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Abstract
The aim of the study was: (i) to measure the different soil properties and infiltration rate; (ii) 

to determine the optimum soil infiltration rate model based on soil properties (soil porosity, bulk 
density, soil moisture, organic matter, clay, silt and sand) after shifting cultivation in Vietnam. 
Infiltration rates were measured using a double-ring infiltrometer at 36 sampling points, and the 
measurements were taken from February to June 2020. Location of each infiltration stations were 
marked using GPS device. The results showed that the infiltration rate in vegetation recovering 
(grassland, shrubland and small regenerating trees) after shifting cultivation varied from 2.41 to 
3.23 mm·min-1, with an average measured infiltration rate of 2.87 ±0.22 mm·min-1. The soil poros-
ity, organic matter content and sand have a positive correlation with infiltration rate, whereas bulk 
density, soil moisture, clay, silt have a negative one. The analysis performed for five models con-
sidering the combination of soil properties and subjected to regression analysis. Result showed 
that in order to predict soil infiltration rate based on few properties of soil with four independent 
variables, multi-linear regression model IR = 1.745 + 0.026 (SP) + 0.016 (OM) - 0.026 (SM) + 
0.003 (sand) with the coefficient of determination R2 = 0.856, Bayesian Information Criterion (BIC) 
= -55.77 and posterior probability = 15.5 % is the best model for the estimation of infiltration rate 
and recommended for the research area.

Key words: bulk density, multi-linear regression, organic matter, soil moisture, soil porosity.

Introduction

Soil infiltration plays an important role in 
water storage for crops due to its direct 
effect on rainfall and crop yields and vol-
ume, transport routes and agricultural 
drainage quality (Huang et al. 2017). In 
arid and semi-arid regions, where pre-

cipitation is lower than evaporation, man-
aging to get enough water is essential to 
sustaining plant life (Tang et al. 2018). In 
addition, soil infiltration is related to the 
risk of water erosion, as the main impact 
of soil erosion is runoff and residual water 
content on the soil surface after infiltration 
(Moazeni-Noghondar et al. 2021).
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The initial infiltration rate, average in-
filtration rate, stable infiltration rate, or in-
filtration rates of several different stages 
were used to evaluate the stage charac-
teristics of the infiltration process (Li et al. 
2013, Zhao et al. 2013, Tang et al. 2018, 
Zhu et al. 2020). Neris et al. (2012) used 
the steady-state infiltration rate to study 
the effect of vegetation types on soil-water 
infiltration. Reynolds and Reddy (2012) 
used the average infiltration rate to assess 
the soil infiltration capacity in reclaimed 
surface coal mines. However, soil infiltra-
tion processes cannot be well described 
by one or two types of infiltration rates be-
cause they contain different information.

Traditional studies indicated that soil 
infiltration was affected by soil texture 
and structure (Saputra et al. 2022). It is 
one of the primary factors affecting infil-
tration characteristics. However, subse-
quent studies showed that infiltration was 
not only affected by soil texture but also 
by soil properties (Tang et al. 2018, Kara-
han and Yalim 2022). Soil bulk unit weight 
has an inverse correlation with infiltration 
rate. Higher soil bulk density reduces soil 
porosity, leading to decreased infiltration 
characteristics. Initial moisture content is a 
critical parameter that affects water reten-
tion and transmission in soil. According to 
Pandey and Pandey (2018), the hydraulic 
conductivity of sandy soil decreases with 
depth. Hence, the initial moisture content 
is a key input variable for modelling soil 
infiltration characteristics. Characterizing 
infiltration at the field scale is challenging 
due to the need for multiple measure-
ments (Khatri and Smith 2005). Estimat-
ing infiltration features is difficult because 
of significant spatiotemporal variability. To 
address these challenges, researchers 
globally (Mirzaee et al. 2014, Parhi 2014, 
Tuffour and Bonsu 2015) have suggested 
using infiltration models as an alternative 

to field-based measurements. Linear and 
non-linear regression are widely used ap-
proach (Rahmati 2017).

