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Abstract 
The use of intensive chemical inputs causes lower availability of nutrients, organic matter, 

cation exchange capacity, and soil degradation.Therefore, this study aims to assess the soil 

quality index (SQI) for paddy fields in Jember, East Java, Indonesia. Input data for this study 

consist of land cover (interpreted from the Sentinel-2 image), soil type, and slope maps. 

Furthermore, the procedure to calculate soil quality index (SQI) include (1) spatial analysis to 

create the land unit, (2) preparation of soil sampling, (3) soil chemical analysis, (4) principal 

component analysis (PCA), and (5) reclassifying soil quality index (SQI).  The PCA results 

showed that three variables i.e., % sand, total- P, and % silt were strongly correlated to SQI, 

while three classes namely very low, low, and medium of SQI were sufficiently used to 

describe the spatial variability of the paddy field. Furthermore, approximately 41.14% of the 

paddy field area were classed as very low while 52.23%, and 6.63% were categorized as low 

and medium SQI respectively. Based on the results, about 93.37% of paddy fields in Jember 

Regency still require improvement in soil quality via the addition of ameliorants such as 

organic fertilizers to increase quality and productivity. This application needs to focus on 

areas with very low-low quality hence, the quality increased to the medium category. 
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1. Introduction 

The Increasing population and food demand have forced farmers to intensify and 

extend agricultural land to improve productivity (Ren et al., 2020). Agricultural 

intensification is an activity that aims to optimize agrarian land by providing additional inputs 

to increase productivity (Xie et al., 2019). Meanwhile, extensification involves expanding 

agricultural land and minimizing external inputs (Van Grinsven et al., 2015). The use of 

intensive chemical inputs such as fertilizers and pesticides indicates agricultural 

intensification activities. However, most farmers do not understand the concept of sustainable 

agriculture (Johannes et al., 2019;Terano et al., 2015). 
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The continuous use of chemical fertilizers and pesticides has negative impacts on the 

soil (Li et al., 2018). A previous study stated that fertilizer and pesticide residues settle in the 

soil thereby increasing its acidity (Asvini & Jithesh, 2018). Other impacts observed include 

lower availability of nutrients, organic matter, and cation exchange capacity (Hung et al., 

2019; Maas et al., 2017). Agricultural extensification is usually conducted by land conversion 

and forest clearing. Mohawesh et al. (2015) stated that changes in land-use affect soil quality, 

while Pierzynski et al. (2005) defined soil quality as multicriteria analysis results of chemical, 

physical and biological properties. Furthermore, the characteristics of good soil usually 

comprise (1) good drainage, (2) good water holding capacity (WHC), (3) less erosion, and (4) 

high nutrient content (Seifu & Elias, 2018). Good quality soil supports optimal plant 

productivity. Meanwhile, soil quality assessments are used to identify, evaluate and 

determine the appropriate technology for land management and sustainability (Roy et al., 

2015). 

Rice is widely known as the principal food of the Indonesians, therefore, the presence 

of paddy fields is essential to support agricultural land and fulfill food demand. Generally, 

farmers overuse fertilizers and pesticides, which in turn decrease the land quality. Moreover, 

the input cost of chemical fertilizers and pesticides is expensive compared to the benefit in 

the form of increase in production (Xie et al., 2019). This condition has also been exacerbated 

by the increased price of chemical fertilizers in the market, hence, farmers spend much 

money for less productive results. The benefits of calculating SQI include (1) increase 

farmers' awareness of land mismanagement, (2) mapping complex land variability, and (3) as 

a guide for sustainable management plan (Ren et al., 2020; Lin & Fukushima, 2016). 

Previous studies only referred to one of the soil's chemical, physical or biological 

properties to determine SQI (Supriyadi et al., 2019; Supriyadi et al., 2018). However, this 

study combines the three parameters to categorize the soil quality (Bahnemiri et al., 2019). 

Soil quality analysis based on remote sensing is needed to assess land variability (Reddy et 

al., 2020). Meanwhile, remote sensing technology is commonly used to classify land, based 

on several criteria with high accuracy (Hore et al., 2020).  

The combination of remote sensing and principal component analysis (PCA) is 

effective in assessing soil quality. The PCA method is used for data reduction and selection 

of the primary indicator that best represents the analysis and the results are presented in the 

form of a minimum data set (MDS). Furthermore, the MDS component reduces the burden of 

indicators in the SQI calculation model and prevents data redundancies (Mukherjee & Lal, 

2014). 
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SQI was more interpolated using the Inverse Distance Weighting (IDW) method 

which predicts value base on the distance between the data point and the expected location. 

