud service [13]. They deployed MPI on the
Amazon cloud and applied loosely coupled nested models
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to process a high-resolution dust storm dataset. Their
performance tests showed eﬃcient and economical results.
Cavallaro et al. [20] used GPUs to implement a support
vector machine (SVM) classiﬁer with MPI and openMPI
frameworks. As an alternative to using HPC computing
frameworks, other researchers have developed their own
bespoke parallel large-scale remote sensing data processing platforms. For example, Wang et al. [21] developed
pipsCloud, which is a cloud-based HPC approach to process remote sensing on-demand and in real time. To
further enhance performance, Wang et al. [21] used Hilbert
R+ -tree indexing.
The turn toward development of tools by remote sensing
scientists, for remote sensing scientists, leveraging computing
techniques but departing in ways that are special to remote
sensing applications, is a wonderful development for remote
sensing science. Nevertheless, bespoke solutions (particularly
in academic settings) cannot feasibly contribute to the
massive levels of computing available now commercially,
with the result that absolute performance will always lag
behind that which might otherwise be available on the
marketplace. Also, applying MPI or self-developed systems
often requires signiﬁcant research and development eﬀort
into programming, debugging, and tuning the computing
system and environment, and one might perhaps make an
argument that the time devoted to these tasks could be used
on the applied science instead. In some cases, building these
systems on a bespoke basis is very challenging. For example,
consider MPI, programming tasks designed for serial
computing and converting them to parallel form can be
signiﬁcantly burdensome and particularly so for some complex image processing algorithms. Moreover, the networking
security, near ubiquitous availability, and fast-moving hardware compatibility (e.g., in shared memory clusters) of commercial platforms oﬀer signiﬁcant practical advantages.
Some existing work points to the potential advantages that
are obtainable in cloud processing of big geospatial data.
For example, Chen and Zhou [22] demonstrated that Apache
Hadoop can be leveraged for partitioning using a mean shift
algorithm. With a local mode test, they successfully increased
the processing speed by ~2 times [22]. Also, Giachetta [23]
introduced a Hadoop-based geospatial data management
and processing toolkit, AEGIS, which he compared against
many existing MapReduce-based frameworks, such as
SpatialHadoop, Hadoop-GIS, HIPI, and MrGeo with spatial
join, query, and aggregation operations [23].
Compared to MapReduce-based approaches, solutions
based on Apache Spark can usually generate results at higher
eﬃciency, as mentioned in “Introduction.” For example,
Sun et al. [24] used MLlib in Spark to test the multiiteration singular value decomposition (SVD) algorithm on
high-resolution hyperspectral remote sensing images. Compared with the Apache Mahout (MapReduce) approach, they
found that the Spark approach can essentially trounce
MapReduce in their tests, once Spark is able to access enough
hardware resources. Another study using Spark to process
massive remote sensing data, by Huang and his colleagues
[25], demonstrated a series of comprehensive performance
tests, using Spark to implement diﬀerent types of algorithms
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Figure 1: Spark-based remote sensing image processing workﬂow.

in remote sensing. Huang et al. [25] discussed the
performance of each of the tests on diﬀerent running
environments, including local, standalone, and yet another
resource negotiator (YARN). They also proposed a selfdeﬁned, strip-based partitioning approach to replace the
default hash partitioning method [25].

