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The soil water characteristic curve (SWCC) describes the relationship between matric suction and moisture of soil, the testing
process of which is time-consuming.The test time of particle size distribution (PSD), in contrast, is relatively short.Thus, it is quite
important to establish a proper model for PSD to forecast SWCC. This paper analyzed PSD of 25 groups of loess by way of laser
diffraction technique (LD) and sieve-settlementmethod.Workswere carried out onfitting analysis onPSDwith Logarithmicmodel,
Fredlund model, Jaky model, and Gompertz model. Statistical method was used to explain the fitting performance. Meanwhile, an
empirical model was put forward. Compared to the four models, the empirical model has fewer parameters, simple model form,
and smaller fluctuations of parameters. Results of LD showed higher clay content but lower silt content. It is suggested that Fredlund
model or the empirical model be adopted to forecast SWCC of Malan loess.

1. Introduction

The soil is composed of three phases: solid phase, liquid
phase, and gas phase.Water phase and gas phase are often eas-
ily changed due to the variation of the natural environment,
while the solid phase is stable. The changes of the particle
size distribution (PSD) will change soil properties. The PSD
of the soil is very important in geotechnical engineering.
PSD can be used to determine the formation of soil in the
field and evaluate whether the soil in the project location
area is suitable to be used as engineering building materials.
Soil water characteristic curve (SWCC) can be predicted by
PSD curves as the PSD represents the main property of soil
[1, 2]. There are many scholars using PSD to estimate SWCC
[3–7]. Actually, PSD curves combined with pedotransfer
functions could be used to estimate the SWCC of soils.
First, a PSD model should be chosen. Second, pedotransfer
functions should be used to estimate the SWCCwith the PSD
model.Third, SWCC testing data should be used to check the
accuracy in estimating SWCC. So the fitting performance of
PSD models is very important to the accuracy of estimating

SWCC. Also the PSD is often used for estimating the
saturated and unsaturated permeability coefficient [8–11] and
air entry value of soil [12]. The main soil particle size analysis
is the test of grain group. The sand, silt, and clay contents
are often used as identified features of soil classification,
which do not contain the complete information on particle
size distribution. Particle size distribution data with bulk
density can be used to predict the available water by Arya
and Paris (AP) model, Mohammadi and Vanclooster (MV)
model, and Arya and Heitman (AH) model [13]. Yang et al.
[14] used particle size distribution to reflect the formation of
soil in Qilian Mountains. The size distribution of sediment
supplied by hillslopes to rivers showed the size of sediments
produced on hillslopes and delivered to channels [15]. Grain
size index was proposed for use in a soil classification system
and empirical models to predict physical and mechanical
properties of soils [16]. Li et al. [17] used a unified expression
to reflect the changes in grain composition. Particle size dis-
tribution of sediments in stormwater runoff generated from
exposed soil surfaces at active construction sites and surface
mining operations can be used to predict the erosion in soil
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[18–22]. A comprehensive understanding of soil structural
characteristics is based on establishment of different particle
distribution functions.

The accurate PSD database is important for the fitting
process by above models. There are different methods to
obtain the PSD curves. Soil PSD curves in most databases are
derived from the conventional sedimentation-sieve methods
that are based on Stokes law [23–25]. These traditional
methods (sieve-pipette), although commonly used, are time-
consuming and do not adequately describe the soil PSD,
especially in the clay fraction. Nowadays, laser diffraction
(LD) techniques are used for testing the PSD curves. The
laser diffraction (LD) techniques require a much smaller
sample but provide highly accurate PSD curves compared
to the sieve-pipette methods [26–28]. There are several dif-
ferences between conventional sedimentation-sieve methods
and laser diffraction (LD) techniques. The differences are
related to the shape of a particle, the particle size, mineral
composition, and the refractive index of LD [29]. Some
scholars compared the conventional sedimentation-sieving
methods to the laser diffraction (LD) techniques. The clay
content of the conventional sedimentation-sieve methods
was much higher than laser diffraction (LD) techniques [30].
Few scholars studied the fitting performance of conventional
sedimentation-sievemethods and laser diffraction (LD) tech-
niques. Twenty-five groups of Malan Loess were chosen to be
tested so that the PSD curves could be used to be fitted with
differentmodels.Thefitting performances of differentmodels
and different testingmethods were summarized in this paper.
An empirical model was proposed and compared with other
models at the same time.

Scholars pay attention to different fitting performances of
different models in conventional sedimentation-sieve meth-
ods or laser diffraction (LD) techniques [31, 32]. Miller and
Schaetzl [33] proposed cumulative bin difference (CBD) to
evaluate the fitting performance of different models. There-
fore, the objective of this study is to investigate the fitting
performance of some PSD functions with varying numbers
of parameters to LD techniques and sieve-pipette methods of
PSDs of fine-textured soils from Gansu province, China.

2. Materials and Methods

2.1. Study Area and Sampling. The soils in the experiment
were all from Tianshui and Lanzhou, Gansu province, China.
They all belonged to loess plateau in China. After sampling,
particle size distribution test and analysis were carried out
according to the standards of China [34] and operation
manual of the laser diffraction apparatus.