The expected value is calculated as the number of measured data points located in a specific 

search environment on the predicted site (Bofana & Costa, 2017). Abdel Rahman et al. 

(2021) stated that the IDW technique is the most commonly used method to predict soil 

properties. Only a few studies focused on assessing soil quality based on one soil 

characteristic. Also, there are limited studies on the physical, chemical, or biological 

properties only. Therefore, this study aims to assess soil quality based on the physical, 

chemical, and biological properties by combining spatial analysis. 

 

2. Methods 

This study was conducted from December 2020 to April 2021, and the study area 

covers all paddy fields in Jember Regency, East Java, Indonesia (Figure. 1). 

 

 

Figure 1. Study area and classified land cover map (2019) 
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2.1 Input Data and Tool Used 

The three maps (Table 1) were used as input data for this study.  
 

Table 1. Research materials 

Material Sources 

Land cover map 
Sentinel 2A satellite image data processing 

(USGS, 2019) 

Soil type map (Balai Penelitian Tanah, 2015) 

Slope map Derived from DEMNAS (BIG, 2019) 

 

 The tools used in this study consist of soil sampling and laboratory analysis 

equipment, as well as software for processing. Soil sampling equipment consists of a soil 

drill, shovel, tape measure, and plastic clips, while the laboratory equipment includes atomic 

absorption spectrophotometer (AAS), pH meter, and oven (Table 2). The data obtain were 

analyzed using Multispect, GIS  software,  and statistical tools. 

Table 2. List of tools used 

Tool  Specification and function  

Soil drill To take soil samples 

Shovel To take soil samples 

AAS Soil potassium analysis 

Musltispec Land cover analysis 

Q-GIS Soil Quality Index (SQI) calculations 

Source: (Supriyadi et al., 2018) 

 

2.2 Research Procedure 

  The research procedure consists of (1) determination of land unit, (2) soil sampling, 

(3) laboratory analysis, (4) principal component analysis (PCA), (5) scoring and 

classification, and (6) assessment of soil quality index (SQI). 

2.2.1 Land unit and soil sampling 

 The number of the land unit was determined by overlaying and intersecting three 

input maps, i.e., land cover, soil type, and slope maps, as illustrated in Figure 2.  First, the 

land cover map was classified into two namely paddy fields and non-paddy fields, then, the 

paddy field was converted from raster to polygon vector layer. Furthermore, the soil type and 

slope map were clipped with polygon paddy field maps. The two maps results are united to 

create a land unit map.  
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Figure 2.  Procedure to determine the land unit and soil sampling 

 

The soil samples were collected from each land unit map, while four samples for each 

land unit were then compiled using the soil drill method. Furthermore, each land unit was 

divided into four regions, and sampling was carried out in each area. Table 3 shows the 24 

samples locations,the samples for each class were then mixed and compiled. Figure 3 shows 

the different soil color photographs taken from (9) nine locations. 
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Table 3. Description of sampling point 

No Point Location Soil Type (USDA) Slope 

1 8° 9'35.03"S and113°52'15.78"E Entisols >15% 

2 8°28'32.64"S and 113°44'11.57"E Entisols >15% 

3 8°25'33.69"S and 113°33'22.83"E Entisols >15% 
4 8°12'36.80"S and 113°49'35.96"E Entisols >15% 

5 8° 4'5.05"S and 113°41'34.13"E Inceptisols >15% 

6 8° 3'32.04"S and 113°41'14.87"E Andisols >15% 

7 8°15'46.99"S and 113°26'39.22"E Entisols >15% 
8 8° 5'7.33"S and 113°55'41.86"E Entisols >15% 

9 8° 7'24.08"S and 113°32'10.28"E Inceptisols >15% 

10 8°22'33.31"S and 113°29'9.56"E Entisols >15% 
11 8° 3'47.32"S and 113°54'46.28"E Entisols 0-15% 

12 8° 9'52.26"S and 113°49'8.08"E Entisols 0-15% 

13 8°25'20.38"S and 113°38'26.77"E Alfisols 0-15% 
14 8°21'8.97"S and 113°43'32.91"E Entisols 0-15% 

