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Abstract - The infiltration rate of soil data is important in a wide range of planning, such as city planning, drainage 
design, landuse planning, flood prediction, flood disaster mitigation, etc. Collecting data of infiltration through in-site 
direct measurements is time consuming and costly. Indeed, inferring the infiltration rate using available parameters 
and the fittest model is needed. The model can shortcut the field measurement to get a predicted accurate infiltration 
rate that is worthy to support vital planning. This research aims to develop a model of infiltration rate based on initial 
water contents and grain size of soils. The results are three outstanding models based on the Multiple R Squared, Root 
Mean Square Error (RMSE), and Mean Average Error (MAE). The implication of the fittest model is reducing the 
cost and time to get the predicted infiltration rate. The field measurements can be skipped by sampling undisturbed 
soils and laboratory tests.
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Introduction

Background
The infiltration rate of the soil is important in 

a hydrological cycle as it is controlling soil degra-
dation by erosion in hilly and slope areas, runoff, 
and irrigation efficiency   (Angulo-Jaramillo et al., 
2016), because the higher infiltration rate reduces 
soil erosion and runoff (Thomas et al., 2022). 
Considering how important infiltration rate is 
in soil cultivation, soil conservation, and hazard 
mitigation, the infiltration rate has been modeled 
based on a artificial intelligence, such as artificial 
neural networks (ANN) (Sy, 2006), random forests 
(Sihag et al., 2019; Bergeson et al., 2022), support 

vector machine (Sihag et al., 2019), and machine 
learning (Khosravi et al., 2022) to get a better cor-
relation of a model to the infiltration with smaller 
root square mean of error. The soil infiltration 
will be influenced by slope and soil properties, 
such as soil moisture, grain size distribution, bulk 
density (Setiawan et al., 2019), the availability of 
interconnected pores, and the saturation degree 
of soil. Not only pore spaces between grains, but 
cracks in the soil also play an important role as 
conduits in the infiltration of water into the soil 
(Ma et al., 2022). Such cracks and macropores in 
the soil and geological formation are provided by 
biological activities (Fueki et al., 2012), anthropo-
genic, weather, and geological structure, such as 
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joints and faults. Studies on the correlation between 
infiltration rate and the partial properties of soil 
have been carried out by previous researchers. 
The high initial water moisture in the soil causes 
a low infiltration rate, and there is a correlation be-
tween wet soil and low infiltration rate (Bhave and 
Sreeja, 2013; Ruggenthaler et al., 2016; Kiptiah et 
al., 2020). Meanwhile, the presence of clean sand 
has a greater pore space and increases infiltration 
capacity (Michael, 2010), and the presence of silt 
and clay or matrix between grains will reduce the 
volume of pore space of soil, so the infiltration rate 
will decrease. Otherwise, the presence of swelling 
clay   will increase sorptivity and infiltration rate 
of red-brown soil (McIntyre and Sleeman, 1982). 
The decreasing infiltration capacity of soil causes 
increasing runoff water, and becomes a flood 
potency in the area. The infiltration also increases 
soil saturation and positive pore water pressure, 
meanwhile it decreases pore water suction and they 
will reduce the safety factor of slope and induce 
slope failure (Muntohar et al., 2022; Sugianti et 
al., 2022). The infiltration rate of the Balikpapan 
area based on a previous research is 12 mm/hour 
up to 240 mm/hour (Juwita and Santoso, 2019).  A 
study about parameters that determine the infiltra-
tion rate is needed for better natural water recharge 
management, flood analysis, irrigation planning, 
urban planning, etc. (Dahan et al., 2007).