The soils in this test were from Luoyugou, Tianshui
(numbered from L1 to L6), Huanancun, Tianshui (numbered
from H1 to H10), and Gaolan, Lanzhou (numbered from
G1 to G9). Gaolan samples were obtained from the typical
section with 0.4m of the sample interval. Sample interval
in Luoyugou is 150m in 1 km along the valley. Loess in
Huanancun was obtained from backwall of a landslide with
1m of the sample interval. The sample sections and sample
intervals were confirmed by typicality and field condition
such as no paleosol layer. All samples were light yellow with

macrovoid, root holes, and worm holes. There was plenty of
clay concretion in loess in Tianshui, while there was none
in loess in Lanzhou. Clay particles had effects on particle
size distribution of loess [35]. Sample locations are shown in
Figure 1, and the basic properties of loess were presented in
Table 1.There are few roots in the loess because organicmatter
oftenhas a profound effect on the grain size distribution of the
sediment samples [36].

2.2. Testing Apparatus and Experiment. The instrument of
laser diffraction apparatus is Microtrac S3500. During the
experimental process, lofting canister is repeatedly washed
with distilled water. The amount of soil is less and it is
discrepant fromdifferent areas.Thedata is collected automat-
ically.

The equipment in sieve-pipettemethod contains standard
sieve, electronic scale (precision of 1%), drying oven, 1 L
measuring cylinder, sodium hexametaphosphate, densime-
ter, temperature gauge, stirrer, mortar, and beaker. During
the test, sieve classification is carried out on particles whose
size is larger than 0.075mm, and densimeter method is used
for the particles with size smaller than 0.075mm. The test
results from the two methods are synthesized as the particle
size distribution curve of soil at the end.

Laser Diffraction (LD) Techniques. Samples were dried at
105∘C in drying oven for over 8 hours, and then 2mm
standard sieve was used to get rid of big particles. It was found
that all the loess particles in this test were less than 2mm, and
those greater than 2mm were some plant roots. 30 g loess
after 2mm sieve classification was sealed in hermetic bag.
During the experiment, the apparatus of LD was washed by
distilled water 5 times at the beginning. Then the samples
were divided into 4 parts. Every part was used for testing
in sequence. If the four results were quite different, the
remaining loess should bemixed anddivided and tested again
until the error limit was under 0.5% to ensure the reliability.

In the sieve-pipette method, samples were well dried at
105∘C in drying oven for over 8 hours; then about 200 g
loess was taken for sieve classification.The sieve classification
required even force and one person finishes a whole group
work. After the sieve classification, the samples that remained
on each standard sieve were weighted. Then 30 g samples
of size which was less than 0.075mm were put into a 1 L
measuring cylinder. After addition of some distilled water,
10mL 4% sodium hexametaphosphate solution was added;
then distilled water was poured into the measuring cylinder
to 950mL.The last 50mL water was added by 50ml measur-
ing cylinder.Themixturewas stirred repeatedly for 1min, and
then decimeter was put in the scheduled time. When storing,
the liquid should not be splashed out from the measuring
cylinder. At last, the results from sieve classification and
densimeter method were synthesized as the final particle
distribution curve.

2.3. Brief Introduction of Models. Several PSD functions were
proposed to describe the PSD curves. Jaky [37] put forward
an exponential function model at the earliest time, which
contained a few parameters and was convenient to use but



Advances in Materials Science and Engineering 3

Luoyugou Huanancun

Gaolan

L-6

G-9

H-1

H-2

H-3

H-4

H-5

H-6

H-7

H-8

H-9

H-10L-5 L-4 L-3 L-2 L-1

G-7
G-6

G-5

G-4

G-3

G-2

G-1

G-8

Figure 1: Location of sampling.

had poor accuracy. The Shiozawa and Campbell model [38]
divided the particle distribution into two parts: sand and silt
group and clay group. And scholars such as Buchan et al.
[39] found that Shiozawa and Campbell model could not be
verified in the clay particle part because of the lack of available
data in that range. Lots of other models were proposed such
as Fractal model [3], Gompertz model [40], Fredlund model
[41], Logarithmic model [4], and exponential model [42].
Every one of them had advantages and disadvantages. Fred-
lundmodel was often used to describe the PSD curves of well-
graded and poor-graded soils. Four parameters increased the
accuracy. Since Fredlund model was based on continuous
function, it had better effect on prediction of soil water
characteristic curve. Logarithmic model has a better fitting
performance of well-structured soil.

Jaky Model. Consider

𝐹 (𝑥) = exp{− 1𝑎2 [ln( 𝑥𝑥𝑛)]
2} . (1)

In the function, 𝑥𝑛 = 2mm, 𝑎 is a parameter, and 𝑥 is
particle size with mm unit.

Logarithmic Model. Consider

𝐹 (𝑥) = 𝑎 ln𝑥 + 𝑏. (2)

In the function, 𝑎 and 𝑏 are parameters; 𝑥 is particle size,
and its unit is mm.

