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Abstract. Soil organic matter has a critical role for the physical, chemical and biological properties 

of the soil and for sustainable soil and agriculture. Quick and cost-effective prediction of soil organic 

matter can provide basic data support for precision agriculture. The study area is located in the 

Muttalip pasture of Tepebaşı, Eskişehir. The soil profile wall (1x1 m) was dug and divided into 10x10 

cm raster cell. A total of 100 soil samples were taken from center of each raster cell of the soil profile 

wall. The field-based and lab-based digital color parameters (CIE Lab) were measured depending on 

the grid sampling model. The ordinary Kriging interpolation method was used in geostatistical 

distribution maps of the amount of organic matter (OM) and field-based and lab-based CIE Lab 

values. CHAID, Ex-CHAID, and CART regression tree algorithms were used to predict the OM with 

field-based and lab-based CIE Lab values. The OM in the soil profile wall varies between 4.65-10.54% 

in the topsoils, while it varies between 0.01-0.41% in the subsoils. According to the results, lab-based 

CIE Lab values obtained high predicting performance and more effective than field-based CIE Lab 

values. It concluded that the CART algorithm can be used rapidly and economically in prediction OM 

with high prediction performance (R2=0.89) with lab-based digital color parameters. 

  

Toprak Profil Duvarında Farklı Regresyon Ağacı Algoritmaları Kullanılarak Sayısal 

Renk Parametreleri ile Organik Maddenin Tahmin Edilmesi 

Anahtar kelimeler: 

Veri madenciliği 

algoritmaları, interpolasyon, 

mera toprakları, CIE Lab, 

toprak rengi 

  

 

Özet. Toprak organik maddesi toprağın fiziksel, kimyasal ve biyolojik özellikleri ile sürdürülebilir 

toprak ve tarım için oldukça kritik bir role sahiptir. Toprak organik maddesinin çabuk ve düşük maliyetle 

tahmin edilmesi hassas tarım için temel veri desteği sağlayabilir. Çalışma alanı Eskişehir ili Muttalıp 

merası sınırları içerisinde yeralmaktadır. Toprak profil duvarı (1x1m) kazılmış ve 10x10 cm'lik grid 

hücrelere bölünmüştür. Toprak profil duvarından herbir grid hücreden grid yöntemi ile toplam 100 

adet toprak örneği alınmıştır. Toprak örneklerinde sayısal renk parametrelerinin belirlenmesi grid 

örnekleme modeline bağlı olarak hem arazi hem de lobaratuvar koşullarında gerçekleştirilmiştir. Profil 

duvarından arazi ve laboratuvar koşullarında elde edilen CIE Lab değerleri ve organik madde miktarının 

jeoistatistiksel olarak dağılım haritalarında Ordinary Kriging interpolasyon metodu kullanılmıştır. 

Sayısal renk parametreleri ile organik madde miktarının tahmin edilmesinde CHAID, Ex-CHAID ve CART 

regresyon ağacı algoritmaları kullanılmıştır. Toprak profil duvarında organik madde miktarı yüzey 

topraklarda %4.65-10.54 arasında değişirken yüzey altı topraklarda %0.01-0.41 arasında 

değişmektedir. Araştırma sonuçlarına göre, OM miktarının tahmin edilmesinde laboratuvar 

koşullarında elde edilen CIE Lab değerlerinin laboratuvar koşullarında elde edilen CIE Lab 

değerlerinden daha etkilidir. Araştırma, CART algoritmasının laboratuvar koşullarında elde edilen 

sayısal renk parametreleri ile OM miktarının yüksek başarı performansı (R2=0.89) ile tahmin 

edilmesinde hızlı ve ekonomik olarak kullanılabileceğini ortaya çıkarmıştır. 
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INTRODUCTION 

 

Soil organic matter (OM), one of the most important components of the soil, plays a decisive role in the 

formation of soil structure and improvement of soil quality (McBratney et al., 2014; Acar et al., 2018; Çelik et al., 