15 8°23'18.30"S and 113°29'55.03"E Alfisols 0-15% 

16 8°22'29.71"S and 113°27'25.17"E Entisols 0-15% 

17 8°11'42.78"S and 113°48'39.85"E Entisols 0-15% 
18 8° 8'8.48"S and 113°43'37.86"E Inceptisols 0-15% 

19 8°19'13.73"S and 113°39'55.27"E Alfisols 0-15% 

20 8°13'53.39"S and 113°36'39.03"E Entisols 0-15% 
21 8°24'10.97"S and 113°35'25.46"E Entisols 0-15% 

22 8° 5'51.76"S and 113°55'0.90"E Entisols 0-15% 

23 8°10'43.78"S and 113°34'45.28"E Inceptisols 0-15% 
24 8°17'0.95"S and 113°21'10.73"E Entisols 0-15% 

Interpreted from: (USDA - Soil Survey Staff, 2014).  

 

 

Figure 3.  Soil sampling location 
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2.2.2 Laboratory Analysis 

Laboratory analysis was used to measure the physical, chemical, and biological properties 

of the soil samples. The soil samples were initially dried and sieved.  The physical properties 

were analyzed using a 2 mm sieve, while the chemical analysis used a 0.5 mm sieve. Table 4 

shows the physical, chemical, and biological properties of soil samples used in this study.  

Table 4. Physical, chemical, and biological properties 

Variable Sample type Method 

Chemical properties 

pH Disturbed Soil The soil-water suspension (1:25) 

Total Phosphorus Disturbed Soil Percolation with HCl 25% 

Available Potassium (K)  Disturbed Soil Neutral N NH4OAc 

Physical properties 

% Sand Disturbed Soil Pippet 

% Silt Disturbed Soil Pippet 

% Clay Disturbed Soil Pippet 

Effective soil depth Disturbed Soil Measurement 

Biological properties 

C-organic Disturbed Soil Curmis 

Sources: (Japan International Cooperation Agency (JICA), 2014; Panday et al., 2019)  

2.2.3 Principal Component Analysis (PCA) 

The soil properties determined via laboratory analysis were then used as input for 

correlation and principal component analysis (PCA). The data processed by PCA include pH, 

total phosphorus (P), available potassium (K), % sand, % silt, % clay, effective soil depth, 

and c-organic. Meanwhile, the procedure for this method includes (1) analyzing the 

correlation between factors, (2) conducting principal component analysis (PCA), and (3) 

determining the minimum data set. 

2.2.4 Assessment of Soil Quality Index (SQI) 

SQI was calculated and performed using GIS software. First, the MDS variable 

component was added to the sampling points,then, the indicator was interpolated using 

Inverse Distance Weighted (IDW). The results were then used to calculate SQI, using the 

formula in equation 1 (Eq.1): 

SQI =          (1) 

where, Wi = weighting factor; and  Si  = the indicator score for variable i. Then, Table 5 

shows the score and class used to determine the SQI.  
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Table 5. Class of Soil Quality Index 

Score Class of Soil Quality Index 

0.80 – 1.00 Very good 

0.60 – 0.79 Good 

0.40 – 0.59 Medium 

0.20 – 0.39 Low 

0.00 – 0.19 Very low 

Sources: (Nusantara et al., 2018) 

 

 

3. Results and Discussion  

3.1 Land Unit Map 

The number of land units were determined by overlaying and intersecting three input 

maps, i.e., land cover, soil type, and slope maps. The land cover map was interpreted from 

the Sentinel-2 image of the area of interest (AOI) downloaded from the USGS website, which 

was then processed, and classified. After the pre-treatment task i.e., atmospheric correction, a 

mosaic of 4 scenes, composite, and image enhancement, the sentinel images were then 

classified using the supervised method and maximum likelihood algorithm following the 

standard image processing procedure of Multispec TM. Furthermore, the land cover 

classification accuracy reached 99%, while the thematic land cover obtained from the 

classification processes showed 5 primary classes, namely (1) annual vegetation which 

includes forested area and plantation, (2) settlement representing urban and pavement area, as 

well as other public facilities, (3) dryland or shrubland, (4) marginal land representing area 

occupied by heterogeneous agricultural land, cropland, and rural areas, (5) water body, and 

(6) paddy field, as shown in Figure 1. 

