
  ISSN: 0975-8585 

September – October  2016  RJPBCS   7(5)  Page No. 3029 

Research Journal of Pharmaceutical, Biological and 

Chemical Sciences 
 
 
 

 

Recognition of The Zonal Soil Types of the Forest-Steppe On the 
Landsat TM Images Using the Logistic Regression Method 

 

Pavel Ukrainskiy*, Alla Zemlyakova, Edgar Terekhin, Olga Marinina, and Zhanna Buryak. 
 

Belgorod State National Research University, 85, Pobedy St., Belgorod, 308015, Russia. 

 

ABSTRACT 

 
The work is dedicated to identifying the soil cover of the forest-steppe. A territory of alternating gray 

forest soils and black soils, which is located in the center of the Belgorod Region and which is mainly an arable 
land, has been surveyed. Through the example of recognizing a soil type, a possibility of applying quantitative 
methods for remote sensing of the qualitative characteristics of the soil has been studied. The logistic 
regression method is proposed for this purpose. To test the method, a Landsat 5 TM image was used, which 
served as a source of data about the spectral reflectance of the soils. The image was processed in the ENVI 
software. The fields with bare soil were highlighted on it. For them, random sample points were generated and 
the reflectance values were derived from these points. The belonging of these sample points to a certain soil 
type was determined using the soil maps of the farms located on the territory under survey. The R 
programming language was used for the statistical data processing. Based on it, a logistic regression model 
was created. It represents an equation of the connection between the reflectance in the third, fourth and fifth 
bands of Landsat TM and a certain type of soil (black soil or gray forest soil). This model allows calculating a log 
odds ratio (logit), which may be then directly re-calculated into probability values for the presence of a certain 
type of soil. The model is characterized by a high predictive ability (McFadden's pseudo-R2 is 0.94). The 
advantage of such models is the possibility of showing a gradual transition between soils (using the logit maps 
or probability maps). They also allow setting distinct quantitative criteria for separating soil types on a satellite 
image. 
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INTRODUCTION 
 

   The forest-steppe zone of the East European Plain is a region, where the remote sensing studies of 

the soil cover are currently important and required. On the one hand, it is due to an intensive agricultural 

development of the territory, on the other hand - due to a relatively high variety of the soil cover. It 

determines the need for a regular updating of the soil maps and for increasing their accuracy. In addition, the 

large areas of tilled land are favorable for the remote sensing of the soil. The made the greater part of the soils 

accessible for a direct aerospace surveillance [1]. 

 

   The primary task of the soil mapping is the detection of soil boundaries and identification of soils. 

First of all, this task is solved for the upper levels of the soil classification – the type and sub-type [2]. Quite a 

few works are dedicated to the recognition of the types and sub-types of the forest-steppe soils [3-5]. Initially, 

a visual identification was used. It was substituted by an automated identification (classification with learning 

and autonomous classification) [2, 6]. However, these methods do not use distinct quantitative criteria for the 

separation of soils. There are attempts to introduce such criteria on the basis of the spectral indices method5. 

But the most optimal way for this is creating regression models, which link the reflectance and the soil 

characteristics. A lot of models for determining the quantitative characteristics of the steppe and forest-steppe 

soils have been developed, for example, for determining the humus content [7-10] and the particle size 

distribution [5, 11]. But in the domestic practice of identification, no qualitative characteristics of the soil have 

been determined with the help of regression models so far. This is mainly due to the fact that the necessary 

methods are not widely practiced yet. Such methods include the logistic regression [12]. In Russia, this method 

is used predominantly in the works relating to the economics and medicine. But abroad this method has found 

its application also in the studies of the landscape [13-15] and soils [16-18]. 

 

  So, the presented study is dedicated to the problem of the remote sensing of the qualitative 

characteristics of the soil by quantitative methods. A solution of the problem is demonstrated through an 

example of recognizing zonal soil types of the forest-steppe zone on Landsat 5 TM space images: black soils 

and gray forest soils. We set a task of creating a logistic regression model allowing their identification. 

 

MATERIALS AND METHODS 

 
As a territory for the study, an area was selected in the centre of the Belgorod Region, on the 

boundary of the Belgorod District and Shebekino District (Figure 1). It has the shape of a wedge narrowing 
towards the South of the total area of 23,760ha.  

 
The length of the studied area in the north-eastern direction is 25km. The maximum length from the 

West to the East is 13km. In the West, the studied territory is limited by the Seversky Donets River, and in the 
South - by the Nezhegol River. The eastern boundary runs along the edge of the wooded areas stretching along 
the right bank of the Koren River. The northern boundary runs along the Belgorod–Blizhnyaya 
Igumenka–Sevryukovo line. 

 
The major part of the studied territory is tilled land. Due to this, its soil cover may be observed on 

space images in the periods, when it is not covered by agricultural vegetation. Here, most widespread are two 
zonal soil types of the forest steppe – the black soils and gray forest soil [19]. In the historical past the gray 
forest soils were covered by deciduous forests. It was a large woodland between the Razumnaya, Koren, 
Korocha and Hezhegol rivers. By now, a considerable part of these forests has been cut clear. Their boundary 
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shifted towards the East in the direction of the Koren River [20]. Therefore, the major part of the gray forest 
soils is now a tilled land, and their boundary with the black soils may be seen on space images. 