Infiltration is also part of the natural recharge 
process in a catchment area. Water flows into the 
ground and flows deep down into the aquifer, so 
the sustainability of the aquifer also depends on 
the rate of infiltration in the recharge area   (Alen-
coão and Pacheco, 2006). The impact of infiltra-
tion rate on the sustainable and livable city can not 
be neglected, as infiltration in the rainfall-runoff 
model determines the flood potency of the area. 
Thus, the study of stormwater and its connectivity 
to the low infiltration rate is needed (Bergeson et 
al., 2022). It is also the initial process of storing 
rainwater as groundwater (Alencoão and Pacheco, 
2006). The drainage design should take the in-
filtration as well as runoff into account to avoid 
floods or water overflows during the rainy season. 
The problem of carrying out field measurements of 
infiltration in a wide area of interest is costly and 

time-consuming. Therefore, an accurate model of 
infiltration rate using texture parameters is needed 
(Khosravi et al., 2022). This research aims to 
model the correlation between infiltration capacity 
to the initial water content, silt content, and clay 
content. The results of this research can be applied 
in infiltration rate prediction to replace costly and 
time-consuming in situ measurement. The reliable 
model is also expected to improve the ANN model    
(Sy, 2006) which is hiding its formula.

Geological Settings
Geologically, the researched area is situated in 

Kutai Basin. Stratigraphically,  it has Pleistocene 
Kampung Baru Formation consists of sandy clay-
stone, intercalation of coal and marl, and limestone. 
Underneath, Late Miocene Balikpapan Formation 
comprises alternation of quartz sandstone, silty 
claystone, and intercalation of shale and marl. Pu-
lau Balang Formation is dominated by quartz and 
greywacke sandstone (Hidayat and Umar, 1994; 
Sulistyo, 2018; Formansya et al., 2020). Kam-
pung Baru and Balikpapan Formations outcrop in 
the southern Balikpapan. Meanwhile, Balikpapan 
Formation and part of Pulau Balang Formation 
are exposed in the northwest area. The uppermost 
geological unit is Quarternary alluvium deposits, 
which contain mixed deposits of silt, sand, and 
gravel   (BAPPEDA Balikpapan, 2002; Sulistyo 
and Abrar, 2017) as depicted in Figure 1. Soil   and 
recent deposits are a result of decomposition, disin-
tegration, and deposition process of its underlying 
geologic formation. Geohydrologically, the area is 
the recharge and discharge areas of Balikpapan City.

Regionally, almost all the rock formation of 
the area had been deformed, with age span from 
Pretertiary to Late Tertiary. The results of tectonism 
are joints, faults, anticlines, and synclines. Tertiary 
rock formation is folded with dip angles between 
10o to 40o, while the dip angle of Pretertiary rocks 
is more than 40o. The trend of axial folds are north-
south to northeast-southwest. They are character-
ized by normal fault, thrust, and strike-slip faults. 
Tectonic events of the area are predicted to occur 
since the Jurassic time (Hidayat and Umar, 1994).  

Hydrogeology of the researched area is char-
acterized by confined aquifer, perched aquifer, 
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and free aquifer. Many springs are also found 
in southern Balikpapan area. Such springs are 
interpreted as the result of perched aquifers that 
have been intersected by topography. The exis-
tence of perched is caused by impermeable lens 
of claystone in thick sandstones of Balikpapan 
Formation. Therefore, it can stop water infil-
trates deep down and store water as shallower 
groundwater (Sulistyo, 2003). Such condition is 
portrayed in Figure 2.  

Methods and Materials

Methods
The research activities consisted of field 

measurement and sampling, laboratory tests, and 
studio works. The methodology of this research 
is depicted in Figure 3.

Literature review and gap analysis are the 
stages of reviewing previous studies and find-
ing the gaps to find the novelty. Then, gaps are 
converted to the problem statement, and field 
reconnaissance. Sampling location planning 
is conducted to get representative location and 
samples of the area. The next stage is the prepa-
ration of tools and materials for in-situ tests and 
sampling which consists of composite soil sam-
pling   and infiltration measurements. The next 
step is laboratory analysis for the initial water 
content of the soil sample, sieve, and hydrometer 
test, then the analysis of grain gradation and 
soil classification. The result of field measure-
ments was analyzed using the Horton Method. 
The result of the test that consists of infiltration 
capacity (IR), initial water content (IWC), and 
percentage of sand, silt, and clay was analyzed 
using machine learning model regression in R 
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Figure 1. Geological map of Balikpapan City (BAPPEDA Balikpapan, 2002).
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Studio to get a fit model.  In this analysis, simple 
regression and models are employed based on 
Formula 1 as below.