2019; Aktaş and Yüksel, 2020). Understanding the dynamic mobility and changes of the OM in the soil surface 

and profile wall is a fundamental condition for monitoring soil fertility, performing precision agriculture, as well 

as ensuring the sustainable development of soil and agriculture (Wu et al., 2015; Yılmaz et al., 2019). The 

determining role of OM on the physical, chemical, and biological properties of soils reveals the necessity of 

knowing and managing the amount of organic matter. The chemical analysis method performed under laboratory 

conditions with traditional analysis methods has revealed the necessity of new analysis methods, which are time-

consuming, inconvenient, costly, and not sensitive to the environment due to the chemical wastes that result from 

the analysis (Torrent and Barron, 1993; Nishiyama et al., 2011; Sawada et al., 2013; Gözükara et al., 2021a). 

Therefore, it seems very difficult to meet the demand for real-time big data in the current agricultural 

development and targets in a short time, at low cost and environmentally friendly. For this reason, many 

researchers have focused on the relationship between the physical, chemical, and biological properties of soils 

and numerical color parameters, which can be alternative to traditional analysis methods (Viscarra Rossel et al., 

2006, 2008, Günal et al., 2008; Doi et al., 2010;  Budak et al., 2018; Gözükara et al., 2021a).  

The Munsell color scale was published in the USA in 1941 (Rice et al.,1941; Simonson, 1993) and still maintains 

its validity and prevalence in determining the color, which is one of the important morphological properties of 

the soil in field and laboratory conditions (Thwaites, 2002; Gözükara et al., 2019, 2020a, 2020b).  Munsell color 

scale is a method based on subjective observation created by expert knowledge, experience, and interpretation 

of dominant spectral color (Hue), darkness (Value), and purity (Chroma) values. Although it is based on subjective 

observation, it still maintains its validity in the definition and classification of horizons and soils in soil profiles in 

many soil classification systems around the world, including the American soil classification system (Soil Survey 

Staff, 2010, 2014; Hartemink and Minasny, 2014; Gözükara et al., 2019; Gözükara et al., 2020a, 2020b; Gözükara 

et al., 2021b). However, many researchers stated that there may be important deficiencies and errors depending 

on the subjective interpretation of the researcher of the Munsell Color Scale and especially the possibility that 

some color values may vary from person to person (Post et al., 1993; Moritsuka et al., 2014). In particular, they 

focused on the CIE Lab colorimetric method, in which the color of the soil is digitized depending on the technique 

and technology developed in recent years and can be an alternative to the Munsell color scale based on subjective 

observation (Torrent and Baron, 1993; Günal et al., 2008; Moritsuka et al., 2014; Budak et al., 2018; Gözükara et 

al., 2021a). 

In the CIE Lab colorimetric method, L* value symbolizes the brightness and darkness of the color, a* value 

symbolizes red and green tones, b* value symbolizes yellow and blue tones (Barrett, 2002; Fan et al., 2017). Digital 

soil color parameters (CIE Lab) which are obtained easily and low costly in the field and laboratory conditions 

have been extensively used by soil scientists to predict delineation of horizon boundaries in soil profiles (Soil 

Survey Staff, 2014), physical soil properties (Günal et al., 2008; Budak et al., 2018; Gözükara et al., 2021a), chemical 

soil properties (Schulze et al., 1993; Fang et al., 1999; Günal et al., 2008; Budak et al., 2018; Gözükara et al., 2021a), 

biological and mineralogical soil properties (Torrent et al., 1980; Shen et al., 2006). As can be seen from the 

literature researches, the researchers focused only on the relationship and prediction of the numerical color 

parameters (CIE Lab) obtained from the degraded soil samples in the laboratory environment and soil properties. 