Shifting cultivation affects the hy-
drologic balance, creating unregulated 
stream flows and increasing the risk of soil 
erosion, floods and droughts (Schröder et 
al. 2023). The main cause of these prob-
lems is increased runoff due to low infil-
tration rate and a decrease in soil water 
retention (Morbidelli et al. 2018). Many 
studies have reported the changes in soil 
infiltration and soil properties after forest 
clearing for agricultural purposes (Sajjadi 
et al. 2016, Patle et al. 2018, Sun et al. 
2018, Dionizio and Costa 2019, Karahan 
and Yalim 2022).

In view of above, an attempt was con-
ducted to predict the soil infiltration rate of 
vegetation recovered after shifting cultiva-
tion using the Multiple Linear Regression 
Analysis with the following objectives: (i) to 
measure the different soil properties and 
infiltration rate of vegetation recovered af-
ter shifting cultivation; (ii) to determine the 
optimum soil infiltration rate model based 
on soil properties.

Materials and Methods

Study area

The study area is a mountainous district 
located in the southwest of Nghe An prov-
ince, Vietnam (19°18’28” N and 104°28’36” 
E), and was performed from February to 
June 2020. Nghe An is directly affected 
by the tropical monsoon climate. The av-
erage temperature varies from 23–25 oC. 
The average rainfall is 1450 mm but un-
evenly distributed in space and time. The 
shifting cultivation area is 50,000  ha. As 
the vegetation in the area is mainly com-
posed of grasslands and shrublands 
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growing on fallow swidden, these areas 
will be the focus of development and re-
habilitation measures in the coming peri-
od. The aim of these efforts is to promote 
the forest protection function and provide 
sustainable land use practices.

Thirty-six study sites corresponding to 
the three different vegetation types after 
shifting cultivation (grassland, shrubland 
and small regenerating trees) were se-
lected within the area described above 
(Fig. 1). As shown in Figure 1, twelve of 
the sites were grasslands that had formed 
after 1–3 years of fallow in shifting cultiva-
tion. Fifteen of the sites were shrublands 
where the number of regenerating trees 
was less than 500 trees·ha-1 and they had 
formed after 4–6 years of fallow. Nine of 
the sites were small regenerating trees; 
the number of regenerating trees with  
a height over 1 m was 1000  trees·ha-1  

and they had formed after 7–9 years of 
fallow.

Soil sampling and analysis

Thirty-six surface soil samples were col-
lected from the topsoil (0–20 cm soil layer) 
with a steel cutting ring (5  cm in diame-
ter and 5  cm in depth) for further analy-
sis of basic soil properties. The collected 
soil samples were placed in plastic-lined 
soil bags and transported to the labora-
tory. Moist soil samples were air-dried at 
room temperature and large roots were 
removed.

Soil bulk density (BD) was measured 
by a soil bulk sample with a 5 cm diame-
ter and a 5 cm-high stainless steel cutting 
ring (three replicates). It was calculated by 
formulas (1):
	 ,

v
wwBD 12 −=  	  (1)

where: BD is bulk density, g·cm-3; W1 is the 
weight of core cutter, g; W2 is the weight of 
core cutter and soil, g; V is the volume of 

core cutter, cm3 (Patle et al. 2019).
A soil sample for estimating soil mois-

ture (SM) was collected nearby before 
infiltration and SM was determined us-
ing the oven drying method, keeping soil 
samples at 150 °C for 24 h. The SM was 
calculated by formulas (2):

	 ,
M

MM
SM

0

10 −=  	  (2)

where: SM is soil moisture content, %; M0 
is weight of soil, g; M1 is weight of dried 
soil, g (Patle et al. 2019).

Soil porosity (SP) was calculated by 
formulas (3):

	 ,
RD
BDSP 1001 ⋅






 −=  	  (3)

where: SP is the total soil porosity, %; BD 
is the soil bulk density, g·cm-3; RD is rela-
tive density, g·cm-3.