2. Methodology and Data Sources
In this paper, authors propose to extend upon recent developments in cloud computing as a resource for processing
remotely sensed imagery. Speciﬁcally, a Spark-based largescale remote sensing image processing tool that can be
deployed on cloud platforms will be introduced. In the following sections, authors will discuss how to design experiments by
applying two commonly used classiﬁers—normalized diﬀerence vegetation index (NDVI) and normalized diﬀerence
water index (NDWI)—as a testbed to assess the feasibility
and performance of our tool. A scheme for designing a change
detection scheme based on classiﬁcation results generated by
the proposed tool on a time series will be also introduced.
One of the key advantages of this approach is in its ability to
easily and straightforwardly support users’ access to processed
land cover changes within a large set of spatial-temporal
images. Moreover, the paper will demonstrate a visualization
approach to save text-based output from the analysis in common picture format, allowing users to examine results easily
and quickly.
2.1. Methodology. The approach presented in this paper is
based on the YARN cloud environment. The goal, in using
YARN, is to facilitate the availability of the processing environment in ways that are widely applicable to real-world scenarios. YARN has been widely used in many current cloud
environments [26]. Unlike traditional versions of Hadoop
MapReduce, YARN allows for allocation of system resources
as containers to the various applications. In other words, different computing frameworks can be deployed on a single
physical cluster in a noninterfering manner. In YARN mode,
a Spark framework is composed of a master instance and
many workers. The master instance is responsible for negotiating with the YARN Resource Manager to request enough
computing resources, as needed, by analyzing the Spark
applications submitted by clients. Once the master instance
is loaded, it will schedule the tasks to executors with
allocated containers. Until all tasks have been ﬁnished,
Resource Manager will revoke all allocated resources for
further possible tasks.

Resilient distributed datasets (RDD) form the basic
abstraction of a dataset in Spark. RDDs can be created
from an external dataset, or from existing RDDs. For cases
in this research, RDDs will be created from the original
remote sensing images stored in HDFS. For each image,
three RDDs will be created for green, red, and nearinfrared bands for NDVI and NDWI land cover classiﬁcation at the initial stage. RDDs contain the data partitions
and the metadata records. According to the Spark mechanism, RDDs will go through a series of transformations
and action operations to process the data partitions in a
distributive manner. The transformation operations of
RDDs will be executed on individual partitions of an
RDD and those operations will return a new RDD. Action
operations will summarize information from an RDD by
user-deﬁned functions and return a result. For example,
the joining operation, as a commonly used transformation
operation in Spark, involves joining partitions belonging to
two RDDs and creating a new one. In this case, the data
blocks will not be moved at the current stage because of
the lazy mechanism. However, action operations, such as
count, will process the data partitions in RDD and perform real computing.
Based on the features of Spark, a workﬂow has been
designed as illustrated in Figure 1. The ﬁrst step in that
workﬂow is to extract each band of a raster dataset by using
the Geospatial Data Abstraction Library (GDAL), which is
an open-source translator library for raster and vector
geospatial data formats [27]. Each line of the extracted data
contains the geographical coordinates and the digital number
(DN) value of the raster cell in the original raster dataset.
These ﬁles are then put into the HDFS as data input sources
for distributive processing.
The second step is to perform parallel processing of
image classiﬁcation and land cover change detection. As
introduced before, for each image that must be processed
by this tool, three RDDs will be created for its green, red,
and near-infrared bands. The basic units of the RDD are
key-value pairs. In this case, the geographical coordinates
are set as the key, and the DN value of a raster cell will be
the value. In this manner, parallel land cover classiﬁcations
can be conducted across many computer units in a cluster.
The extent of parallel processing depends on the Spark
application conﬁguration and the cluster hardware speciﬁcations. Because the basic parallel processing unit is pixel-wise,
this method can be highly ﬂexible and scalable, allowing
raster datasets to be partitioned in any manner, regardless
of the spatial structures of the raster. However, partitioning
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1: Input= TIF1 , TIF2 , … , TIFk ; Dimension = X∗ Y
2: For k = 1 to K‐1 do:
3:
InputTIF1 = TIFk
4:
InputTIF2 = TIFk+1
5:
For m = 1 to 2 do:
6:
For x in 1 to X
7:
For y in 1 to Y:
8:
ndvixy = InputTIFxy NIR − InputTIFxy R / InputTIFxy NIR + InputTIFxy R
9:
ndwixy = InputTIFxy G − InputTIFxy NIR / InputTIFxy G + InputTIFxy NIR
10:
landcoverxy = CLASSIFIED ndvixy, ndwixy
11:
landcoverm x, y = landcoverxy
12:
endFor
13:
endFor
14: endFor
15: landcover changek = CHANGE landcover1 , landcover2
16: Output = landcover coverk
17: endFor
Algorithm 1: NDVI/NDWI classiﬁcation and changing detection.