However, studies examining the relationship between numerical color parameters obtained from soil samples in 

field conditions and soil properties and their effect on prediction performance have been quite limited (Günal et 

al., 2008). At the same time, the researchers focused on explaining and predicting the relationship between 

numerical color parameters obtained from soil samples and soil properties and predictive performance using 

correlation analysis, linear and parabolic regression models (Günal et al., 2008; Moritsuka et al., 2014; Budak et 

al., 2018; Gözükara et al., 2021a). In cases where some assumptions of linear and nonlinear regression models are 

not fulfilled, the relationships examined cannot be revealed sufficiently and their reliability also decreases. 

However, the partial elimination of these disadvantages in the use of data mining algorithms in today's techniques 

and technologies allows to explain the relationships and to obtain more successful results in obtaining results 

close to traditional chemical analysis results. 

The objectives of this study were to; i-) creating distribution maps of the digital color parameters (CIE Lab) 

obtained under field and laboratory conditions and organic matter obtained by traditional analysis methods on 

the soil profile wall, ii-) predict OM in the soil profile wall using digital color parameters (CIE Lab) and determine 

the most reliable regression tree algorithm 
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MATERIAL AND METHOD 

 

Study Area and Soil Sampling 

The study area is located in Muttalip pasture of Tepebaşı, Eskişehir, TURKEY (latitude 39° 0' 14.08" N, longitude 

30° 33' 45.79" E). The research area (pasture land) soils have occurred on almost flat slope, have been formed in 

the Quaternary period and continue to develop on alluvial materials, and is located at an altitude of 786 m above 

sea level. The research area's climatic characteristics are harsh with snow in winters, hot, and dry in summers. The 

study area has mean annual precipitation of 522.2 mm and mean annual temperature of 13.6 °C (DMİ, 2017).  

The soil profile wall (1 m x 1 m) was dug (1.5m L x 1.5m W x 1.5m D) and divided into a 10 cm x 10 cm raster 

cell. Every soil sample which collected from the center of each raster cell (covering 80% of the raster cell) (Figure 

1). Total 100 soil samples were taken in the soil profile wall based on the grid-sampling model. Air-dried and 

grounded soil samples sieved using 2 mm diameter for measurement and analysis. 

 

 
Figure 1. Soil profile wall and soil samples taken with the grid sampling (10 cm * 10 cm) model on the soil profile Wall (red 

points symbolize soil samples taken from each grid spacing). 

Şekil 1. Toprak profili duvarında grid örnekleme (10 cm * 10 cm) modeli ile alınan toprak örnekleri (kırmızı noktalar her bir grid 

aralığından alınan toprak örneklerini sembolize etmektedir). 

 

Digital Color Parameters Measurements and Organic Matter Analysis 

Under field conditions, digital color parameters CIE L1 a1 b1 of every raster cell measured into full contact with 

the soil surface on the soil profile wall using 3NH brand NR10QC model chromometer (3NH, Shenzhen, China). 

Under lab conditions, air-dried soil samples were measured for CIE L2 a2 b2 digital color parameters by 3NH brand 

NR10QC model chromometer (3NH, Shenzhen, China) in petri dishes. Digital color parameters based on the field 

(CIE L1 a1 b1) and lab (CIE L2 a2 b2) were recorded by averaging 5 measurements for each soil sample. The 

chromameter was calibrated for every 10 soil sample measurements. Soil electrical conductivity (EC) and soil 

reaction (pH) were measured in a 1:1 soil water suspension (Soil Survey Staff, 2014), soil organic matter (OM) was 

measured by the Walkley-Black method (Black, 1965). CaCO3 content was measured using a Scheibler calcimeter. 

Soil texture was determined using the hydrometer method (Bouyoucos, 1953). 

 

Regression Tree Algorithms and Statistical Analysis 

Data mining algorithms which are the Chi-squared Automatic Interacion Detector (CHAID), The Exhausive Chi-

squared Automatic Interacion Detector (Ex-CHAID), and classification and regression tree (CART) algorithms were 

used as a regression tree model. In this study, regression tree algorithms were used to obtain model evaluation 

criteria that best explain the prediction of OM. In order to create the tree structures used, the minimum soil 

numbers in the parent and child node were taken as 10:5 and cross-validation 10. While OM was use as a 
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dependent variable, numerical color parameters (CIE Lab) determined under field and laboratory conditions were 

used as independent variables. 