Determination of particle size distribu-
tion of soil samples has been analysed by 
Pipette method (Gee and Bauder 1986). 
The particle size distribution was calculat-
ed by formulas (4–6):

	 ( ) ,
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= 3100Sands  	 (6)

where: m is mass of soil sample (air 
dried); m1 is mass of first sample (clay + 
silt) after drying 105 °C; m2 is mass of sec-
ond sample (clay) after drying 105 °C; m3 
is mass of total sands after drying 105 °C; 
K is moisture correction coefficient = mass 
sample after drying at 105  °C·m-1; Vp is 
volume of the sample; mB is mass of blank 
(reagents without sample) after drying 
105 °C.

The measurement of soil organic mat-
ter (OM) content was determined by oxi-
dation with the potassium chromate meth-
od by formulas (7 and 8):
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	 ( ) ,
W

M.VV.
t

sb ⋅⋅−
⋅=

=
303341

 (%) carbonOrganic   
 	 (7)

	 Organic matter (%)  
	 = 1.724·organic carbon,	 (8)
where: Vb and Vs are the titration volume 
of blank sample and volume of soil sam-
ple respectively, mL; 0.3·M is the molarity 
of (NH4)2SO4 and FeSO4·6H2O solution 
used in the titration; Wt is the soil sample 
weight, g (Farid et al. 2019).

Infiltration rate measurement

Infiltration rates were measured by using 
a double-ring infiltrometer on 36 sample 
plots. A constant head of water 3 cm deep 
was maintained in both the 20 cm diam-
eter inner ring and the 30  cm diameter 
buffer (outer) ring. The average infiltration 
rate during the 0–110 min period is defined 
as the overall average infiltration rate (IR) 
(Wu et al. 2016). Calculating soil-water in-
filtration rate by formula (9):

	 ,
TS

QIR
⋅
⋅

=
10  	 (9)

where: IR is the water infiltration rate of 
soil, mm·min-1; Q is the amount of water 
absorbed, cm3; S is ring cutter cross-sec-
tion area, cm2; T is penetration time, min.

Statistical analysis

Prediction model using multiple linear 
regression (MLR) analysis

A typical multiple-variable linear regres-
sion model is expressed as formula (10): 
	 y = k + k1·x1 + k2·x2 + … + kn·xn,	 (10)
where: y is dependent variable is soil in-
filtration rate, mm·min-1; x1, x2, …, xn are 
independent variables are bulk density 
(g·cm-3), soil porosity (%), soil moisture 

(%), organic matter (%), clay (%), silt (%), 
and sand (%); k, k1, k2, …, kn are regres-
sion coefficients.

Using all these parameters basic in-
filtration rate prediction model was de-
veloped using package Bayesian Model 
Averaging (BMA) in R (programming lan-
guage).

Bayesian model averaging

Bayesian model averaging (BMA) is a 
statistical scheme to infer a probabilis-
tic prediction that possesses more skill 
and reliability than the original ensemble 
members produced by several competing 
models (Duan et al. 2007). BMA has been 
used primarily in generalized linear re-
gression applications. Recently, Bayesian 
model averaging has gained popularity in 
diverse fields such as statistics, manage-
ment science, medicine and meteorolo-
gy (Fernandez et al. 2001, Raftery et al. 
2005).

The key idea behind BMA is to con-
sider a set of models, each with its own 
set of parameters, and to assign a prior 
probability to each model. Given the ob-
served data, the posterior probability of 
each model can then be computed using 
Bayes’ theorem, which takes into account 
both the likelihood of the data given the 
model and the prior probability of the mod-
el.

Once the posterior probabilities of each 
model have been computed, they can be 
used to compute the weighted average 
of the predictions from each model. This 
produces a single prediction that takes 
into account the uncertainty in model se-
lection. The weights used in the averaging 
process are proportional to the posterior 
probabilities of each model, so that mod-
els with higher posterior probabilities con-
tribute more to the final prediction.
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Bayesian information criterion

In inferential statistics, we compare mod-
el selections using p-values or adjusted 
R2. Besides, in this study, we will take 
the Bayesian predictive model. Analysis 
of Bayesian model selections using the 
Bayesian information criterion (BIC). BIC 
is defined to be as in formula (11):
	 BIC = n·ln(1−R2) + p·ln(n),	 (11)
where: n is the number of observations 
in the model, and p is the number of pre-
dictors (not including the intercept) in the 
model.