strategies still must be seriously considered, because an
appropriate partitioning strategy will help to optimize the
performance with better usage of the computing resources
of the cluster. Spark supports hash partitioning and range
partitioning by default; these applications are appropriate
for many cases in the real world. However, according to
the results of the study of Huang et al. [25], the partition
scale cannot be too small or too large. A very small partition scale will result in low-performance computing and
even increase the fault recovery cost. A very large partition
scale may lead to the out-of-memory error. Inspired by
their strip-based partitioning method, splitting data into
chunks with a conﬁgured HDFS block size is needed in
following experiments.
In Algorithm 1, the detailed algorithm of using NDVI
and NDWI as classiﬁers on remote sensing images has
been illustrated. Several transformation operations are performed on each partition in RDDs. For k input GeoTiFF
remote sensing images, the algorithm will ﬁrst parse the
dimension of them. Moreover, those created RDDs will
be marked by a time sequence in the time series. For each
data chunk, in each pair of image RDDs (e.g., a pair of
images in 2013 and images in 2014), the NDVI and NDWI
classiﬁer will be applied to each pixel to calculate the indicated values. The NDVI [28] can be calculated according
to its deﬁnition as

NDVI =

NIR − red
NIR + red

1

The range of NDVI is from negative one to one, which
can use diﬀerent ranges to denote sparse vegetation, dense
vegetation, barren rock and sand, and water. However,
NDVI may not always correctly distinguish the water
body, especially when there is a noisy signal in the water
area (e.g., mud). To further improve the accuracy of

classiﬁcation, NDWI is applied according to McFeeters [29]
as follows:
NDWI =

green − NIR
green + NIR

2

NDWI can distinguish the water feature with the positive
value indicator. From the perspective of algorithm implementation, RDDs of three bands will be joined as a single
RDD for NDVI and NDWI calculation of each raster cell
with mapping operations. Land cover classiﬁcation can,
therefore, be conducted in parallel by using calculated NDVI
and NDWI results. Once the land cover features are classiﬁed
by NDVI and NDWI indicators, each feature can be labelled
with a class ID and pass those IDs when changing the detection function. The changing detection function will compare
the feature IDs from each image pair and summarize how
those land features change from the former year to the
current year.
The ﬁnal step is to visualize land cover change, as
illustrated in pseudo code in Algorithm 2. With all k numbers
of land cover change results generated by Algorithm 1 for
each image pair, visualization images are created in PPM
format from the obtained output RDD, which is a lowest
common denominator color image ﬁle format [30].
Although redundant, PPM is an easy format to write and
manage text-based outputs into human-readable ﬁgures.
The two RDDs of land cover classiﬁcations for two images
from Algorithm 1 will be joined as a single RDD, and the
values of key-value pairs will be converted to colors according to a user-deﬁned RGB color scheme. This joined RDD
will then be sorted to the original order and reduced in a
manner such that each key-value pair represents a row of
the original raster image. Finally, to produce a PPM-format
image, this RDD is appended to the PPM ﬁle header to create
a complete PPM image.
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1: Input = landcover change1 , landcover change2 , … , landcover changeK ; Dimension = X∗ Y
2: For k = 1 to K do:
3:
InputKVk = landcover changek
4:
rgbKVk = RGB inputKVk
5:
Sort rgbKVk by two dimensions
6:
rgbVk = values of rgbKVk
7:
Reshape rgbVk to dimensions X∗ Y
8: Output = rgbVk
9:
Save rgbVk to ﬁles
10: endFor
Algorithm 2: Visualization.