 Soil type map was extracted from layer database and obtained from the Soil research 

institute ( SRI, 1966). The soil type map scale was 1:250.000, and the layer was then clipped 

with a regency boundary. Furthermore, the slope map was derived from DEMNAS (Digital 

elevation model at the national level) downloaded from the official website of the National 

Geospatial Agency (BIG). The DEMNAS had spatial pixel resolution relatively similar to 

sentinel image (± 10m). Therefore, Jember Regency has six (6) land unit classes, representing 

paddy fields as shown in Figure 4. 
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1 (Inceptisols soil type and slope > 15%) 

2 (Entisols soil type and slope > 15%) 
3 (Andisols soil type and slope > 15%) 

4 (Entisols soil type and slope 0-15%) 

5 (Inceptisols soil type and slope 0-15%) 

6 (Alfisols soil type and slope 0-15%) 

Figure 4. Land unit map 

 

3.2 Soil Properties of Paddy Fields 

 Table 6 contains the soil properties measured using laboratory analysis. Soil 

properties were collect at 24 sampling points, meanwhile, the laboratory analysis results of 

the chemical, physical and biological properties varied. Each parameter affects the 

availability of plant nutrients. 

Table 6. Soil properties 

Variables Mean SE Min Max 

pH 7.01 0.45 6.04 7.8 

Total P  

(mg/100 g) 
12.29 4.81 4.86 29.83 

Available K (me/100 g) 1.25 0.52 0.47 1.25 

Sand (%) 48.10 23.22 4.97 88.99 

Silt (%) 24.39 22.76 1.85 89.08 

Clay (%) 27.50 16.16 5.22 65.26 

Soil Depth (cm) 36.36 10.25 25 70 

C-organic (%) 2.42 0.44 1.28 3.27 

Note : SE= Standart Error 
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The results show the variability in chemical, physical, and biological characteristics of 

soil samples with pH values ranging from 6.04 - 7.8, and an average of 7.01. This value is 

classified as slightly acidic to slightly alkaline (Li et al., 2018).When the soil pH is too 

alkaline, nutrients become unavailable for plants, meanwhile, the optimal soil pH for plants is 

6.5-7 (Hanafiah, 2018). 

The total P-value between 4.86 - 29.83 mg /100g was categorized as the very low to 

intermediate class (Eviati & Sulaeman, 2009). P nutrients are essentially needed by plants, 

especially in the generative phase (Yao et al., 2020). Furthermore, plants absorb P elements 

in the form of primary and secondary orthophosphates ions (H2PO4
- and HPO4

2-). Plants 

absorb P in the form of H2PO4
- when the pH is low and HPO42- under high pH (Hanafiah, 

2018). Table 6 shows a relatively neutral pH value, hence, plants absorb P in the form of 

HPO4
2-. 

The potassium (K) value ranged between 0.47 - 1.25 me / 100 g and is classed as the 

medium to high category. This nutrient is essentially needed by plants to fill rice grains 

(Banerjee et al., 2018). Potassium is a mobile element, hence leaching easily occurs. 

Furthermore, the high amount of potassium needs to be balanced with high organic C which 

reduces the rate of erosion hence, the amount of leaching is reduced. Table 6 shows that the 

C-organic value ranged between 1.28 - 3.27% ( from low to high). This content serves as an 

energy source for soil microorganisms, reduces erosion, improves soil texture and structure 

(Arunrat et al., 2020). 

Soil texture is the ratio between the fraction of sand, silt, and clay. Meanwhile, clay 

fraction is very critical in providing soil nutrients. Clay is a is negatively charged soil fraction 

that binds to cations needed by plants (Arunrat et al., 2020). The texture analysis results of 

the 3 fractions (sand, silt, clay) also vary (Table 6). Soil dominated by clay fraction has more 

nutrients compared to sand fraction. Sandy soils loss water rapidly and are unable to hold 

nutrients. 

The rice fields in Jember Regency also have varying soil depths. Table 6 shows that 

the effective soil depth values ranged from 25 - 70 cm. It is defined as the depth of the soil 

that plant roots are able to penetrate. Rice fields are managed intensively through a process of 

plowing, this condition causes silting of the soil adequate depth. 

 

3.3 Principal Component Analysis (PCA) 

  The principal component analysis consists of correlation analysis and determination 

of the minimum data set (MDS). MDS is a variable used in determining the soil quality index 
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(SQI), while correlation analysis is used to determine the relationship between the observed 

variables. Table 7 shows the correlation analysis results.  