When the smaller BIC value is (more 
negative), the better the fit of models se-
lected (Schwarz 1978).

Standard deviation (SD) and 
coefficient of variation (CV)

SD and CV are types of measures of dis-
persion. SD is an absolute measure and 
CV is a relative measure. SD and CV are 
calculated by formulas (12) and (13):

	 ( ) ,'xx
n

SD n

i i

2

1

1 ∑ =
−=  	 (12)

	 ,
'x

SDCV 100⋅=  	 (13)

where: xi is measured value; x’ is mean of 
measured value; n is number of the mea-
sured value.

Results and Discussions

Soil infiltration rate

In the sloping land from medium to high 
rainfall, water infiltration is important for 
soiling protection and watering retention 
(Morbidelli et al. 2018). In this study, it was 
found that the infiltration rate on vegetation 
types after shifting cultivation (grassland, 
shrubland and small regenerating trees) 
varies from 2.41 to 3.23 mm·min-1 with a 
measured average infiltration rate 2.87 
±0.22 mm·min-1 (Table 1). Variations in soil 
infiltration can be induced by vegetation 
growth and the intrinsic spatial variability 
of soils. In this study, all vegetation types 
were restored from shifting cultivation. 
These shifting cultivation lands were aban-
doned gradually due to policy-driven fac-
tors. The vegetation restoration process 
improved soil infiltration capacity (Li and 
Shao 2006, Wang et al. 2012). The im-
provement in soil infiltration capacity was 
mainly caused by the growth of vegetation 
and the resulting changes in soil structure 
(Pan et al. 2017, Tian et al. 2017).

Soil properties

The soil properties were determined for 
vegetation recovered after shifting culti-
vation in Table 2. These were considered 

Table 1. Soil infiltration rate (mean ±SD) after shifting cultivation.

Parameter Min Max Mean Standard  
deviation

Coefficient  
of variation

Infiltration rate, mm·min-1 2.41 3.23 2.87 0.22 0.05
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as the independent variables, which were 
used to establish the correlations between 
infiltration rate and soil properties and de-
velopment of the prediction model.

The correlation between infiltration 
rate and each soil properties

The results in Table 3 showed that SP, 
OM, sand have a positive correlation with 
infiltration rate, which means increase SP, 
OM and sand content in the soil will in-
crease the infiltration rate. Whereas BD, 
SM, clay and silt have a negative correla-
tion with infiltration rate, which means in-
creasing BD, SM, clay and silt content in 
the soil will decrease the infiltration rate. 
The infiltration rate was significantly af-
fected by BD, SP, OM and SM as R has 
varied from 0.77 to 0.86. Whereas clay, 
silt and sand have a lesser significant 

effect on the infiltration rate as R is only 
0.13–0.22.

Different soil properties are influenc-
ing infiltration processes. Several stud-
ies have been conducted to assess the 
impact of shifting cultivation on soil prop-
erties and its correlation with infiltration 
rate. Andriesse and Schelhaas (1987) 
investigated the changes in soil fertility 
associated with burning in shifting cultiva-
tion. They found that burning can lead to 
a decrease in organic matter content and 
nutrient availability in the soil, which can 
ultimately affect the infiltration rate. Ishi-
zuka et al. (2000) found that abandoned 
land had lower infiltration rates compared 
to land that was still under shifting cultiva-
tion. In addition to organic matter content 
and nutrient availability, other soil proper-
ties can also influence infiltration rate in 
shifting cultivation. Nye and Greenland 

Table 2. Descriptive statistics of measured soil properties.

Parameters Min Max Mean Standard deviation Coefficient  
of variation

Bulk density, g·cm-3 1.28 1.48 1.38 0.06 0.00
Soil porosity, % 39.67 47.20 43.58 2.00 4.01
Organic matter, % 1.45 4.65 3.31 0.84 0.70
Soil moisture, % 14.90 25.50 20.08 3.21 10.29
Clay, % 14.43 39.19 24.55 5.54 30.67
Silt, % 16.87 34.06 25.81 5.47 29.90
Sand, % 27.54 68.70 49.64 8.60 74.04

Table 3. Correlation and regression analysis of infiltration rate with soil properties.