 

 
 

Figure 1: The studied territory (the map is superimposed onto a Landsat 5 TM image in the combination of 
bands 7:5:3) 

 
To solve the preset task, a satellite image from Landsat 5 TM of May 6, 2007 (path/row 177/025) was 

used (Figure 1). For the period of 12 days preceding the shooting, there were no precipitations on the territory 
(according to the Belgorod meteorological station). It is an evidence of the air-dry condition of the soil on the 
day of shooting. The image was radiometrically calibrated to the reflectance value using the ENVI 4.8 software.  

 
After that, the reflectance values were extracted using ArcGIS 10.1. It was done as follows. During a 

visual analysis of the image, cropless fields of the total area of 3,260ha were singled out and vectorized (i.e. a 
mask of bare soil was created) Then, within the bare soil mask, random sample points were generated. Their 
number was set equal for the both soil types (500 for each). The correspondence of these sample points to the 
soil types was verified using the soil maps of the farms located on the territory under survey. Using a zonal 
statistics tool, the reflectance values were extracted in these points from each band. Such approach to 
extracting data from images is used in many works relating to the application of the logistic regression for the 
soil and landscape interpretation [14, 16-18]. 

 
The programming language R, version 3.2.2, was used for the statistical data processing. Beside the R 

basic packages, a number of additional packages was used: car, ggplot2, pscl [21-24]. The logistic regression 
model was created using the glm() function from the stats package (included into the basic configuration of R). 
The logit conversion is used to enable modeling of the qualitative characteristics by quantitative methods. It 
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consists in calculating the natural logarithm of the odds ratio (logit). The logistic regression model is as follows 
[12]: 

 
l = ln(P1/P2) = ln (P1/(1-P1)) = C0+ C1×X1+…+Cn×Xn, (1) 

  
where l – logit, P1 – the probability of the object's belonging to Class 1 (in our case, it is the gray forest soil), P2 
– the probability of the object's belonging to Class 2 (in our case, it is the black soil), C0, C1, Cn – regression 
coefficient, X1, Xn – independent variables (predictors). 
 

The logits are re-calculated into the probability value using the formula:  
P1= (exp l)/(1+exp l), (2) 

  
the keys to Equation 2 are given in the description of Equation 1. 
 

The independent variables in the currently developed model are the reflectance values in various 
bands of the Landsat image. The bands for independent variables were selected to meet the following 
requirements: the maximum possible number of independent variables, absence of redundant variables, 
statistical significance of the model coefficients, maximum predictive ability of the model.  

 
The check for redundant variables was performed by calculating the variance inflation factor (VIF) 

[25]. The calculation was done using the vif() function from the additional car package. As a redundancy 
criteria for variables, the VIF value exceeding 5 was adopted. The predictive ability of logistic regression 
models is evaluated by the value of pseudo-R2. It takes the value of 0 to 1, and its interpretation is similar to 
R2 for linear regression models. But, as other ways of calculation are used, it is assumed to be designated with 
the prefix "pseudo" [26]. The most widely used is the calculation of the pseudo-R2 according to McFadden 
(R2MF) [27]. To determine this indicator, the pR2() function from the additional package of pscl was used. All 
graphs in this work were built using the basic graphic package of R (graphics) and, also, an additional package 
of ggplot2. 

 
The work was completed by creating in the ENVI program of a map of the logarithm of the odds ratio 

for the gray forest zone (logit), which was subsequently transformed into a probability map (using formula 2). 
For this purpose we used a tool of mathematical operations with patterns, into which the developed 
regression model was incorporated. 

 
 

RESULTS AND DISCUSSION 
 

For separating zonal soils of the forest steppe on the space images, a logistic regression model was 
created (formula 3). It was designed for application with the Landsat TM imagery. Potentially, it may be used 
also for the Landsat ETM+ and Landsat OLI imagery, which have bands similar in their spectral range. The 
reflectance in the bands of the Landsat TM sensor, expressed in percentage, are used as the independent 
variables (predictors) of the model.  

 
Out of all possible variants of the model, the three-predictor model proved to be the most efficient. 

The models with six, five and four predictors had either statistically insignificant coefficients, or redundant 
predictors. While models with two or one predictor had a lower R2MF value compared with the 
three-component models, i.e. they produced a poorer description of the modeled object.  