The infiltration rate (IR) is the dependent 
variable that will be predicted, while independent 
variables are the combination of variables and a 
single variable as portrayed in Table 1. 

Performance parameters that are used in as-
sessing model accuracies consisted of RMSE, 
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Figure 3. Research methodology.
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where: 

...................(1)

y = predicting infilltration rate dependent variable

βo = intercept value

β1 and βn = coeficient of  independent variable 
x1  and xn 

ϵ = estimated error

Model Dependent Variable(s)

1 IWC, Silt, Clay, Sand
2 IWC, Silt, Clay
3 IWC, Silt, Sand
4 IWC, Clay, Sand
5 IWC, Sand
6 IWC, Silt
7 IWC, Clay
8 IWC
9 Silt
10 Clay
11 Sand

Table 1. Combination of Variables and Single Variables in 
Regression Model

y
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MAE, and Coefficient of Determination (R2). 
Therefore, the most reliable model can be deter-
mined. To get such values, Formula 2, 3, and 4 
are used. The RMSE is defined as follows:

MAE is calculated as follows:

AN R2 is calculated as follows:

......................(2)

............................(3)

....(4)

where: 

Yo is the observed infiltration rate, 

Yp is the predicted infiltration rate,

     is the average observed infiltration rate, and

     is the average predicted infiltration rate. 

RMSE depicts the differences between the 
observed value and predicted value, and it gives 
more weight to the larger error and vice versa. 
Meanwhile, MAE shows the average (Khosravi et 
al., 2022). R2 is a statistical measure that depicts 
the goodness of the model to the actual infiltration 
rate (Sy, 2006).

Materials
Tool and material for in-situ measurements 

that were used during the research consisted of 
a double ring infiltrometer, stopwatch, ruler, 
nozzle, water barrel, camera, GPS, and water 
as material, and sampling needs auger, PVC 
pipe as sample wrap, and marker. The labora-
tory analysis needs sieves, sieve shaker, digital 
scale, plate, oven, mixer, hydrometer, sedimen-
tation cylinders, jars, thermometer, beaker, and 
sodium silicate. For the data analysis, R Studio 
1.4 was used.

Result and Analysis

The observation, measurements, and sam-
pling were carried out in Sepinggan River Basin. 
Administratively, the area is located in southern 
Balikpapan District, Balikpapan City, East Kali-
mantan Province, Indonesia. The locations of the 
field measurement and sampling are depicted on 
the map   as shown in Figure 4.

The result observation from fourteen stations 
showed     that the average infiltration rate of 1.57 
up to 5.66 cm/hour was classified as medium to 
rather slow. The average infiltration capacity at 
each location of observation is depicted in Fig-
ure 5. Three rather slow infiltration observations 
were located relatively downstream, meanwhile 
medium infiltration observations were located 
upstream (Figure 6). 

The depth (∆h) in infiltrometer of fourteen 
observations started from 5 to 13 cm in 7.5 min-
utes, and it was constant after 45 minutes up to 
1 hour (Figure 7).

Undisturbed samples taken using hand auger 
from  0.5 up to 1 m depth,   were tested in the labo-
ratory to get initial water contents using ASTM 
D2216 Procedure. Soil samples have the initial 
moisture of 17 up to 48.77%. Initial Water Con-
tent (IWC) for each sample is shown in Table 2. 

Undisturbed samples were also tested for their 
grain size distributions of each sample using a 
sieve and hydrometer test.   The result of field 
measurements and laboratory tests is consisted 
of infiltration capacity, IWC, and percentage of 
sand, silt, and clay. The percentage of sand, silt, 
and clay of each soil sample can be classified 
using the Ternary USDA classification diagram 
based on its textural properties using the R script 
as depicted in Figure 5. Most samples were 
classified as sandy clay loam, and the rest were   
classified as clay loam, sandy loam, loamy sand, 
and sand. 