An overview of how the whole process works is illustrated in Figure 2. Four steps are applied in this design:
(1) read and parse each pair of input images and create
RDDs for green, red, and near-infrared bands; (2) split
data into chunks and process them in parallel; (3) gather
results and assign labels to each pixel; and (4) reconstruct
whole images by sorting output RDDs and visualize them
in PPM format.
2.2. Data Sources. To prove the applied utility of the proposed scheme, three experiments are performed, and two different remote-sensed imagery datasets are involved. The ﬁrst
experiment is using the Landsat 8 operational land imager
(OLI) dataset in three diﬀerent scales to test the workﬂow
of classiﬁcation and change detection and visualization algorithm with Spark on local cloud environment. To further
study the tuning performance of this scheme, the second
experiment is designed to run this tool under diﬀerent execution conﬁgurations with the same Landsat 8 dataset. The last
experiment is set to prove this tool can consume diﬀerent
source remote-sensed imagery datasets with only minor
parameter adjustments. By using the same algorithm presented above, a MODIS dataset on Amazon EC2 which is a
real commercial cloud platform is processed.
Landsat 8 scans the entire planet surface in a 16-day
period [31]. Equipped with the latest OLI sensor, Landsat 8
provides unprecedented spectral information with two
additional spectral bands in the whole Landsat instrument
family. In addition to oﬀering a 15 m panchromatic band
and a 30 m multispectral band, as in many previous products,
Landsat 8 also includes a quality assessment (QA) band to
support pixel-based cloud, shadow, and terrain occlusion
ﬁltering. A relatively short revisit period, medium spatial
resolution, and seven spectral bands make Landsat 8 OLI
products a commonly used freely accessible remote sensing
imagery datasets for science that relies upon spatial, spectral,
and temporal Earth attributes for environmental research.
Furthermore, the Landsat 8 dataset is currently open to the
public on cloud platforms, such as Amazon S3 [32] and
Google Earth Engine (GEE), making it a great data source
to serve cloud-based large-scale remote sensing processing
in the cloud.
Like Landsat 8 OLI, MODIS satellite datasets are landed
on as Amazon S3 [33] and GEE since 2017. MODIS

provides a variety of planet observation products with
daily temporal resolution. In this paper, MODIS/Terra
Surface Reﬂectance Daily L2G Global 1 km and 500 m
SIN Grid V006 (MOD09GA) will be used as second data
input, which can provide 7 band surface spectral reﬂectance with 500-meter spatial resolution. Besides, a bunch of
1-kilometer resolution observation and geolocation statistic
bands are oﬀered in this product.
The coverage of each of the datasets that are used is
illustrated in Figure 3. Three scales of Landsat 8 imagery
datasets of small, medium, and large scale were used in experiments, as the input data source. This multiscale approach
allowed us to assess whether our tool can perform multiscale
remote sensing image processing with only minor parameter
adjustments, to assess whether a wide array of remote sensing
imagery datasets can be processed by our proposed framework in real scenarios. Because of remote sensing images,
which are collected by diﬀerent sensors at diﬀerent spatial
resolutions, with various bands of spectral information, and
at diverse temporal scales are essentially formed by pixels,
pixel-based algorithms implemented via Spark in the cloud
should be capable of performing a very wide array of pixelbased processing and analysis. However, to further prove
the presented tool can handle multisource remote sensing
images in real cases, a MODIS dataset that ﬁts for the exact
same coverage of large-size Landsat 8 dataset is imported.
To generate a time series for change detection, one
image per year has been chosen from a dataset spanning
2013 to 2017. The small-size images and medium-size images
are approximately in one single scene of a Landsat image.
Hence, those images that were acquired on a similar date
for each year are preferably selected to reduce the land cover
changes caused by seasonal variation factors. However, a
large dataset is formed by over 15 scenes of original images.
In this case, it cannot guarantee that each tile of this dataset
can be ﬁlled by same-date images for each year. Hence, by
broadening the ﬁlter criteria to the month level, obtaining
enough tiles can be ensured to form the whole area. Another
important factor is that the chosen images are preferably high
quality to reduce the cloud and haze problems. For MODIS
dataset, with relatively coarse spatial resolution and large
coverage per scene, it takes about half of single scene to ﬁt
the large-size Landsat dataset coverage. Also, the acquisition
time of it follows the date of the small- and medium-size
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Distributive storage of raster
datasets on HDFS by raster bands

Parallel data processing across many
computer nodes simultaneously

Landcover change results
reassembled and visualized

Figure 2: Detailed workﬂow for image classiﬁcation and changing detection.