Dependent
variable

Independent
variables R F p Coefficients

Variable Constant
IR BD 0.80 60.99 < 0.001 -2.969 6.972

SP 0.77 50.61 < 0.001 0.086 -0.876
OM 0.86 93.41 < 0.001 0.228 2.121
SM 0.81 63.44 < 0.001 -0.056 3.998
Clay 0.21 1.62 0.21 -0.009 3.083
Silt 0.13 0.60 0.44 -0.005 3.012

Sand 0.22 1.75 0.19 0.006 2.589

Note: IR is infiltration rate, BD is bulk density, SP is soil porosity, OM is organic matter, SM is 
soil moisture.
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(1960) reviewed studies on the impacts 
of shifting cultivation on soil properties 
and found that cultivation can deteriorate 
physical soil properties, such as soil struc-
ture and compaction, which in turn affect 
the infiltration rate. Osuji et al. (2010) re-
ported that soil bulk density, soil porosity, 
organic matters, soil moisture, soil particle 
size distribution influence the infiltration. 
An increase in soil bulk density decreases 
soil porosity resulting in a decrease in soil 
infiltration characteristics. Results from 
previous studies also have demonstrat-
ed the inverse correlation (Rashidi et al. 
2014, Patle et al. 2019). The porosity is 
one of the aspects that best explains soil 
infiltration. Ren et al. (2016) found that an 
increase in porosity could significantly in-
crease soil infiltration. The increase in soil 
infiltration value is due to porosity, which 
is related to taproots and the activity of 
soil organisms (Fischer et al. 2014, Huang 
et al. 2017). Organic matter is also impor-
tant for infiltration because it also provides 
an environment for moesofauna and mac-
rofauna to grow. The stability of organic 
matter represents an important contribu-
tion to the maintenance of the soil poros-
ity. The soil moisture was negatively cor-
related with IR in our study. Water infiltra-
tion into the soil diminishes when the soil 
moisture increases. This result was con-
sistent with the results of previous studies 
(Assouline 2013, Fouli et al. 2013, Liu et 
al. 2019), which have proposed that high-
er soil moisture may lead to a reduction of 
IR. The increase in the soil particle dimen-
sion and porosity enhanced soil infiltration 
capacity directly. Our study showed that a 
higher soil particle size directly and clay 
content indirectly enhanced soil infiltra-
tion capacity. This result is consistent with 
those of several studies that have shown 
that finer-textured soil has a higher hy-
draulic conductivity than coarse-textured 

soil due to its well-developed soil structure 
and a high degree of macropores (Fischer 
et al. 2014).

Prediction model using multiple linear 
regression

The effect of soil properties on soil infil-
tration rate was mentioned not only in a 
separate factor but also in overall factors 
(Table 4 and Fig. 2). For prediction of ba-
sic infiltration rate, the analysis was cat-
egorized into the 5 best models. In the 
first model, four independent variables 
were considered: soil porosity, organic 
matter, soil moisture and sand. The sec-
ond model included soil porosity, organic 
matter and soil moisture as independent 
variables. The third model incorporated 
soil porosity, organic matter, soil moisture 
and silt as independent variables. The 
fourth model featured bulk density, organ-
ic matter, soil moisture and sand as inde-
pendent variables. Lastly, the fifth model 
encompassed soil porosity, organic mat-
ter, soil moisture and clay as independent 
variables.

Each row corresponds to a variable 
and each column corresponds to a model; 
the corresponding rectangle is red if the 
variable is in the model and yellow other-
wise; blue if the variable is a negative cor-
relation with the dependent variable. The 
width of the column is proportional to the 
model’s posterior probability.

