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Abstract 
Soil pH is a critical indicator of soil health and fertility, influencing nutrient 
availability and crop productivity. Leveraging real-time sensor technology al-
lows for high-resolution data collection across diverse agricultural landscapes, 
yet effective modeling techniques are required to interpret these complex da-
tasets. This study evaluated applying generalized additive models (GAMs) to 
predict soil pH in Mississippi using data collected from an on-the-go soil sen-
sor. pH was the dependent variable, and apparent electrical conductivity shal-
low (ECas) and deep readings (ECad), x and y coordinates, ECa ratio, altitude, 
curvature, and slope were the independent variables used to develop GAMs 
capturing the nonlinear relationships between the predictors and soil pH. For 
the study site, a GAM derived from the x-coordinate and the x- and y-coordi-
nate interaction was best for estimating pH. It achieved an r-squared value of 
0.84 and a root mean squared error of 0.08 on the original testing dataset and 
an r-squared value of 0.87 and a root mean squared error of 0.07 on a boot-
strap simulated dataset created from the original testing set. The model effec-
tively exhibited the nonlinear dynamics of soil pH, providing insights into the 
relative contributions of individual predictors. This approach enhances pre-
diction accuracy and offers interpretability, allowing agronomists to identify 
critical factors affecting soil pH. The findings support the potential of GAMs 
as a valuable tool for precision agriculture, facilitating informed decision-
making for soil management and crop production. 
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1. Introduction 

Digital soil mapping (DSM) involves using computers and data to create detailed 
maps of soil properties across different landscapes [1] [2]. It integrates various 
data sources, including remote sensing, geographic information systems (GIS), 
and soil property measurements, to produce maps for land use planning and en-
vironmental management [1] [3]-[8]. Overall, digital soil mapping is a powerful 
tool for sustainable land management and agricultural productivity, leveraging 
technology to enhance our understanding of soil resources [7] [8]. 

Soil pH, a critical factor influencing soil health, plant growth, and nutrient 
availability, measures the acidity or alkalinity of the soil with a scale ranging from 
0 to 14 [9]-[12]. Values below 7 indicate acidity, while values above 7 indicate 
alkalinity. Most crops thrive in a slightly acidic to neutral pH range of 6 to 7.5, 
where essential nutrients like nitrogen, phosphorus, and potassium are readily 
available. Soil pH also affects microbial activity and the solubility of minerals. 
Acidic soils can lead to toxic levels of aluminum and manganese, inhibiting root 
development and overall plant growth [10]-[12]. Conversely, alkaline soils may 
limit the availability of essential micronutrients such as iron and zinc [10] [11]. 
Managing soil pH is necessary for sustainable agriculture. 

Traditional soil sampling methods are tedious and time-consuming and often 
involve extensive fieldwork, including sampling from various locations and 
depths that requires thorough planning to ensure representative sampling [1] [3] 
[6]. Over the years, the commercial industry has developed on-the-go soil sensors 
that collect data which can serve as a proxy to estimate soil chemical and physical 
properties, revolutionizing agricultural practices by providing real-time data on 
soil conditions. These advanced tools measure soil properties, such as moisture 
content, pH, and apparent electrical conductivity. This technology has enabled 
precise and timely decision-making, thus optimizing crop management, enhanc-
ing yield, leading to cost savings, and promoting sustainable farming practices. 

On-the-go soil sensor systems, like the Veris MSP3, incorporate multiple sen-
sors and stand out as advanced tools for precision agriculture, offering compre-
hensive capabilities in collecting soil data. While traversing fields, this innovative 
system employs advanced sensor technology to measure fundamental soil prop-
erties, including ECa, reflectance, and pH. Soil reflectance information has been 
used as a proxy to map organic matter and organic carbon concentrations in soil 
[13]. By capturing data in real-time, the MSP3 system enables farmers to create 
detailed soil maps illustrating spatial variability, essential for informed decision-
making. One of the standout features of the Veris MSP3 is its ability to operate in 
various field conditions, ensuring consistent data collection regardless of terrain. 
The system is equipped with GPS technology, allowing for precise georeferencing 
of soil data, enhancing the resulting maps’ accuracy. This on-the-go system rep-
resents a significant advancement in digital soil mapping, helping to bridge the 
gap between traditional agriculture and modern data-driven farming techniques.  