Landsat dataset because MODIS can provide daily products. The detailed acquisition time of each dataset is listed
in Table 1.
The reason for the choice of the study area shown in
Figure 3 is that, in the Suez Canal area, the land cover mainly
includes sparse and dense vegetation, a natural water body,
the Suez Canal (with water), and bare sands and rocks. Thus,
the study area is a great test area for our NDVI/NDWI
classiﬁer to detect detailed land cover and generate relatively
accurate change detection results. Another reason for the
choice of the study area is that Suez Canal was expanded

since 2013 to build another branch [34]. This project can be
clearly monitored by the presented change detection process.
In those experiments, all remote sensing image datasets
were exported from GEE, which is a cloud-based platform
that can serve remote sensing data source with customized
criteria [35], for example, setting (1) the region boundaries
to acquire data belonging to our study area and (2) the cloud
mask to ﬁlter the cloud pixels on images before exporting the
data to our cloud drive. Landsat 8 and MODIS (MOD09GA)
both provide surface reﬂectance produced on GEE. If
other datasets are used, a strictly image-based atmospheric
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Small-size dataset

Medium-size dataset

Large-size dataset

Figure 3: Landsat 8 image dataset in three diﬀerent scales.

Table 1: Detailed acquisition time of each dataset.

Landsat_small
Landsat_medium
Landsat_large
MODIS

Table 2: Landsat data size and processing time.

2013

2014

2015

2016

2017

4/29
4/29
Apr
4/29

3/31
3/31
Mar
3/31

4/19
4/19
Apr
4/19

3/4
3/4
Apr
3/4

4/5
4/5
Apr
4/5

correction should be followed to remove the haze impact
on those images [36].
2.3. Experiment Environment. Two experiment environments
are involved in this research for local cloud environment test
and real commercial cloud platform test, respectively. The
local computing cluster contains a total of 20 nodes. Two of
them are master nodes, which equipped with 2 Intel Xeon
E5-2680v4 2.4 GHz CPUs and 256 G memory each. 18 computing nodes are equipped with 2 Intel Xeon E5-2690v4
2.6 GHz CPUs (28 cores) and 256 G memory each. 10 Gbit
network is assigned. In total, there are 1008 computing vcores
and 5.12 Tb memory available. 2 Pb HDFS is conﬁgured and
the block size is 128 M as default. Linux (Centos 6.9) is running on this cluster. Java 1.8.0_152 64-Bit Server VM is
installed. Spark version is 2.2.0 with Cloudera release 1 and
CDH 5.12.0.
The Amazon EC2-based computing cluster is another
computing environment. Based on the computing needs of
the third experiment in this paper, a 3-node cluster is built
with 1 t2.xlarge instance with 4 vCPU Intel Broadwell
E5-2686v4 2.3 GHz as master nodes and 2 t2.large instances
with 2 vCPU Intel Broadwell E5-2686v4 2.3 GHz as slaves.

Small
Medium
Large

Scenes for each year

Size

Processing time

~0.15
~1
~15

~1.2 G
~10 G
~107.4 G

67 s
276 s
1018 s

All nodes are involved in computing. The total number of
vcores is 8 and the overall memory is 32 G. 20 G storage per
node is attached with default 128 M block size. The default
HDFS replica is set as 3. Ubuntu Server 14.04 LTS (HVM)
is the operation system. Similar to local computing cluster,
Java 1.8.0_152 64-Bit Server VM, Spark 2.2.0 with Cloudera
release 1, and CDH 5.12.0 are conﬁgured.
In the following parts of this paper, how authors applied
the aforementioned workﬂow on real multiscale and diﬀerent
source remote sensing datasets to test the performance and
feasibility of the Spark-sensing scheme will be discussed.
The performance of the tool and the visualization of the
experimental results will also be shown. Moreover, the
ﬂexibility, extensibility, and accessibility gleaned by using a
Spark-based solution in remote sensing image dataset
processing will be further discussed.