Regression tree algorithms are data mining algorithms created by dividing the independent variables into 

subgroups in terms of dependent variables and presented in the form of a tree structure. The stages of creating 

regression tree algorithms are combining steps, dividing, and stopping (Altay et al., 2021). Regression trees do 

not contain any fragmentation at the first stage and only take place in the dependent variable tree structure. This 

phenomenon where the dependent variable is taken as the basis is the root node. While the root node is divided 

into two in the CART algorithm, the CHAID and Ex-CHAID algorithms can be divided into two or more parts. The 

first split of the root node in regression tree algorithms is called the parent node. The basic principle in the 

creation of the regression tree is to divide it into two child nodes, repetitively, to ensure maximum homogeneity 

in the response variable. The main purpose of the creation of the tree is that if homogeneity is achieved as much 

as possible in any child node that is created repetitively in the response variables, the fragmentation process ends 

in these nodes. This node is called terminal or end node (Oruçoğlu, 2011). In this process; By testing all 

independent variables included in the tree algorithm, it determines the cut-off value of the independent variable 

in the new node to ensure the highest homogeneity (Akşahan and Keskin, 2015). 

The formation of CHAID, Ex-CHAID and CART algorithms and the linear relationship between color values and 

OM, Pearson correlation coefficients were made in IBM SPSS 23 package program (IBM Corp. Released, 2015). In 

the calculation of algorithm evaluation criteria, the "ehaGoF" package was used in the R Studio program (R Core 

Team, 2020; Eyduran, 2020). 

 

Criteria of Algorithm Performance of Regression Trees 

In order to determine the efficiency of regression tree algorithms, Pearson correlation coefficient (PC) (Eq.1) 

between actual and predicted OM values, Akaike's Information Criterion (AIC) (Eq.2), Corrected Akaike's 

Information Criterion (CAIC) (Eq.3), Root Mean Square Error (RMSE) (Eq.4), Mean Error (ME) (Eq.5), Standard 

Deviation Ratio (SDR) (Eq.6), Coefficient of Determination (Rsq) (Eq.7), and Adjusted Coefficient of Determination 

(ARsq) (Eq.8)  were used as algorithm evaluation criteria (Aertsen et al., 2010). These calculations related criteria 

are given in Equations 1-8. 

 

𝑃𝐶 = 𝑟𝑦𝑖,𝑦𝑖𝑝 =
𝐶𝑜𝑣(𝑦𝑖, 𝑦𝑖𝑝)

𝑆𝑦𝑖  𝑆𝑦𝑖𝑝

 (1) 

 

𝐴𝐼𝐶 = 𝑛. 𝑙𝑛 [
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖𝑝)2

𝑛

𝑖=1

] + 2𝑘 (2) 

 

𝐴𝐼𝐶𝑐 = 𝐴𝐼𝐶 +
2𝑘(𝑘 + 1)

𝑛 − 𝑘 − 1
 (3) 

 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖𝑝)2

𝑛

𝑖=1

 (4) 

 

𝑀𝐸 =  
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖𝑝)2

𝑛

𝑖=1

 (5) 

 

𝑆𝐷𝑟𝑎𝑡𝑖𝑜 =
𝑆𝑚

𝑆𝑑

 (6) 

 

𝑟𝑦𝑖,𝑦𝑖𝑝
2 =

𝐶𝑜𝑣(𝑦𝑖, 𝑦𝑖𝑝)

𝑆𝑦𝑖  𝑆𝑦𝑖𝑝

 (7) 

 

𝑅𝐴𝑑𝑗𝑢𝑠𝑡𝑒𝑑
2 = 1 −  

(1−𝑟𝑦𝑖,𝑦𝑖𝑝
2 )(𝑛−1)