The MSP3 system samples pH at a lower frequency than its other sensors, re-
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sulting in fewer data points and less detailed pH mapping. This design choice for 
pH data collection reflects a deliberate engineering trade-off rather than a flaw. 
Currently, it is unclear whether the data from the other sensors could be used to 
estimate pH at locations lacking direct measurements. If such estimation proves 
feasible, a more detailed soil sampling map could be developed for calibration with 
field samples. This study speculates that machine learning may offer the necessary 
predictive capability by utilizing the additional data captured by the MSP3 system 
to estimate pH. Information is lacking in that concept in the Mississippi Delta, 
one of the country’s premier agricultural areas. 

Machine learning has emerged as a transformative tool in digital soil mapping 
because it can leverage complex concepts to identify patterns and relationships 
that traditional methods might overlook [1] [4]-[6] [14]. For example, random 
forests and support vector machines are standard machine-learning tools used to 
predict key soil properties like pH, organic matter, and nutrient levels [5] [9]. 
These methods utilize vast amounts of data to build robust predictive models, al-
lowing for the spatial interpolation of soil characteristics across large areas. Ad-
vanced tools such as artificial neural networks can capture nonlinear relation-
ships, making them particularly effective in diverse landscapes [5] [6]. Moreover, 
machine learning facilitates the integration of various data sources, enabling com-
prehensive assessments of soil variability. Machine learning algorithms have been 
commonly used to estimate pH [1] [9]. 

GAMs are a flexible machine-learning approach for modeling complex rela-
tionships between variables. They extend traditional linear models by allowing 
users to model the nonlinear effects of predictor variables through smooth func-
tions [15]-[17]. This adaptability increased its popularity as a tool for sciences 
such as ecology [17] and agriculture [16], where relationships are often not linear. 
The additive nature of GAMs enables the incorporation of various types of pre-
dictors, making it easier to interpret the contributions of each variable, which is 
often vital for soil science. Additionally, GAMs provide a robust framework for 
analyzing data with varying distributions, enhancing predictive accuracy while 
maintaining interpretability, essential for informed decision-making. More infor-
mation is needed on using GAMs to predict soil properties, specifically in Missis-
sippi, USA. It is hypothesized that GAMs effectively capture the nonlinear rela-
tionships between soil sensor measurements and soil pH, leading to accurate pre-
dictions that can enhance understanding of soil health and inform precision agri-
culture practices. This study aims to investigate the effectiveness of GAMs in cap-
turing the nonlinear relationship between pH and soil parameters measured by 
on-the-go sensors. The expectation is that GAMs will provide enhanced predictive 
performance and greater interpretability, particularly in complex agricultural en-
vironments where soil properties exhibit intricate interactions.  

2. Materials and Methods 

The study was conducted at the United States Department of Agriculture, Agri-
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cultural Research Service Farm in Stoneville, Mississippi, USA. The data were col-
lected May 5, 2015 (Figure 1). The study area was approximately 3.7 ha and con-
sisted of the following soil types [18]: Commerce silty clay loam (Ch, 0% to 2% 
slopes); Newellton silty clay (Ng, 0% to 2% slopes, occasionally flooded); Sharkey 
clay (Sb, 0.5% to 2% slopes); and Tunica clay (Ta, 0% to 2% slopes). 
 

 
Figure 1. (a) General location of the study site. (b) Study plot and location of sampling 
points and the different soil types. Commerce silty clay loam (Ch, 0% to 2% slopes); New-
ellton silty clay (Ng, 0% to 2% slopes, occasionally flooded); Sharkey clay (Sb, 0.5% to 2% 
slopes); Tunica clay (Ta, 0% to 2% slopes). 
 

The Veris MSP3 on-the-go soil mapping system was employed to collect soil 
data; it acquired apparent electrical conductivity, near-infrared and red soil re-
flectance readings, latitude, longitude, pH, slope, and altitude as a tractor pulled 
the system across the field. The tractor was driven along 17 predetermined tran-
sects at approximately 11 km/hr (Figure 1). ECas and ECad readings were collected 
from 0 - 30 cm and 0 - 90 cm respectively [19] [20]. Soil reflectance readings were 
collected using optic mapper, which measures reflectance from 2.5 to 5 cm below 
the soil surface while being pulled through the field. The pH system employs a 
sampling shoe that collects soil approximately 8 cm beneath the surface. This sam-
ple is then brought into contact with pH electrodes for measurement. After the 
pH is recorded, the system automatically rinses the electrodes, and the sampling 
shoe is repositioned back into the soil to collect the next sample. Notably, all these 
actions occur while the vehicle is in motion. 

The near-infrared and red soil reflectance values recorded by the on-the-go sys-
tem were not recorded in a format available for quantitative analysis. The user 
must upload the data to the Field Fusion web data site to obtain the reflectance 
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values. Veris customer support will convert the near-infrared and red digital 
count data into a readable format. The customer support staff will also clean the 
raw data (removing outliers and noise) and provide additional information such 
as the ECa ratio, slope, and curvature.  