Fredlund Model. Consider

𝐹 (𝑥)
= 1
{ln [exp (1) + (𝑎/𝑥)𝑏]}𝑐 {1 − [

ln (1 + 𝑑/𝑥)
ln (1 + 𝑑/𝑥𝑚)]

7} . (3)

In the function, 𝑎, 𝑏, 𝑐, and 𝑑 are parameters, 𝑥𝑚 =
0.001mm, and 𝑥 is particle size with mm unit.

Gompertz Model. Consider

𝐹 (𝑥) = 𝑎 + 𝑏 exp {− exp [−𝑐 (𝑥 − 𝑑)]} . (4)

In the function, 𝑎, 𝑏, 𝑐, and 𝑑 are parameters and 𝑥 is
particle size with mm unit.

Jaky model is a one-parameter model which is proposed
at an early time with a sigmoid half of a Gaussian lognormal
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Table 1: Physical property indexes of test soil.

Samples Water content/% Density/(g/cm3) Specific gravity Liquid limit/% Plastic limit/%
L-1 12.45 1.45 2.70 29.30 19.40
L-2 10.87 1.46 2.70 29.30 19.40
L-3 9.88 1.45 2.70 29.30 19.40
L-4 12.05 1.45 2.70 29.30 19.40
L-5 11.55 1.46 2.70 29.30 19.40
L-6 11.45 1.46 2.70 29.30 19.40
H-1 14.38 1.53 2.70 29.42 19.33
H-2 15.59 1.52 2.70 29.42 19.33
H-3 19.01 1.53 2.70 29.42 19.33
H-4 21.82 1.53 2.70 29.42 19.33
H-5 21.91 1.53 2.70 29.42 19.33
H-6 20.34 1.54 2.70 29.42 19.33
H-7 20.88 1.54 2.70 29.42 19.33
H-8 22.50 1.53 2.70 29.42 19.33
H-9 24.29 1.52 2.70 29.42 19.33
H-10 24.10 1.52 2.70 29.42 19.33
G-1 8.59 1.46 2.69 27.90 18.75
G-2 7.69 1.46 2.69 27.90 18.75
G-3 7.66 1.47 2.69 27.90 18.75
G-4 7.53 1.48 2.69 27.90 18.75
G-5 8.26 1.48 2.69 27.90 18.75
G-6 8.08 1.48 2.69 27.90 18.75
G-7 8.48 1.48 2.69 27.90 18.75
G-8 7.89 1.45 2.69 27.90 18.75
G-9 8.22 1.47 2.69 27.90 18.75

distribution. Logarithmicmodel is a natural logarithmmodel
with two parameters. In Logarithmic model, 𝑎 and 𝑏 are
parameters. Gompertzmodel is closed solution functionwith
four parameters, and it is not sensitive to size interval among
test points. The model is a logistic function represented by
a closed-form equation with 𝑎, 𝑏, 𝑐, and 𝑑 being shape
parameters of the curve. Fredlund model is a four-parameter
model which is based on SWCC. In the model, a is the point
of inflection of the curve, b is related to its steepest slope, 𝑐 is
related to its shape near the fines region, and d is the amount
of fine particles. It can fit the particle distribution curve of
different soils, and it is a continuous function. Jaky model,
Logarithmic model, Gompertz model, and Fredlund model
were, respectively, used on particle distribution curves from
Luoyugou, Huanancun, and Gaolan. Fitting results of the LD
method and the sieve-pipette method on L-3, H-5, and G-7,
which are selected by random drawing, are shown in Figures
4 and 5.

2.4. Fitting Techniques. Several approaches have been
reported for selection of a suitable model. The simplest
approach is to find the best model that minimizes the
disparity between measured and predicted data. For
example, a model with greater 𝑅2 value may be much more
reliable than those with smaller 𝑅2 value. However, it must
be known that as the number of parameters increases, the
fitting performance generally improves.

Statistical terms were used to evaluate the advantages and
disadvantages of different models. 𝑅2 was the coefficient of

determination, which was used to estimate the goodness-of-
fit of the model. The range was from 0 to 1. The high 𝑅2
indicates the good fitting performance of the model. The F-
value was used to estimate the model. The t-value was used
to estimate the parameters of the model. The residual sum of
squares reflected the deviation between the measured values
and estimated values. The mean square was residual sum of
squares divided by the number of degrees of freedom.

The PSD models considered here required one to four
parameters.Therefore, a better approach is to define the good
model as the model that fits data well with the least number
of parameters when other conditions are the same.

Twenty-five groups of loess samples were tested. In order
to compare and analyze, this paper showed one group data
from Luoyugou (L-3), Huanancun (H-5), and Gaolan (G-
7), respectively. Logarithmic model, Fredlund model, Jaky
model, and Gompertz model were used to fit loess particle
size distribution curve in this paper. Other models in refer-
ences showed poor fitting performance and they were not
presented here.

3. Results and Discussion

3.1. Test PSD Results of Loess. The results of the particle size
distribution curves from laser diffraction (LD) techniques
and the sieve-pipettemethod onLuoyugou (L-3),Huanancun
(H-5), and Gaolan (G-7) were shown in Figures 2 and 3. The
sample size of the sieve-pipette method is sixteen, while that
of the laser diffraction (LD) techniques is forty-two.
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Figure 2: Result of laser diffraction technique.
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Figure 3: Result of sieve-pipette method.