The data was prepared and cleaned for further 
analysis. The outlier was identified using the box 
plot function in R Studio, and all number of vari-
ables found one outlier in the infiltration variable. 
The identification of the outlier is illustrated in 
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Figure 8. Then, outlier and its pairs in the row 
were excluded from the modeling in multiple 
regression analysis. The result of cleaning data 
from fourteen samples, there was one outlier of 
infiltration rate in the location of S1, so the use-
able data was the observation from location S2 

up to S14. In the next step after cleaning data, it 
was then divided randomly into 80% dataset as 
training data and 20% dataset as test data. 

The correlation of infiltration rate and physi-
cal parameters of soil was modeled using simple 
regression and multiple regression, using machine 
learning in R Studio. The formula generated by 
Machine Learning was Regression Function of 
lm (formula  = y ~ xi + xi+1+ …+ xn,  data = train-
ing_set), and its summary is written in Table 3 
using the following symbol.

From the output of regression, the strength of 
correlation between the dependent and indepen-
dent variables of each model is listed in Table 
4. The further analysis comparison of observed 
infiltration rates and the predicted infiltration 
rates is known as RMSE and MAE as portrayed 
in Table 4.

A previous research has detected in cultivated 
soil, where a single soil property of sand has the 
highest correlation to the infiltration rate com-
pared to the other properties of soil, such as clay, 
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Figure 5. Soil texture   of samples based on USDA textural 
classification chart.
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Figure 7. Infiltration rate (f) (cm) in 1 hour of observation in each location.

Table 2. IWC of Soil Samples

LOC S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 S12 S13 S14
IWC (%) 17.0 22.54 21 .0 23.42 24.72 17.81 22.45 14.16 45.67 21.32 48.77 36.67 38.75 28.93
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silt, bulk density, and moisture content (Tikaram 
et al., 2018). The coefficient of correlations, 
standard deviations, root mean square error, and 
model were compared, and analyzed using the 
Taylor diagram (Carslaw, 2019) as depicted in 
Figure 9.

Discussion

The sampling could not be done using the grid 
method, because some locations were densely 
populated in an urban area, and others were not 
naturally deposited soil. Thus, the sampling and 
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Figure 8. Box plot of the variable to identify outlier.

Table 3. Output of the Regression Function

Model Formula

1 y = 3.6954975 - 0.0008932 x1 +  0.0188830 x2  - 0.0672503x3 +  0.0048447 x4

2 y = 4.1687807 - 0.0009843x1 +  0.0144152x2  - 0.0717995 x3

3 y  = -0.58626 - 0.01009 x1 +  0.02695x2 + 0.05009x4

4 y  = 4.638701 - 0.003752x1 -  0.068914x3  -0.004316x4

5 y  = 0.621606-0.014539x1 +  0.038490x4

6 y  = 4.56992 - 0.03010x1 - 0.083162x2

7 y  = 4.235492 - 0.004696x1 - 0.062215x3

8 y  = 3.78206 - 0.04059  x1

9 y  = 3.86618  - 0.09074 x2

10 y  = 4.156846  - 0.064260 x3

11 y  = 0.01999 + 0.04184  x4

Explanation : y= infiltration, x1= IWC, x2= silt, x3= clay, x4= sandIJ
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observation were carried out at random locations 
as depicted in Figures 3 and 4. The sampling 
locations are in the catchment area of Sepinggan 
River Basin, from the classification of infiltration 
rate of several measurement locations. It seems 
that the infiltration rate classification correlates 
the soil upstream and downstream of the river 
basin as depicted in Figure 4. The upstream has a 
greater infiltration rate rather than in downstream. 
To prove that, the correlation phenomenon needs 
further studies. The physical properties which 
consist of initial water content (IWC) and the grain 
size that have been observed in this research, are 
analyzed in their correlation to the infiltration rate 
by the regression models. Those models are listed 
in Table 3. The models of correlation have resulted 
from Machine Learning Regression Model using 