3. Results and Discussion
The ﬁrst experiment is performed on a 20-node YARN computing cluster. In this experiment, a multiscale remote sensing image dataset with the Spark-based classiﬁcation and
change detection algorithm has been successfully processed.
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Processing time under different configurations
1700
1604

Processing time (s)

1600
1500

1490
1441

1400
1300

1282
1244

1200

1134

1100
1000
64

1018
128
Block size (Mb)

1109
1081
256

Set 1
Set 2
Set 3

Figure 4: Processing time of large-size Landsat dataset under diﬀerent conﬁgurations.

The detailed data size and processing time are shown in
Table 2. The processing time is recorded under conﬁgurations with default block size, 50 executors with 20 cores each,
and 20 G executor memory. Note that Spark can oﬀer highly
eﬃcient processing for remote sensing images. Especially for
a relatively large cluster, a suﬃcient computing resource can
support the entire distributed computing process, ensuring
that the processing time does not signiﬁcantly increase as
the data size increases. From the perspective of algorithm
design, by anatomizing the overall processing time in each
operation time-consuming segment, the joining operations
are found to be very time-consuming, especially for a dataset
with large pixels. In contrast, mapping operations for classiﬁcation and change detection are much faster in comparison
to joining operations. Hence, designing an image processing
algorithm with fewer join operations and appropriate partitioning to reduce the data block moving may enhance the
performance. Besides, repartitioning operations should also
be avoided because it will result in a very time-consuming
shuﬄe process.
Except enhancing the overall performance from
algorithm design, the second experiment is developed to
further study if the execution conﬁgurations may eﬀect on
the processing performance. Only the large-size Landsat 8
dataset is applied in this experiment to assess the processing
time with diﬀerent conﬁgurations. According to Spark
performance tuning oﬃcial documents [37], the executor
numbers, executor, cores and executor memory are three
main factors that may eﬀect on performance of Spark-based
applications. Budgeting available computing resources in
advance is usually needed for users to gain satisfying processing performance. Here, three diﬀerent conﬁguration sets are
assigned as follows: (1) 10 executors with 100 G memory
and 100 cores each as set 1, (2) 50 executors with 20 G
memory and 20 cores each as set 2, and (3) 500 executors
with 2 G memory and 2 cores as set 3. Those three conﬁguration sets are designed with the same total computing vcores
and memory. It is also worth to point out that block size

may sometimes eﬀect on performance as well. As discussed
above, repartition operations (especially for increase partitions) usually should be avoided to eliminate unnecessary
shuﬄe process. Under this circumstance, partitions will be
mainly decided by block size during I/O process when RDDs
are created. If the block size were too small, massive number
of partitions will be created especially with very large input
dataset, which will lead to increasing the overhead of task
management, though coalesce operation may be applied to
decrease the partitions sometimes without shuﬄing in some
cases. If the block size were too large, only a few partitions
will be created so that not all the cores in the available
computing resource can be suﬃciently utilized. In other
words, the feature of parallelism is not fully exploited to
enhance the performance. Here, three diﬀerent block sizes
are set during the experiments. In Figure 4, the performance
of processing the dataset under diﬀerent execution conﬁgurations and diﬀerent block sizes is represented. The shortest
run is oﬀered by 50 executors with 20 G memory and 20 cores
each under default block size. With the same executor conﬁguration set, the performance shows a bit lower with 64 M
block size, which may result from the total task number
which is increased with a smaller block size. However, the
execution time for each task is not signiﬁcantly reduced with
corresponding settings. The performance of the same conﬁguration set with 256 M block size is also beaten by it with a
default block size. The reason is the partitions generated
under this block size are too few so that parts of the executors
are not active during processing. This problem shows more
obviously when applying conﬁguration set 3, because the
number of executors is far more than the tasks under this
case and too many computing resources are in idle, which
leads to the lower performance. The execution conﬁguration
set 1 shows very similar performance with set 2 under each
block size setting. However, by monitoring the core utilization of set 1, it is lower than it is with set 2. This may present
that the increasing number of executors and decreasing the
cores per executor may lift the utilization of cores and may
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2013 to 2014