It could be seen from Figures 2 and 3 that the results
of the two different methods were relatively similar. Thus,
there could be a subtle difference of the soil particle size
fraction in Lanzhou and Tianshui. However, the curves of the
laser diffraction (LD) techniques were smoother than those
of the sieve-pipette method. Sieve-pipette method’s results
indicated that the proportion of clay in three different kinds
of loess is 11.05%∼13.71%, and the proportions of silt and
sand were 67.94%∼68.56% and 17.73%∼27.09%, respectively.
In laser diffraction (LD) techniques’ results, the percentage of
silt was 72.94%∼78.81%, which was greater than that of sieve-
settlement method. Meanwhile, the percentage of clay was
2.88%∼4.53%, which was less than the results of sieve-pipette
method.Only the percentage of sandwas approximate, which
was 18.25%∼24.18%.

Comparing sieve-pipette method’s results with laser
diffraction (LD) techniques’ results, there was pretty sig-
nificant difference in clay and silt grain composition, but
the disparity of sand grain composition was relatively small.
These differences were related to anisotropy of soil particle
density and otherness of particle shape. Sieve-pipette method
assumed simplex particle density in the soil, but the laser
diffraction (LD) techniques were independent of simplex
particle density. For laser diffraction (LD) techniques, a
single soil particle with irregular shape reflected that its cross
section area was bigger than the volume of an equivalent
sphere [43].Therefore, the particle size was magnified, which
resulted in less silt proportion in a loess particle distribution
curve. Besides that, nonspherical particle had longer setting
time than the equivalent sphere in the sieve-pipette method,
resulting in a larger clay proportion in a particle size distri-
bution curve.

3.2. Fitting Performance. From Figures 4(a), 4(b), and 4(c), it
is observed that Fredlund model and Gompertz model have
better fitting performances than the others. The Jaky model
curves deviated from the measured points, and Logarithmic
model followed. They have poor fitting performances. Gom-
pertz model has relatively good effects, but the particle size
of the inflection of the particle distribution curve is 0.05∼
0.10mm, with small deviations. However, Fredlund model is
almost coincident tomeasured datumwith slight deviation at
0.001∼0.005mm particle size range.

The range of parameter 𝑎 in Jakymodel with a typical 95%
confidence interval of 0.93 is 4.367∼5.297 (see Table 2). Com-
pared to Jaky model, Logarithmic model has two parameters.
Degree of freedom (DF) is 40; the range of parameter 𝑎 is
0.166∼0.210, and its interval is 0.044, which means a small
fluctuation.The range of parameter 𝑏 is 106.948∼123.301, and
its interval is 16.353 with a larger fluctuation. In Fredlund
model, the ranges of parameters 𝑎, 𝑏, 𝑐, and 𝑑 are 0.031∼0.036,
1.879∼2.968, 0.940∼2.723, and −46.323∼52.659, respectively.
In Gompertz model, they are −0.132∼−0.084, 1.077∼1.127,
48.374∼51.736, and 0.018∼0.020with intervals as 0.048, 0.050,
3.362, and 0.002.

The four models all have large �̂�2, ranging from 0.855 to
1.000. Besides Jaky model, the other three models were all
significant at the 𝑝 < 0.01 level (Logarithmic: 𝐹 = 462.488;
Fredlund: 𝐹 = 92120.82; Gompertz: 𝐹 = 99005.573). The
results of the t-tests indicated statistical significance for all the
parameters of Gompertz model and Logarithmic model. But
the small t-value of parameter 𝑑 in Fredlund model is 0.130,
which is not significant. It means that although this model
is undergoing the test, its critical parameter 𝑑 may be zero,
which may influence the initial form of model. The statistics
mean square of Fredlund model is 0.589, which is identical
to the phenomenon stating that the fitting andmeasured data
have huge disparity at the 0.001∼0.005mmparticle range.The
mean square of Gompertz model is 0.548 which is far below
that of Logarithmic model, 225.026. Thus, Gompertz model
has better comprehensive effects than Logarithmic model. In
sum, Jakymodel and Logarithmicmodel have fewparameters
and larger degree of freedom, but the mean squares are well
above Fredlundmodel andGompertzmodel, which verify the
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(b) H-5
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(c) L-3

Figure 4: Performance of models fitted to LD particle size distributions.

phenomenon stating that fitting curve highly deviated from
measured datum in Figure 4.

Within the range of 0.001∼0.005mm particle, comparing
Fredlund model and Gompertz model, Fredlund model has
a big degree of deviation at range of accumulation curve,
which shows poorer fitting performance. Gompertz model
has a big degree of deviation at 0.05∼0.10mm particle range
of accumulation curve, and at this range it shows poorer
fitting performances. Fredlund model and Gompertz model
both have great fitting performance in the ranges of 0.005∼
0.05mm and 0.10∼1.0mm.Thus, for particle size distribution
curve of the Gaolan loess sample, when particle size is less
than 0.005mm, Gompertz model has better fitting perfor-
mance, and when particle size is greater than 0.005mm,
Fredlund model shows greater fitting performance.