Development of first model

The infiltration rate was estimated using 
soil porosity, organic matter, soil mois-
ture and sand. The developed prediction 
equation for the IR is given below: IR = 
1.745 + 0.026 (SP) + 0.016 (OM) – 0.026 
(SM) + 0.003 (Sand) with the coefficient of 
determination R2 = 0.856, BIC = – 55.77 
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Table 4. Models selected by BMA for regression analysis of infiltration rate  
with soil properties.

Factor Post. 
prob. Mean SD Model 1 Model 2 Model 3 Model 4 Model 5

Intercept 100.0 2.477 1.037 1.745** 1.807** 2.098*** 4.099*** 1.875**

BD 24.3 -0.155 0.415 - - - -0.950• -
SP 63.5 0.017 0.016 0.026* 0.028* 0.024* - 0.029*

OM 100.0 0.115 0.037 0.016** 0.108** 0.112** 0.010* 0.103**

SM 100.0 -0.026 0.007 -0.026*** -0.026*** -0.027*** -0.024** -0.025***

Clay 20.5 -0.0005 0.002 - - - - -0.004
Silt 29.8 -0.0013 0.003 - - -0.005 - -
Sand 43.8 0.0017 0.002 0.003• - - 0.005* -
n variable 4 3 4 4 4
R2 0.857 0.841 0.853 0.850 0.849
BIC -55.77 -55.38 -54.63 -53.93 -53.83
Post. Prob. 0.165 0.136 0.093 0.066 0.063

Note: Best 5 models of 25 models were selected (cumulative posterior probability = 0.523); 
Mean ± Standard Deviation (SD) of independent variable; BIC is Bayesian Information Criterion; 
BD is bulk density; SP is soil porosity; OM is organic matter; SM is soil moisture; Post. prob. is 
Posterior probability. Significance codes: (***) < 0.001, (**) < 0.01, (*) < 0.05, (•) < 0.1, ( ) < 1.

Fig. 2. Models selected by BMA. 
 

and posterior probability = 16.5  %. The 
SM has the lowest p-value = 0.0005 (< 
0.001), followed by OM, SP with 0.0018 (< 
0.01), 0.0297 (< 0.05), respectively. How-
ever, the sand has a p-value of 0.0668 (< 
0.1). The results showed that SM, OM and 
SP are statistically significant predictors, 

while Sand is not an important predictor 
(p < 0.05).

Development of second model

The infiltration rate was estimated us-
ing soil porosity, organic matter and 
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soil moisture. The developed prediction 
equation for the IR is given below: IR = 
1.807 + 0.028 (SP) + 0.108 (OM) – 0.026 
(SM) with the coefficient of determination  
R2 = 0.841, BIC = – 55.38 and posterior 
probability = 13.6 %. The SM has the low-
est p-value = 0.0009 (< 0.001), followed 
by OM, SP with 0.002 (< 0.01), 0.0244  
(< 0.05), respectively. The results showed 
that SM, OM and SP are statistically sig-
nificant predictors (p < 0.05).

Development of third model

The infiltration rate was estimated using 
soil porosity, organic matter, soil moisture 
and silt. The developed prediction equa-
tion for the IR is given below: IR = 2.098 
+ 0.024 (SP) + 0.112 (OM) – 0.027 (SM) 
– 0.005 (Silt) with the coefficient of deter-
mination R2 = 0.853, BIC = – 54.63 and 
posterior probability = 9.3 %. The SM has 
the lowest p-value = 0.0005 (< 0.001), 
followed by OM, SP with 0.0013 (< 0.01), 
0.0483 (< 0.05), respectively. However, 
Silt has a p-value of 0.1216 (< 1). The 
results showed that SM, OM and SP are 
statistically significant predictors, while silt 
is not an important predictor (p < 0.05).

Development of fourth model

The infiltration rate was estimated using 
bulk density, organic matter, soil moisture 
and sand. The developed prediction equa-
tion for the IR is given below: IR = 4.099 
– 0.950 (BD) + 0.010 (OM) – 0.024 (SM) 
+ 0.005 (Sand) with coefficient of determi-
nation R2 = 0.85, BIC = – 53.93 and pos-
terior probability = 6.6 %. The SM has the 
lowest p-value = 0.0022 (< 0.01), followed 
by OM, sand with 0.010 (< 0.05), 0.0164  
(< 0.05), respectively. However, the BD 
has a p-value of 0.0749 (< 0.1). The re-
sults showed that SM, OM and sand are 

statistically significant predictors, while 
BD is not an important predictor (p < 0.05).