Table 7. Correlation analysis 

  Total P Available K C-organic Soil Depth pH Sand Silt Clay 

Total P 1.000        

Available K 0.206 1.000       

C-organic 0.222 0.262 1.000      

Soil Depth -0.328 -0.243 -0.389 1.000     

pH -0.062 0.036 0.018 0.113 1.000    

Sand 0.096 -0.138 -0.543* 0.264 -0.155 1.000   

Silt 0.118 0.048 0.125 -0.073 0.312 -0.213 1.000  

Clay -0.157 -0.017 0.443 -0.100 0.374 -0.836* 0.245 1.000 

Note: * significant 

 

Table 7 shows the correlation analysis results for each soil variable. Sand and clay 

fractions have the highest correlation compared to other variables, with a value of -0.836. A 

negative value indicates that the relationship between the two is reversing. When the sand 

fraction value is high, the clay fraction value tends to be low and vice versa. Furthermore, the 

lowest correlation result was found between C-organic and pH variables with a value of 

0.018, which is in the shallow category. Fetene & Amera (2018) stated that c-organic has 

more effect on soil porosity and volume weight. The next procedure was extraction via 

principal component analysis (PCA). The extraction results were in the form of minimum 

data sets used in scoring and determining the soil quality index (SQI). 

Table 8 shows the principal component extraction results. The P-total as well as 

silt,and clay fraction variables were used in the SQI assessment. The significance level of the 

three variables was determined by the eigen value (Mukherjee & Lal, 2014). To be used as an 

MDS indicator, this value needs to be > 1 (Romadhona & Arifandi, 2020). The eigen values 

for the principal components (PC) 1, 2, and 3 were all greater than one, hence, the three are 

applicable as MDS indicators. 

 The eigenvectors > 90% of the maximum value in each PC were used as an MDS 

indicator (Supriyadi et al., 2018). Table 8 shows the three indicators of MDS, i.e., clay and 

silt fraction, as well as total P. The MDS factor weight was obtained by dividing the  variance 

(%) by the cumulative (%)  on PC3 with values of 0.477, 0.309, and 0.214 respectively. This 

weight value was used in the calculation of the soil quality index (SQI). 
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Table 8. PCA results 

PCs PC1 PC2 PC3 

Eigenvalue 2.58 1.68 1.16 

% of Variance 32.28 20.96 14.45 

Cumulative % 32.28 53.24 67.68 

Eigenvectors 

P_total 0.117 0.696* 0.406 

K_available 0.294 0.493 0.178 

C_organic 0.743 0.312 -0.200 

Soil depth -0.445 -0.623 0.080 

pH 0.341 -0.478 0.585 

Sand -0.874 0.184 0.295 

Silt 0.410 -0.150 0.677* 

Clay 0.827* -0.423 -0.163 

Note: * MDS variable 

 

 

3.4 Assessment of Soil Quality Index (SQI) 

Soil quality index assessment only used the PCA result variable. Three main factors 

were used to determine the soil quality index, i.e., the clay and silt fraction, as well as P-total. 

The results were categorized into three classes, i.e., very low, low, and medium (Figure 5). 

Furthermore, the map analysis results showed that 41.14% was in the very low category, 

52.23% was in a low class, and 6.63% was in the medium category. 

 
Figure 5. Soil Quality Index (SQI) paddy fields in Jember Regency 
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The low quality of paddy fields is due to intensive soil management and chemical 

inputs. In addition, majority of farmers use only chemical fertilizers without any organic 

supplement. Meanwhile, organic fertilizers are released slowly, and the results are not visible 

(Maas et al., 2017). The application of chemical fertilizers has a direct effect on plants 

(Asvini & Jithesh, 2018), therefore, most farmers do not use organic fertilizers. 

 This condition shows that there is a need to improve the quality of the paddy soil to 

support sustainability. Soil quality improvement needs to focus on improving soil fertility 

without damaging the environment. Meanwhile, soil fertility is a determining factor in plant 

growth and development (Karamanoli et al., 2017). Organic fertilizers are applied to increase 

nutrient availability and soil physical properties (Kidinda et al., 2015). 

 

4. Conclusion  

Based on the results, three variables were found to strongly influence soil quality 

assessment namely total P, as well as clay and silt fraction. Approximately 93.37% of the 

paddy field area was classed as very low-low quality due to the intensive use of chemical 

fertilizers without organic supplements. The addition of ameliorants such as organic fertilizer 

is needed to improve the soil's physical, chemical, and biological properties. This application 

is to be focused on areas with very low – low soil quality to increase the quality to medium. 
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