Similarly, the range of parameter 𝑎 in Jaky model with a
typical 95% confidence interval of 0.939 is 4.170∼5.109 (see
Table 3). Compared to Jaky model, the interval of parameter𝑎 in Logarithmic model has actually a small value, 0.052, and
the parameter 𝑏 has indeed a large interval, 17.015. Intervals of
parameters 𝑎, 𝑏, 𝑐, and 𝑑 of Fredlund model are 0.003, 0.762,
0.858, and 62.208, respectively, while intervals of parameters𝑎, 𝑏, 𝑐, and 𝑑 of Gompertz model are 0.024, 0.026, 2.712, and
0.001, respectively (themodels were all under the significance
level of 5%).

Jaky model, Logarithmic model, Fredlund model, and
Gompertz model all have large �̂�2, ranging from 0.850 to
1.000. Besides Jaky model, the other three models were all
significant at the 𝑝 < 0.01 level (Logarithmic: 𝐹 = 404.349;
Fredlund: 𝐹 = 119670.944; Gompertz: 𝐹 = 122720.519). Thus,



Advances in Materials Science and Engineering 7

Testing data
Jaky model 
Logarithmic model 

Fredlund model
Gompertz model

0.1 0.011 1E − 3

Particle size (mm)

0

20

40

60

80

100

Pe
rc

en
t p

as
sin

g 
(%

)

(a) G-7

Testing data
Jaky model
Logarithmic model

Fredlund model
Gompertz model

0.1 0.011 1E − 3

Particle size (mm)

0

20

40

60

80

100

Pe
rc

en
t p

as
sin

g 
(%

)

(b) H-5
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Figure 5: Performance of models fitted to sieve-pipette particle size distributions.

Jaky model is not suitable for Huanancun loess. The statistics
mean square of Jaky model is 279.737, which verifies the
phenomenon stating that the curve is highly deviated from
measured datum in Figure 5. Similar to Gaolan loess results,
the t-tests presented statistical significance under significance
level of 1% for all the parameters of Gompertz model and
Logarithmic model. But the small t-value of parameter 𝑑 in
Fredlund model is 0.240, which is still not significant under
significance level of 1%, 5%, and 10%. It means that although
this model is undergoing the test, its critical parameter 𝑑
may be zero, which may influence the initial form of model
as well. The statistics mean square of Fredlund model is
0.458, which is identical to the phenomenon stating that the
fitting and measured data have huge disparity at the 0.001∼

0.005mm particle range in Figure 5. The mean square of
Gompertz model is 0.447, which is far below that of Logarith-
mic model, 258.786. Accordingly, the Gompertz model has
better comprehensive effects in comparison to Logarithmic
model. To sum up, Jaky model and Logarithmic model have
poorer fitting performance compared to Fredlundmodel and
Gompertz model, which is coincident to the phenomenon
stating that fitting curve highly deviated from measured
datum in Figure 5.

Similarly, as can be seen from the data in Table 4, results
of Luoyugou loess samples are the same as those of Gaolan
andHuanancun ones. Although Jakymodel and Logarithmic
model have few fitting parameters and larger degree of
freedom, the mean squares are greater than Fredlund model
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Table 2: Fitting parameters of G-7 by laser diffraction technique.

M Jaky Logarithmic
V Value Min Max Value Min Max
a 4.832∗∗ (20.97) 4.367 5.297 0.188∗∗ (17.20) 0.166 0.210
b — — — 115.125∗∗ (28.46) 106.948 123.301�̂�2 0.855 0.878𝐹-value 773.289 462.488𝑃 value 1.000 0.000
Mean square 266.667 225.026
Degrees of freedom 41 40
M Fredlund Gompertz
V Value Min Max Value Min Max
a 0.034∗∗ (29.992) 0.031 0.036 −0.108∗∗ (−9.141) −0.132 −0.084
b 2.424∗∗ (9.016) 1.879 2.968 1.102∗∗ (89.647) 1.077 1.127
c 1.831∗∗ (4.160) 0.940 2.723 50.055∗∗ (60.283) 48.374 51.736
d 3.168 (0.130) −46.323 52.659 0.019∗∗ (40.111) 0.018 0.020�̂�2 1.000 1.000𝐹-value 92120.82 99005.573𝑃 value 0.000 0.000
Mean square 0.589 0.548
Degrees of freedom 38 38
(Note. ∗∗Statistically significant at 0.05. Note that significance levels are one-tailed tests if matching a predicted direction and two-tailed tests otherwise. M
represents “model”; V represents “value.” The same applies to Tables 3–12.)

Table 3: Fitting parameters of H-5 by laser diffraction technique.