2014 to 2015

2015 to 2016

2016 to 2017

Dense to rock

Dense to sparse

Sparse to rock

Sparse to dense

Rock to sparse

Rock to dense

Rock to water

Water to rock

No change

Others

Figure 5: Changing detection visualization results of 2013 to 2014, 2014 to 2015, 2015 to 2016, and 2016 to 2017.

also help enhance the overall performance in some cases
especially for very large dataset with relatively limited
computing resources.
Here, the land cover feature is deﬁned in four classes:
dense vegetation, sparse vegetation, rock/sand, and water.
In the legend of Figure 5, colors are set for the changes
of each pixel in the study area from one feature to
another. For example, “rock to water” indicates that the
land cover feature was observed to have changed from
sand or rock to water body in the past year. Conditions
of no change indicate there are no detected changes in
the past year. Others indicate those parts in the images
with no data or with erroneous data. In Figure 5, the
changes for each pair of images can be clearly seen. Moreover, users can generate a “ﬁnal” result directly from 2013
to 2017 with a single parameter change. Taking the changing map of 2014 to 2015 in Figure 5 as an example, users
can monitor the new branch of the Suez Canal being built
and ﬁlled with water. It also shows that some new vegetation
is growing along the Canal; such vegetation may be a new
farmland because most of the vegetation regions are in
artiﬁcial-like shapes.
As discussed before, the presented tool can be deployed
on commercial cloud platform with no change (if the hardware conﬁguration is highly diﬀerent, strategies of balancing
workload may need to be reconsidered). The third experiment is designed to use the proposed framework on Amazon
EC2 to process MODIS dataset. Diﬀerent from Landsat 8
products with band 4 as red, band 5 as NIR and band 3 as
green, MODIS (MOD09GA) product sets red band as band
1, NIR as band 2, and green as band 4. Except changing the
band index for input, the processing tool is ready to launch
with no additional adjustment needed in coding. This experiment run on the 3-node Amazon EC2 cloud computing
cluster. By applying 2 executors with 2 cores and 4 G memory

each, the experiment is successfully completed in 54 seconds.
It is worth to point out that 54-second processing time is not
fast with such a small input dataset and that ~0.5 scene
MODIS image is only about 50 M. Because in this case, lots
of time are occupied by job submission, task management,
resource allocation, and so on, the performance of Spark
applications can only show signiﬁcantly with relatively large
dataset. However, this experiment still proves the idea that
the proposed framework can be deployed on real commercial
platforms to process multisource remote sensing images with
only minor parameter adjustments.
Those experiments represent a robust solution for
constructing remote sensing image processing tools for
multiple purposes that are ﬂexible (the ability of the tool to
ﬁt multisource datasets in diﬀerent scales), extensible (the
ability of the tool to grow in size and accommodate the
volume of computing to resolve), and accessible (the ability
of the tool to access data from multiple storage platforms
and locations on local resources, data centers, and the cloud).
All tested image datasets in those experiments are Landsat 8
with 30-meter spatial resolution and MODIS with 500-meter
spatial resolution. However, the reader should note that the
input dataset can be any raster-based images in diﬀerent
spatial, temporal, and spectral resolutions, because the
algorithm implemented in our experiment is a pixel-based
processing algorithm. Following a similar mechanism, all
pixel-based algorithms can be implemented by processing
the DN values of each pixel to generate required results under
this framework. Hence, regardless of applying it to an existing large amount of data or ﬁlling it with a next-horizon
dataset that will be collected in the future with current
sensors or new sensors, this solution is capable of handling
the tasks with only minor change in coding, thereby saving
the high cost usually invoked in reprogramming diﬀerent
tools for diﬀerent research goals.
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With the Spark-based implementation, as demonstrated in the experiment, the main structures of this tool
do not require modiﬁcation as the volume of dataset
changes. For example, it is becoming possible that, even
if a Landsat 8 dataset covering a whole year (47.33 Tb) [6]
is involved in processing at the same time, by the support
of cloud platforms, users can always gain suﬃcient computing resources (memory especially, for Spark) in theory.
Consider that Amazon EC2 now provides the “x1e.32xlarge”
instance, which contains 128 virtual CPUs, ~4 Tb memory,
and ~4 Tb storage. Users can apply fewer than 20 instances
to implement in-memory computing with Spark-based
approaches for this dataset in many diﬀerent processing
purposes. Nevertheless, to maintain the high performance of the tool, the partitioning strategies should be
tailored based on real execution environments, especially
for clusters with unevenly distributed computing resources
and networking performance.
As discussed in the introduction, Spark-based
approaches can easily access HDFS, Amazon S3, Cassandra,
and HBase. Beneﬁtting from cloud storage and management
development, an increasing amount of data has been stored
in the cloud and is open to the public. The approach as demonstrated provides cloud-based data resources to support
users in performing a “pure” cloud analysis and in creating
new products from it, without transferring unnecessary
original and intermediate data to local storage before the ﬁnal
results are generated. This solution can also support data
from multiple sources at the same time. For example, users
can access cloud-stored public data as part of their data
source and can also access and load their private data stored
on local HDFS in a single Spark application.