Development of fifth model

The infiltration rate was estimated using 
soil porosity, organic matter, soil mois-
ture and clay. The developed prediction 
equation for the IR is given below: IR = 
1.875 + 0.029 (SP) + 0.103 (OM) – 0.025 
(SM) – 0.004 (Clay) with coefficient of 
determination R2 = 0.849, BIC = – 53.83 
and posterior probability = 6.3  %. The 
SM has the lowest p-value = 0.0009  
(< 0.001), followed by OM, SP with 0.0031 
(< 0.01), 0.0193 (< 0.05), respectively. 
However, clay has a p-value of 0.1894  
(< 1). The results showed that SM, OM 
and SP are statistically significant predic-
tors, while clay is not an important predic-
tor (p < 0.05).

For the development of predictive 
models, from all the analysis, it was ob-
served that the increase in the number 
of the independent variables increases 
the reliability of the prediction of R2. The 
findings of the present investigation cor-
relate with previous studies. Harisuseno 
and Cahya (2020) estimated the soil infil-
tration rate based on soil properties using 
multiple linear regression. They devel-
oped a correlation between soil infiltration 
rate and soil properties (soil porosity, silt, 
clay, sand content) with R2 (0.87). Rashidi 
et al. (2014) carried out field experiments 
at the agricultural fields of Karaj (Iran) 
and developed a correlation between 
soil infiltration rate and physical proper-
ties of soil. They predicted the infiltration 
rate using silt content and clay content, 
bulk density, organic matter and moisture 
content of soil with R2 (0.9). Pandey and 
Pandey (2018) conducted a study near 
the NERIST campus, India, estimating the 
infiltration rate based on readily available 
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soil properties (RASPs) in fallow cultivat-
ed land. It was found that to predict the 
soil infiltration rate based on RASPs with 
seven independent variables (sand, silt, 
clay, bulk density, particle density, mois-
ture content and organic carbon content) 
with coefficient of determination R2 (0.92). 
Patle et al. (2018) estimated the infiltration 
rate from soil properties using regression 
model for cultivated land in India. They 
predicted the infiltration rate using sand, 
silt, clay, bulk density, particle density, 
moisture content and organic carbon con-
tent with R2 (0.80).

The prediction first model had the 
highest value of posterior probability and 
lowest value of BIC. This implies that the 
first model is the best amongst all of the 
models. The use of infiltration models as 
an alternative to field-based infiltration 
measurement (Mirzaee et al. 2014, Parhi 
2014, Tuffour and Bonsu 2015). Infiltra-
tion rate can successfully be measured 
using a double-ring infiltrometer. Howev-
er, field-measured infiltration is difficult, 
especially in mountainous sites. As an 
alternative, estimating the infiltration rate 
from soil properties using the regression 
model. The previous studies reported that 
easily measurable soil characteristics 
could successfully predict the measure-
ment of infiltration in the field (Dabral and 
Pandey 2016, Rahmati 2017).

Conclusion

In this study, the soil porosity, organic 
matter content and sand have a positive 
correlation with infiltration rate, whereas 
bulk density, soil moisture, clay and silt 
have a negative correlation with infiltra-
tion rate. Soil porosity, organic matter and 
soil moisture were the main factors influ-
encing soil water infiltration capacity. The 

predicted model with four soil properties 
(soil porosity, organic matter, soil mois-
ture and sand) was the best-fitted model 
with the highest value of R2 and posterior 
probability and the lowest value of Bayes-
ian information criterion and recommend-
ed for the research area. The predictive 
infiltration model from readily observed 
soil properties, save the resources in the 
measurement of time-consuming infiltra-
tion characteristics and could be applied 
under limited data conditions.
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