M Jaky Logarithmic
V Value Min Max Value Min Max
a 4.639∗∗ (19.963) 4.170 5.109 0.191∗∗ (15.776) 0.116 0.168
b — — — 112.659∗∗ (26.785) 104.152 121.167�̂�2 0.850 0.861𝐹-value 744.210 404.349𝑃 value 1.000 0.000
Mean square 279.737 258.786
Degrees of freedom 41 40
M Fredlund Gompertz
V Value Min Max Value Min Max
a 0.040∗∗ (53.339) 0.039 0.042 −0.041∗∗ (−6.840) −0.053 −0.029
b 2.805∗∗ (14.907) 2.424 3.186 1.037∗∗ (160.344) 1.024 1.050
c 1.769∗∗ (8.360) 1.341 2.199 48.736∗∗ (72.814) 47.380 50.092
d 3.689 (0.240) −27.415 34.793 0.026∗∗ (85.031) 0.025 0.026�̂�2 1.000 1.000𝐹-value 119670.944 122720.519𝑃 value 0.000 0.000
Mean square 0.458 0.447
Degrees of freedom 38 38

andGompertzmodel, which present the phenomenon stating
that curves diverge from measured datum weakly in Fig-
ure 6. Compared with Fredlundmodel andGompertz model,
Fredlund model has better fitting performance in 0.001∼
0.005mm range of accumulation curve. Fitting performance
on 0.05∼0.10mm of Gompertz model is worse than Fredlund

model.These twomodels both have good fitting results on the
ranges of 0.005∼0.05mm and 0.10∼1.0mm.Thus, for particle
distribution curve of Luoyugou loess samples, when particle
size is smaller than 0.005mm, Gompertz model has good
fitting performance, which means great prediction effects.
And when particle size is larger than 0.005mm, Fredlund
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Table 4: Fitting parameters of L-3 by laser diffraction technique.

M Jaky Logarithmic
V Value Min Max Value Min Max
a 4.754∗∗ (18.940) 4.246 5.261 0.190∗∗ (14.906) 0.164 0.215
b — — — 113.702∗∗ (21.592) 104.745 122.659�̂�2 0.833 0.847𝐹-value 685.062 374.964𝑃 value 1.000 0.000
Mean square 312.119 286.852
Degrees of freedom 41 40
M Fredlund Gompertz
V Value Min Max Value Min Max
a 0.038∗∗ (46.947) 0.036 0.039 −0.026∗∗ (−6.405) −0.034 −0.018
b 3.072∗∗ (11.835) 2.546 3.597 1.024∗∗ (233.538) 1.016 1.033
c 1.691∗∗ (6.584) 1.171 2.212 56.442∗∗ (93.406) 55.218 57.666
d 2.337 (0.182) −23.692 28.367 0.024∗∗ (128.52) 0.024 0.025�̂�2 1.000 1.000𝐹-value 84361.639 197478.102𝑃 value 0.000 0.000
Mean square 0.671 0.286
Degrees of freedom 38 38

model has better fitting results. In conclusion, when choosing
the fitting models for particle distribution curve from the LD
method of Tianshui and Lanzhou loess samples, the decision
should be based on the particle size in loess. If there is plenty
of clay in the loess, priority selection should be made to
Gompertz model. And if there is little clay, on the contrary, it
is better to choose Fredlund model for fitting and prediction.

Tables 5–7 provide critical values of particle distribution
curve of the sieve-pipette method. Fitting performance can
be found in Figures 5(a), 5(b), and 5(c). It is observed that
in tables showing the fitting results of Gaolan, Huanancun,
and Luoyugou, �̂�2 are all approximate to 1, between 0.899
and 0.991. Jaky model is not even significant at the 𝑝 <0.1 level (Gaolan: 𝐹 = 892.648; Huanancun: 𝐹 = 757.463;
Luoyugou: 𝐹 = 1199.540). Meanwhile, the statistics mean
squares are 88.061, 97.584, and 60.471, respectively, which
denote the worst fitting performance.The other three models
are all significant at the 𝑝 < 0.001 level, which means
that the equations are all valid. However, in perspective of
statistics mean squares, the value ranking was followed by
Fredlund model, Gompertz model, and Logarithmic model.
The mean squares of Fredlund model are 10.494, 11.358,
and 11.451, respectively. The mean squares of Gompertz
model are 13.272, 12.737, and 17.010, respectively. The mean
squares of Logarithmicmodel are 114.457, 122.522, and 84.141,
respectively.

Because of the small number of samples, 16, the 𝑡 value is
not significant in sieve-pipette method. By the same token,
the data points are scattered in the figure. Therefore, the 𝑡
value in sieve-pipette method is elided.

As can be seen by comparing LD method and sieve-
pipette method, Fredlund model has better fitting perfor-
mance than Gompertz model, Logarithmic model, and Jaky

model of Malan loess in Lanzhou and Tianshui. But the
number of parameters, four, in Fredlundmodelmakes itmore
difficult to solve equation when predicting SWCC. In the
meantime, it makes the model more complex.

For this reason, this paper proposes an empirical model
with three parameters. Results of this empirical model are
shown in Figures 6 and 7 and Tables 8–13.

Mathematical expression of the empirical model is shown
as follows:

𝐹 (𝑥) = 𝑎𝑏 + exp (−𝑐𝑥) . (5)

In the function, 𝑎, 𝑏, and 𝑐 are parameters and 𝑥 is particle
size with mm unit.