𝑛−𝑝−1
   (8) 
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Spatial Distribution of Digital Color Parameters and OM 

The distribution of OM and lab-based and field-based dijital color parameters were tested using Kolmogorov-

Smirnov test (P>0.01). Simple, ordinary, and universal kriging interpolations methods were used to predict the 

spatial distributions of CIE L1 a1 b1, CIE L2 a2 b2, and OM through ArcGIS 10.5 (ESRI, USA). Root mean square error 

(RMSE) was calculated to assess and indicate interpolations model performance for the most accurate kriging 

interpolation models. Root mean square error (RMSE) (Eq.9) was calculated to assess and indicate interpolation 

model performance for the most accurate kriging interpolation models. Thus, the lowest RMSE represents the 

most accurate interpolation model. Zi, Z, and n are indicated predicted value, observed value, and a number of 

observations, respectively. Since ordinary kriging interpolation methods have the lowest RMSE, all distribution 

maps were produced by the kriging interpolation method which has commonly used interpolations method 

(Alaboz et al., 2020, Altunbaş et al., 2020; Dengiz, 2020; Sönmez et al., 2020; Şimşek et al., 2020). 

 

𝑅𝑀𝑆𝐸 =  √
∑(𝑍𝑖 − 𝑍)2

𝑛
 (9) 

 

RESULTS AND DISCUSSION 

 

Some Pysical and Chemical Properties of Soil Profile 

Soil profile were described as A1(0-10 cm), A2 (10-22 cm), Bt (22-42 cm), C1 (42-81 cm), and C2 (81-100 cm) 

and some soil pysical and chemical properties showed in Table 1. The EC, pH, CaCO3, silt content clearly increased 

with depth, whereas OM and sand content clearly dicreased with depth. In particular, the pH and EC of soil profile 

range from 8.29 to 8.64 with moderate alkalinity and range from 2.37 to 5.38 dS m-1 with salinity risks . Moreover, 

the clay accumulation was observed between 22 and 42 cm as Bt horizon.   

 

Table 1. Some pysical and chemical properties of soil profile.  

Çizelge 1. Toprak profilinin bazı fiziksel ve kimyasal özellikleri. 

Horizons Depth EC (dS m-1) pH OM (%) CaCO3 (%) Sand (%) Silt (%) Clay (%) Texture 

A1 0-10 3.02 8.29 7.74 7.84 21.62 36.06 42.32 CL 

A2 10-22 4.09 8.45 2.66 9.51 23.62 38.06 38.32 CL 

Bt 22-42 4.44 8.64 1.69 13.56 6.06 36.44 57.50 C 

C1 42-81 5.38 8.61 0.47 16.11 10.42 47.62 41.96 SiC 

C2 81-100 2.37 8.40 0.72 18.02 14.42 37.12 37.12 SiCL 

 

 

Soil Color and Correlation Analysis 

Descriptive statistics and distribution of field-based CIE L1 a1 b1, lab-based CIE L2 a2 b2 digital color parameters, 

and OM showed by histograms in Table 1 and Fig. 2, respectively.  Field-based CIE L1 a1 b1 b2 digital color 

parameters ranged between 12.25-42-63, 2.52-7.66, and 3.98-14.92, respectively, whereas lab-based CIE L2 a2 b2 

digital color parameters ranged between 34.76-49.3, 2.82-5.01, and 11.57-16.87, respectively. OM ranged 

between 0.01-10.54% with a mean of 1.71%. Therefore, the highest coefficient variation (CV) was observed for 

OM, indicating a high range (131.41%) (Table 2). 

 

Table 2. Some descriptive statistics of all variables. 

Çizelge 2. Tüm değişkenlerin bazı tanıtıcı istatistik değerleri. 