Table 4. Multiple of R-Squared, RMSE, and MAE in Each Model

Model Multiple R-Squared RMSE MAE

1 0.9222 0.4927443 0.31914
2 0.922 0.4933758 0.3189769
3 0.8955 0.400012 0.2806742
4 0.9206 0.4598607 0.2968624
5 0.8923 0.3683726 0.2607738
6 0.8393 0.360245 0.3022879
7 0.9204 0.4469914 0.2900606
8 0.2764 0.5884582 0.5017798
9 0.6922 0.4342064 0.3458374
10 0.9176 0.4683544 0.3005737
11 0.8624 0.4186181 0.2920075
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Figure 9. Taylor diagram of model regression.

R Studio. There are developed eleven models of 
correlation between Infiltration Rate as Dependent 
Variable, and IWC and Grain Size as Independent 
Variables (x1 = IWC, x2 = silt, x3 = clay, and x4 =s 
and). The fittest model is Model 1,

..................(5)

which has the Multiple R Squared of 0.9222 as 
listed in Table 4. Its position has an optimum po-
sition from RMSE position, Standard Deviation, 
and Coefficient Correlation as depicted in Figure 
9, but in the prediction of infiltration rate it has 
RMSE 0.4927443 bigger than RMSE of model 
6. This seems to be caused by two dots which 
are located far away from the line of accuracy 
as portrayed in Figure 10a. The most precise 
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model based on RMSE is model 6, where the dots 
scatter relatively close to the line of accuracy as 
depicted in Figure 10b. Nevertheless, this model 
has a weaker correlation between the dependent 

variable and independent variables which has 
the Multiple R Squared of the model is smaller 
than Model 1.

Figure 10. Plots of actual infiltration rate versus predicted infiltration rate (a) model 1, (b) model 6, and (c) model (5).
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The comparison of observed and predicted in-
filtration rates based on the Model 6 has the RMSE 
value of 0.360245 and the MAE of 0.3022879.  
Based on the MAE values the most precise model 
is Model 5 which has an MAE of 0.2607738.
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Figure 11. Pair diagram of soil parameters.

..........(7)

On the other hand, the goodness of the model 
is mediocre compared to others as known from the 
MAE of  0.2607738   and its RMSE is 0.3683726. 
Its accuracy is illustrated in Figure 10c.

The contribution of each independent variable 
to the infiltration rate as depicted in Figure11. 

can be described that the IWC, silt, and clay 
have negative correlations to the infiltration rate. 
While, sand has a positive correlation to the in-
filtration, and the correlation is reasonable. The 
presence of IWC will reduce infiltration having 
the initial moisture that will occupy void or pore 
spaces in the soil, and the presence of silt and clay 
material as a matrix between grain will reduce 
interconnected pores in the soil. Meanwhile, the 
greater presence of sand as grain and pebbles as 
fragment will increase the intergranular space ore 
pore space through which infiltration goes deeper 
in the ground.  
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Conclusions

The correlation each of IWS, silt, and clay to 
the infiltration rate is negative where the greater 
of IWS, silt, and clay will reduce the infiltration 
rate of soil. Meanwhile, sand has a positif correla-
tion to the infiltration rate. The bigger the amount 
of sand in soil, the bigger the infiltration rate in 
the soil. Eleven models regression have been 
developed using machine learning, and the fittest 
model of multiple regression based on Multiple 
R-Squared is Model 1 which takes all available 
parameters (IWC, silt, clay, and sand) as inde-
pendent variables. Based on RSME, Model 6 has 
the greatest accuracy on this model parameters of 
sand, and clays are excluded. Meanwhile, based 
on MAE, Model 5 has the greatest accuracy and 
precision on this model, and the clay and silt are 
excluded. The regression Model 1 can be used to 
predict the infiltration rate on the studied area. For 
all parameters, the infiltration can also be obtained 
using Model 5 when available parameters are 
limited (IWC and sand percentage).  
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