The empirical model was obtained by the PSD curves of
loess in Lanzhou and Tianshui, Gansu, China. Because of
the differences in PSD curves of loess, parameters 𝑎, 𝑏, and𝑐 may be related to 𝐶𝑢 and 𝐶𝑐 of the loess. From Figures 2
and 3, it is obvious that the uniformity coefficient (𝐶𝑢) and
the coefficient of gradation (𝐶𝑐) are different in the loess.
Generally, a soil is referred to as well-graded type if 𝐶𝑢 is
larger than 4–6 and 𝐶𝑐 is between 1 and 3 [44]. 𝐶𝑢 of L-3, H-
5, and G-7 is 4.05∼30.90. 𝐶𝑐 of L-3, H-5, and G-7 is 1.05∼1.31.
So the loess samples in the study all belong to well-graded
soil. Because loess in the study belongs to well-graded soil,
the fluctuation range of 𝑎, 𝑏, and 𝑐 is small.

𝐶𝑐 = 𝑑302𝑑10 × 𝑑60 ,
𝐶𝑢 = 𝑑60𝑑10 .

(6)
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Figure 6: Performance of empirical model fitted to LD particle size distributions.

𝐶𝑐 is the coefficient of gradation, 𝐶𝑢 is the uniformity
coefficient, and 𝑑10, 𝑑30, and 𝑑60 are the diameter through
which 10%, 30%, and 60% of the total soil mass is passing,
respectively.

Figures 6 and 7, respectively, provide the PSD curves that
are based on the LD method and sieve-pipette method. By
comparing fitting performances of LD method and sieve-
pipette method from Figures 6 and 7, it is shown that the
curves of the two methods have roughly the same tendency.
Nonetheless, different method results in different inflection
points and the dispersion degree of data points on the curves.

From Tables 8–13, it is shown that �̂�2 of particle size
distribution curve fitting performance on LD method and
sieve-pipette method are all close to 1. �̂�2 of fitting perfor-
mance from LD method is not less than 0.992. Similarly, �̂�2
of fitting performance from sieve-pipette method is not less

than 0.957. The models were all significant at the 𝑝 < 0.01
level. In addition, statistics 𝑡 values of parameters 𝑎, 𝑏, and 𝑐
are all significant under 1% significance level. Consequently,
the fitting performance of empirical model is significantly
better than those of Logarithmic model and Jaky model.

Parameters 𝑎 and 𝑏 of the PSD curve of empirical model
in Gaolan, Huanancun, and Luoyugou from the LD method
have narrowdata ranges, which are less than 0.029 and greater
than 0.018. However, parameter 𝑐 has large variations, and
the intervals are 20.460, 15.408, and 15.522, respectively. But,
likewise, parameters 𝑎 and 𝑏 of the PSD curves of empirical
model in Gaolan, Huanancun, and Luoyugou from the sieve-
pipette method have relatively wide data ranges.They are less
than 0.195 and they exceed 0.159. The intervals of parameter𝑐 are 34.517, 42.637, and 32.798. In general, the variations
of parameters 𝑎, 𝑏, and 𝑐 in empirical model are far below
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Figure 7: Performance of empirical model fitted to sieve-pipette particle size distributions.

those in Fredlund model and Gompertz model. Thus, they
are more stable. But the mean square is slightly larger than
those in Fredlundmodel andGompertzmodel.Mean squares
of the PSD from the LD method are 14.640, 9.276, and
7.251, respectively. And the mean squares of the PSD curve
from the sieve-pipette method are 35.102, 49.772, and 49.122,
respectively. This reflects in Figure 7 that the fitting curve
skews slightly at 0.001∼0.03mm of particle size range. No
matter in the same area or in different areas, parameters 𝑎 and𝑏 in empirical model do have narrow data ranges, which are
less than 0.195. However, parameter 𝑐 has a large variation.
The data range is 15.408 to 42.637.

In conclusion, for the fitting performance of PSD curves
datum for loess in Lanzhou and Tianshui, the empirical
model has better applicability and simpler equation form.
There are fewer parameters in the equation and the degree

of freedom of the variable is larger, which is good to enter the
operation equation and to solve the equation.

Different models show significant discrepancy when fit-
ting the data from the LD method and sieve-pipette method.
It is related to not only the different test methods but also
the size and shape of the particles directly. It is found in
research that Fredlundmodel and empirical model both have
good fitting performance on loess PSD curves in Lanzhou
and Tianshui. When using the PSD curves to predict the
permeability coefficient and SWCC of unsaturated loess, they
both show great superiority.

The LD method has better test precision, but it has
limitations when testing loess particle size distribution. It
may overrate the silt part and underrate clay part. In the
sieve-pipette method, inaccuracy of setting time estimation
and adhesion of clay particles on densimeter glass bulb may
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Table 5: Fitting parameters of G-7 by sieve-pipette method.

M Jaky Logarithmic Fredlund Gompertz
V Value Value Value Value
a 5.839 0.142 0.052 −1316.543
b 109.903 1.988 1317.528
c 0.823 30.781
d 3.25𝐸 − 05 −0.238�̂�2 0.922 0.899 0.988 0.991𝐹-value 892.648 342.164 1496.291 1911.227𝑃 value 1.000 0.000 0.000 0.000
Mean square 88.061 114.457 10.494 13.272
Degrees of freedom 15 14 12 12

Table 6: Fitting parameters of H-5 by sieve-pipette method.