Variables n Minimum Maximum Mean±Std  Std Deviation Sweekness Kurtosis CV (%) 

L1 100 12.25 42.63 34.72±0.55 5.51 -1.77 3.53 15.86 

a1 100 2.52 7.66 3.97±0.11 1.08 1.36 1.50 27.21 

b1 100 3.98 14.92 11.92±0.21 2.08 -1.47 2.27 17.49 

L2 100 34.76 49.31 45.30±0.36 3.56 -1.01 0.05 7.86 

a2 100 2.82 5.01 3.89±0.05 0.45 0.12 -0.45 11.51 

b2 100 11.57 16.84 14.27±0.13 1.33 -0.16 -0.91 9.32 

OM(%) 100 0.01 10.54 1.71±0.22 2.24 2.15 4.10 131.41 

CV; coeficiant variations, n; number of soil samples. 
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Figure 2. Digital color parameters and histogram graphics of OM obtained under field (L1 a1 b1) and laboratory (L2 a2 b2) 

conditions. 

Şekil 2. Arazi (L1 a1 b1) ve laboratuvar (L2 a2 b2)  koşullarında elde edilen Sayısal renk parametreleri ve OM’nin histogram 

grafikleri. 

 

The Pearson correlation coefficients (r) between field-based CIE L1 a1 b1 and lab-based CIE L2 a2 b2 digital color 

parameters and OM were calculated in Table 3. As expected, lab-based L2 was highly negative correlated with 

OM (r = -0.88). Field-based a1 was highly positively correlated with OM (r = 0.71), while field-based b1 was highly 

negatively correlated with OM (r = -0.62). Kirillova et al. (2015), Budak et al. (2018), and Gözükara et al. (2021a) 

reported that the OM was quite weakly correlation with L digital color parameter. Theoretically, the L digital color 

parameter value defines the brightness (white =100) or darkness (black = 0) of the color. Therefore, the higher 

the L value indicates the brighter the color, and the lower L value indicate the darker color. As a result of this 

theoretical knowledge, a fairly high correlation between L value and OM was expected. Vodyanitski and Kirillova 

(2016) pointed out that, theoretically, it is possible to determine the organic matter content with the L value which 

is an indicator of brightness and darkness, but in practice, the low amount of organic matter in the soil sample 

may cause the correlation to be weakened. In addition, Gözükara et al. (2021a) reported that the weak correlation 

between OM and L was affected by the low decomposition level of OM and the light-colored root fragments of 

its origin. The study area soils developed under the use of pasture which was close to the surface had dark soil 

color and a high decomposition level of OM. Therefore, as expected OM was highly correlate with lab-based L 

digital color parameters. 

 

Table 3. Pearson correlation coefficients between OM and digital color parameters of field-based (CIE L1, a1 ve b1) and lab-

based (CIE L2, a2 ve b2). 

Tablo 3. Arazi (L1, a1 ve b1) ve laboratuvar (L2, a2 ve b2) koşullarında elde edilen sayısal renk parametreleri ile organik madde 

arasındaki pearson korelasyon katsayıları. 

 Field-based Lab-based 

Soil Property L1 a1 b1 L2 a2 b2 

OM -0.64** 0.71** -0.62** -0.88** 0.51** -0.26** 

**P<0.01. 

 

Distributions of Digital Color Parameters and OM on Soil Profile Wall  

Distribution maps of field-based CIE L1 a1 b1 and lab-based CIE L2 a2 b2 digital color parameters and OM were 

presented in Fig. 3. In general, field-based and lab-based L1, L2, b1 and b2 digital color values considerably increase 

with increasing depth from the surface to the subsoil of the soil profile wall, while a1 and a2 digital color values 

firstly tend to decrease and then increase with the increasing of depth from the soil surface. Measurement of 

field-based digital color parameters are affected by many factors, mainly the OM, moisture content and structure 

of the soil depending on the texture. The distribution of field-based CIE L1 a1 b1 digital color parameters in soil 

profile wall were more heterogeneous than distribution of field-based CIE L2 a2 b2 digital color parameters. 