 
Among the three-component models, the highest R2MF value of 0.94 had the model based on the 

third, fourth and fifth bands of the Landsat TM sensor. This model (Formula 3) describing the dependence of 
the spectral reflectance of the soil on its type looks as follows: 

 
l = -32,64+5,50×B3+0,45×B4-0,88×B5,    (

3) 
where l – logit of odds ratio for the gray forest soil, B3 – reflectance in percentage in the third band of the TM 
sensor, B4 – reflectance in percentage in the fourth band of the TM sensor, B5 – reflectance in percentage in 
the fifth band of the TM sensor. 
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The characteristics of the model coefficients (3) are given in Table. All coefficients are statistically 

significant (p<0,05) and are not redundant (VIF<5)  
 

Table: Characteristics of the model coefficients 
 

Coefficients Estimate Standard error z-score p-value VIF 

Intercept -32,64 4,27 -7,64 2,26*10-14 - 

B3 5,50 0,84 6,57 5,01*10-11 3,01 

B4 0,45 0,20 2,28 0,02 1,15 

B5 -0,88 0,24 -3,64 0,0003 2,80 

 

The created model allows building maps of the logit of odds ratio for the gray forest soil. An example 

of such map is shown in Figure 2. 

 

 
 

Figure 2: Map of values of the logarithm of odds ratio (logit) for gray forest soil 

 

For the illustrative purposes, a field is specially selected with the soil boundary running across it. The 

gray forest soil is characterized by positive values of the logit, while the black soils are characterized by 

negative values. The soils boundary runs over the pixels with the zero value of the logit. On both sides of the 

boundary there runs a narrow strip of the logit values close to zero (shown in yellow in Figure 3). This is a zone 

of a gradual transition from one soil to another. 

 

Of all the predictors of the created model, the B3 variable, which characterizes the reflectance in the 

third band of Landsat TM (i.e. in the red part of the spectrum), has the highest absolute value of the 

coefficient. Then, in decreasing order, follow the absolute values of the coefficients relating to the B4 and B5 

variables (Table). It coincides well with the degree of separability in this bands of the samples of the black soil 

and gray forest soil. From the diagrams of the kernel density estimation of these samples (Figure 3a-c) it is 

evident that the smallest overlapping is in the third band, while the largest one is in the fifth band. When 

comparing the spectral reflectance curves of the black soil and gray forest curve it is visible that in the third, 

fourth and fifth bands the distance between the curves is the largest. And it decreases with the transition from 

the third band to the fifth band (Figure 3d). 

 



  ISSN: 0975-8585 

September – October  2016  RJPBCS   7(5)  Page No. 3034 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
Figure 3: The difference in the spectral reflectance of the black soil and gray forest soil in the Landsat TM (А) 
bands, the fourth band (Б), the fifth band (В) of Landsat TM, and across the whole spectrum (Г): in the third 

band (a); in the fourth band (b); in the fifth band (c); and across the whole spectrum (d) 

 

The fact, that the reflection in the third band exceeds many times the contribution of the fourth and 

fifth band, has its scientific grounds. From the graph of the spectral reflectance of the soils it is evident that the 

red part of the spectrum accounts for the maximum solar radiation absorbed by the studied soils (Figure 3d). 

This range is characterized by the most intensive absorption of the light by the humus [1]. And it is the 

difference in the humus content that accounts for the difference in the spectral reflectance of the black soils 

and gray forest soils [1]. And here both the humus content and the ratio of the humic acids and fulvic acids in 

the humus play their role [28]. 

 

The possibility to render the gradual change in the soils is an important merit of the logistic 

regression method. The actual soil boundaries are indistinct. The distinct boundaries of the plots on the 

traditional soil maps is a forced simplification due to the problem of rendering a gradual transition between 

soils. On the space images this gradual change is rendered if it is visible to the interpreter. But the manual 

vectorizing (like the automated classification) creates distinct boundaries. While the application of logistic 

regression models allows resolving this problem. 
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When using logistic regression methods, a question arises which indicator is best to operate for 

separating the soils – logit or probability? For the purpose of comparing these indicators, we made a profile 

crossing the soils boundary (Line AB in Figure 2). The change in the value of the logit and probability along the 

profile line in shown in Figure 4. 

 

 

 
(a) 

 
(b) 

 
Figure 4: The values of the logit (a) and detection probability (b) for the gray forest soil along the profile AB 

 

The logit is unusual for comprehension as compared with the probability. But it is quite convenient 

for separating the modeled objects. The principal difference between the logit and probability is the 

boundaries of the range of assumed values. The logit values change from zero to infinity. While the probability 

varies from 0 to 1. Correspondingly, the probabilities are better for the purpose of comparison. Such 

comparison may be required in case of creating a series of logistic regression models built for different soils on 
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the basis of different predictors. In this case the image pixels are assigned to the soil with the greater 

detection probability. 

 
CONCLUSION 

 
The conducted study showed that the logistic regression allows solving the task of the remote 

determination of the qualitative characteristics of the soil by quantitative methods. The application of this 
method may be useful for the geosciences, in particular, in the thematic mapping of the soils. The logistic 
regression model obtained in the course of the study allows a highly efficient separation of zonal soil types of 
the forest-steppe zone (black soils and gray forest soils) on the Landsat TM images. From the point of view of 
the mapping tasks, an important advantage of such models is the possibility of showing on the map the 
gradual transition between soils. Prom the point of view of the practice of the automated soil interpretation, 
the advantage of the logistic regression models is the possibility of introducing distinct numeric criteria for the 
soil separation and to eliminate, as much as possible, the subjective factor from the interpretation process. 
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