M Jaky Logarithmic Fredlund Gompertz
V Value Value Value Value
a 5.542 0.147 0.062 −1024.989
b 108.738 2.307 1025.961
c 0.719 29.773
d 0.952 −0.237�̂�2 0.920 0.900 0.991 0.990𝐹-value 757.463 300.62 1656.194 1476.562𝑃 value 1.000 0.000 0.000 0.000
Mean square 97.584 122.522 11.358 12.737
Degrees of freedom 15 14 12 12

Table 7: Fitting parameters of L-3 by sieve-pipette method.

M Jaky Logarithmic Fredlund Gompertz
V Value Value Value Value
a 5.518 0.144 0.077 −2134.626
b 107.317 1.959 2135.598
c 0.676 25.905
d 3.087 −0.302�̂�2 0.947 0.926 0.990 0.985𝐹-value 1199.540 429.435 1600.495 1076.401𝑃 value 1.000 0.000 0.000 0.000
Mean square 60.471 84.141 11.451 17.010
Degrees of freedom 15 14 12 12

Table 8: Fitting parameters of empirical model on G-7 by laser
diffraction technique.

Place Gaolan
V Value Min Max
a 0.052∗∗ (7.383) 0.037 0.066
b 0.053∗∗ (7.388) 0.038 0.067
c 97.500∗∗ (19.263) 87.270 107.730�̂�2 0.992𝐹-value 5291.200𝑃 value 0.000
Mean square 14.640
Degrees of freedom 39

Table 9: Fitting parameters of empirical model on H-5 by laser
diffraction technique.

Place Huanancun
V Value Min Max
a 0.043∗∗ (8.172) 0.032 0.053
b 0.043∗∗ (8.178) 0.033 0.054
c 87.709∗∗ (23.047) 80.005 95.413�̂�2 0.995𝐹-value 7870.769𝑃 value 0.000
Mean square 9.276
Degrees of freedom 39
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Table 10: Fitting parameters of empirical model on L-3 by laser
diffraction technique.

Place Luoyugou
V Value Min Max
a 0.039∗∗ (8.787) 0.030 0.048
b 0.040∗∗ (8.791) 0.030 0.049
c 98.525∗∗ (25.701) 90.764 106.286�̂�2 0.996𝐹-value 10390.67𝑃 value 0.000
Mean square 7.251
Degrees of freedom 39

Table 11: Fitting parameters of empirical model on G-7 by sieve-
pipette method.

Place Gaolan
V Value Min Max
a 0.256∗∗ (6.673) 0.173 0.338
b 0.265∗∗ (6.688) 0.179 0.338
c 62.493∗∗ (7.823) 45.235 79.752�̂�2 0.969𝐹-value 754.680𝑃 value 0.000
Mean square 35.102
Degrees of freedom 13

Table 12: Fitting parameters of empirical model on H-5 by sieve-
pipette method.

Place Huanancun
V Value Min Max
a 0.192∗∗ (4.932) 0.108 0.276
b 0.202∗∗ (4.958) 0.114 0.290
c 66.794∗∗ (6.769) 45.475 88.112�̂�2 0.961𝐹-value 500.269𝑃 value 0.000
Mean square 49.772
Degrees of freedom 13

influence the results. Besides that, because fine particles sub-
side very slowly, environmental temperature has significant
influence. The aforementioned diversity affects the fitting
results for the same model.

Comparing Fredlund model and Gompertz model with
empirical model, equation form of the empirical model is
simplified significantly, and the number of parameters is
reduced with mean square root greater than 0.95. Gompertz
model is limited when it fits the datum from the sieve-pipette
method. In contrast, the empirical model is suitable for the
two methods, and the fitting performance is good.

Table 13: Fitting parameters of empirical model on L-3 by sieve-
pipette method.

Place Luoyugou
V Value Min Max
a 0.249∗∗ (5.757) 0.155 0.342
b 0.260∗∗ (5.757) 0.163 0.358
c 52.015∗∗ (6.852) 35.616 68.414�̂�2 0.957𝐹-value 494.153𝑃 value 0.000
Mean square 49.122
Degrees of freedom 13

4. Conclusions

We conclude the following:

(1) Compared to sieve-pipette method, the LD method
can collect more data points during testing, so the
curve is more smooth. Compared to sieve-pipette
method, the LD method overrates the silt part and
underrates the clay part.

(2) Four models were used to fit the PSD curves of loess
in Lanzhou and Tianshui; it was found that Fredlund
model had good fitting performance on data obtained
by the LD method and sieve-pipette method. So it
is suggested that this model be utilized to predict
SWCC of unsaturated loess. According to fitting and
analysis of testing results, the empirical model is
suitable for Malan loess at the same time. This model
has typical advantages such as fewer parameters and
simple equation form. It could be used to predict
SWCC and permeability coefficient of unsaturated
loess too. Sensibility of every parameter in eachmodel
is discussed during fitting and analysis procedure.
Different sensibility will influence the accuracy of
fitting performance.
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