Therefore, these results supported researchers. On the contrary, lab-based CIE L1 a1 b1 digital color parameters in 

the soil profile wall showed a more homogeneous distribution representing different horizon layers horizontally.  

In the soil profile wall, OM was very highly and fairly constant in the upper 30 cm but decreased sharply with 

increasing depth. The fact that the soil profile wall was developed under the use of pasture caused the amount 
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of OM to be quite high, especially in the surface soils. Koç and İleri, (2016) reported that the amount of OM in 

Muttalıp pasture was approximately 16%. Our findings are consistent with the findings of the researchers. 

 

 

Figure 3. Geostatistical distribution of digital color parameters in soil profile wall obtained under field (L1 a1 b1) and 

laboratory (L2 a2 b2) conditions. 

Şekil 3. Toprak profil duvarında arazi (L1 a1 b1) ve laboratuvar (L2 a2 b2) koşullarında elde edilen sayısal renk parametrelerinin 

jeoistatistiksel dağılımı. 

 

 
Figure 4. Geostatistical distribution of OM in soil profile wall. 

Şekil 4. Toprak profil duvarında OM’nin jeoistatistiksel dağılımı. 
 

Prediction of OM Using Regression Trees Algorithms 

According to the maximum depths of the regression trees algorithms to predict of OM created, When used 

the field-based CIE L1 a1 b1 digital color parameters, the CHAD, Ex-CHAID, and CART algorithms had 1, 1, and 2 

parent node, respectively, when used the field-based CIE L2 a2 b2 digital color parameters, the CHAD, Ex-CHAID, 

and CART algorithms had 2, 1, and 4 parent node, respectively. Field-based a1 (5.17<a1≤5.17) and L1 (34.44<L1≤ 

34.44) were determined as strong indicators (cut points) using the CART algorithm for predicting OM, while lab-
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based L2 (39.96<L2≤39.96), a2 (3.51<a2≤3.51), and b2 (14.35<b2≤14.35) were determined as strong indicators (cut 

points) using CART algorithm for prediction OM (Figure 5). In the prediction with the CART algorithm of OM with 

the color characters obtained from the field-based, it predicted the OM amount as 1.10 when a1≤5.17 values 

were taken, and 5.81 when a1 values greater than 5.17. On field-based, OM was predicted as 2.14 for a1≤5.17 

and L1≤ 34.44, while 0.76 for a1≤5.17 and 34.44<L1. CART algorithm in estimating the amount of OM based on 

field-based, the highest amount of OM was predicted as 5.81 in case of 5.17<a1. The L2 was found to be the most 

important independent variable in the lab-based prediction of OM amount. If the L2 value was less than or equal 

to 39.96, the amount of OM was 7.27, and if it was greater than 39.96, the OM was predicted as 1.02. If the L2 

value was less than and equal to 44.34, the amount of OM was predicted as 2.57, and if it was greater than 44.34, 

the OM was predicted as 0.57. In the lab, OM was predicted to be 0.36 for 39.96<L2 and a2≤3.51 and 0.66 for 

39.96<L2 and 3.51<a2. In the laboratory, OM was predicted to be 0.51 for 39.96<L2, a2≤3.51 and b2≤14.35, and 

0.13 for 39.96<L2, a2≤3.51 and 14.35<b2. In lab-based CART algorithm prediction, the highest amount of OM was 

predicted as 7.27. 

The highest R2, PC, and the lowest RMSE, SDR, ME were used to determine for the best prediction algoritm. 