4. Conclusions
In this paper, authors argue that the current state of the art
for big data remote sensing, involving massive datasets being
generated from existing and next-generation satellites and
observation platforms, is, in many cases, proceeding at paces
that outstrip our analytical capabilities to keep up with information products atop those data. While data and analysis are
out of alignment, researchers perhaps miss opportunities to
build the necessary science that might otherwise be attainable
if data and analysis could be better connected. In this paper,
authors discussed the current widely used approaches that
have been developed by existing studies as a means to
cater to the call of the community for the development
of an eﬀective and eﬃcient large-scale processing framework to process large-volume remote sensing datasets.
Based on the reviews of a comparison with other possible
approaches, using Spark to build a robust scalable tool on
a cloud environment is possibly an important and practical option to match data with analysis at pace. To this
end, a Spark-based multiscale large remote sensing classiﬁcation and change detection tool has been introduced, and its
successful deployment and experimental testing in a cloud
environment have been shown.
The approach in this paper suggests several promising
advantages. First, the scheme for Spark-sensing oﬀers
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considerable ﬂexibility for processing big remote sensing
datasets in multispatial, multispectral, and multitemporal
cases. Indeed, shifting between resolutions and spectrums is
possible with slight adjustment, thereby signiﬁcantly saving
the time cost of reprogramming brand new toolkits for
diﬀerent purposes. Second, this scheme makes it possible to
exploit the beneﬁts of cloud platforms to gain (theoretically)
unlimited computing resources, with highly eﬃcient performance. Third, the presented approach is natively highly
accessible to multisource data storage, even in the cloud,
which is useful in reducing data transformation costs.
The tool discussed in this paper is obviously just a
prototypical framework. Thus, signiﬁcant improvements
could be made. The work here serves to prove the general
principle and mechanisms necessary to get going with experiments in this area, and hopefully it can encourage others in
the community to build on this foundation. An obvious
extension of our approach could include the implementation
of more complex remote sensing image processing algorithms, especially in classiﬁcation, to better match the real
cases in diﬀerent research areas. Another improvement could
be explored in designing better partitioning strategies to
further enhance the computing performance. Moreover,
using a dataset from the cloud directly may reduce the
unnecessary data transferring from the data source to the
cloud environment, which may better ﬁt the usage habits in
real-world problem solving.

Data Availability
The Landsat 8 surface reﬂectance data used to support the
ﬁndings of this study have been deposited in the Google
Earth Engine repository (https://explorer.earthengine.google.
com/#detail/LANDSAT%2FLC08%2FC01%2FT1_SR). The
MODIS/Terra Surface Reﬂectance data used to support the
ﬁndings of this study have been deposited in the Google Earth
Engine repository (https://explorer.earthengine.google.com/
#detail/MODIS%2F006%2FMOD09GA).
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