Using field-based CIE L1 a1 b1 digital color parameters for predication performance was obtained with R2 = 0.45 

and RMSE = 1.65 in the CHAID algorithm, R2 = 0.51 and RMSE = 1.54 in the Ex-CHAID algorithm, and R2 = 0.56 

and RMSE = 1.48  in the CART algorithm, whereas using lab-based CIE L2 a2 b2 digital color parameters for 

predication performance was obtained with R2 = 0.85 and RMSE = 0.85 in the CHAID algorithm, R2 = 0.85 and 

RMSE =0.86 in the Ex-CHAID algorithm, and R2 = 0.89 and RMSE = 0.72 in the CART algorithm (Table 4). According 

to the results of the research, lab-based digital color parameters had a more predictive performance for predicting 

OM than field-based digital color parameters. In addition, CART algorithm had more successful prediction 

performance for OM prediction with lab-based digital color parameters than other regression tree algorithm 

(Table 4). The regression trees of the CART algorithm created with field-based and lab-based digital color 

parameters showed in Figure 5. Many researchers have used linear and parabolic regression algorithms to predict 

the OM using digital color parameters (Günal et al., 2008; Moritsuka et al., 2014; Budak et al., 2018; Gözükara et 

al., 2021a). In addition, researchers were evaluated between only L digital color parameter and OM in linear 

regression algorithms. Therefore, with these algorithms, the researchers obtained very low prediction 

performance for OM (R2 = 0.40-0.65, R2 = 0.18, R2 = 0.02, R2 = 0.02, and R2 = 0.03, respectively). Furthermore, 

regression tree algorithms have high prediction performance than linear and parabolic regression algorithms, 

because the regression tree algorithm uses digital color parameters as tree algorithms. 

 

Table 4. Some model performance results of CHAID, Ex-CHAID and CART algorithms. 

Çizelge 4. CHAID, Ex-CHAID ve CART algoritmalarının bazı model performans sonuçları. 

Criteria of Model Performance 
Field-based Lab-based 

CHAID Ex-CHAID CART CHAID Ex-CHAID CART 

RMSE 1.645 1.544 1.475 0.852 0.862 0.723 

SDR 0.737 0.691 0.660 0.381 0.386 0.324 

PC 0.676 0.722 0.751 0.924 0.923 0.946 

ME 0.003 0.002 0.002 0.000 0.002 0.001 

Rsq 0.458 0.522 0.564 0.855 0.851 0.895 

ARsq 0.447 0.512 0.555 0.852 0.848 0.893 

AIC 103.519 90.884 81.673 28.112 25.719 60.787 

CAIC 103.642 91.007 81.797 27.988 25.595 60.663 

CHAID; The Chi-squared Automatic Interacion Detector, Ex-CHAID; The Exhausive Chi-squared Automatic Interacion Detector, CART; 

Classification and regression tree 
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Figure 5. Prediction of the amount of OM using the CART regression tree algorithm of digital color parameters obtained 

under field (a) and laboratory (b) conditions. 

Şekil 5. Arazi (a) ve laboratuvar (b) koşullarında elde edilen sayısal renk parametrelerinin CART regresyon ağacı algoritması 

kullanılarak OM miktarının tahmin edilmesi. 

 

CONCLUSION 

 

In this current study, OM was predicted by field-based CIE L1 a1 b1 and lab-based CIE L2 a2 b2 digital color 

parameters using different regression tree algorithms. CART regression tree algorithm can be successfully used 

to predict organic matter with field-based CIE L1 a1 b1 and lab-based CIE L2 a2 b2 digital color parameters 

compared to regression tree algorithms. In particular, lab-based CIE L2 a2 b2 digital color parameters have higher 

prediction performance (R2 = 0.89) using CART regression tree algorithm for predicting OM. Field-based, a1 (5.17< 

a1 <= 5.17) and L1 (34.44 < L1 <= 34.44) values are absolute indicators for predicting OM, lab-based, combining 

L2 (39.96 < L2 <= 39.96). ), a2 (3.51 < a2 <= 3.51) and b2 (14.35 < b2 <= 14.35) values greatly improved algorithm 

performance for predicting of OM. As a result of the research, CIE L2 a2 b2 digital color parameters obtained under 

laboratory conditions can be used to predict OM using the CART regression tree algorithm in a fast, economical, 

reliable, and highly accurate. These algorithms should be studied and tested at different parent materials and soil 

types to develop of prediction performance. 
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