After the initial data evaluation, Veris Technologies concluded that the near-
infrared and red measurements were questionable for further analysis. Therefore, 
for this study, pH estimates were based on the following parameters: x-coordinate, 
y-coordinate, ECas, ECad, altitude, ECa ratio, curvature, and slope. 2267 samples 
were acquired for x-coordinate, y-coordinate, ECas, ECad, altitude, ECa ratio, cur-
vature, and slope, and 202 samples were obtained for the pH. The pH measure-
ments and the other measurement locations are not exactly aligned; therefore, the 
QGIS software was used to assign the pH information to the closet point in space 
for the other measurements. After further evaluation, 166 samples were available 
for further analysis (Figure 1) to evaluate the relationships between the pH and 
other soil measurements.  

The data were analyzed using R studio (version 2024.12.1 Build 563, 2009-2025) 
and the R software (version 4.4.3; “Trophy Case”; [21]). RStudio is an integrated 
development environment (IDE) specifically designed for working with the R pro-
gramming language. Its user-friendly interface simplifies coding, especially for 
tasks like statistical analysis, data visualization, and machine learning. Data anal-
yses were broken down into the following steps: Separating data into training and 
testing sets, creating simulation data from the testing set, training the model using 
the original training set, testing the model on the simulated testing and original 
testing datasets. The training dataset consisted of 114 samples; the original testing 
and simulated testing consisted of 52 samples. The simulated testing set was de-
rived using bootstrapping with replacement [22]. Base r was used to create the 
bootstrap simulation dataset consisting of 52 samples.  

The generalized additive model algorithm located in the mcgv package [17] 
[23]-[26] was employed to establish the relationships between the dependent and 
independent variables based on the restricted maximum likelihood (REML) cri-
teria as the basis for the smoothing parameter. The formula was specified to in-
clude both linear and smooth terms to capture non-linear relationships. The gen-
eral form of the generalized additive model is described as follows: 

g(Y) = b + f1(x1) + f2(x2) + ··· + fn(xn)                 (1) 

where Y is the expected response value, b is the model intercept, and f1, f2, fn are 
the smooth functions of the predictors x1, x2, xn [17]. It does not make any as-
sumptions about a linear agreement between independent and dependent varia-
bles. For this study, the independent variables were the x and y coordinates, ECas, 
ECad, the ratio of ECas and ECad, altitude, and slope. Model diagnostics were per-
formed using the summary function to evaluate the significance of predictors, 
along with the plot function to visualize smooth terms. Residuals were checked 
for homoscedasticity and normality. R-squared (R2, coefficient of determination) 
[22] and the root mean squared error [22] were used to evaluate the accuracy of 
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the final model on testing datasets.  

3. Results and Discussion 

The initial GAM model (Table 1) was constructed to examine the relationship 
between pH levels and various predictors captured by the on-the-go system, in-
cluding spatial coordinates (x_utm, y_utm), altitude, curvature, slope, and soil 
conductivity measures (ecsh, ecdp, ecratio). The model highlighted significant non-
linear effects of xcoordinate (P < 0.001) and slope (P < 0.05) on pH, suggesting spatial 
variability in the east-west direction and a moderate influence of slope. However, 
the other measurements showed minimal contributions (P > 0.05). The overall 
model explained 40.7% of the deviance (adjusted R2 = 0.37), indicating a reason-
able fit but leaving considerable room for improvement. These results suggested 
a need for refinement, particularly to address insignificant predictors and enhance 
the model’s explanatory power.  

 
Table 1. Summary information for the starting point generalized additive model. 

Family: gaussian  

Link function: identity  

Formula: pHavg ~ s(xcoordinate) + s(ycoordinate) + s(altitude) + s(ecsh) + s(ecdp) + s(ecratio) + s(slope) + s(curvature) 

Parametric coefficients: Estimate Std. Error t value Pr (>t) 

Intercept 6.54 0.02 404.8 <0.001*** 

Approximate significance of smooth terms: 

 edf Ref. df F P-value 

s(xcoordinate) 4.53 9 5.65196 <0.001*** 

s(ycoordinate) 0.64 9 0.19583 0.10 

s(altitude) 0.000001 9 0 0.66 

s(ecsh) 0.000001 9 0 0.83 

s(ecdp) 0.000001 9 0 0.60 

s(ecratio) 0.000001 9 0 0.63 

s(slope) 0.79 9 0.42662 0.03* 

s(curvature) 0.000003 9 0 0.40 

R2(adj) = 0.37 

Deviance explained = 40.7% 

REML = −27.21 

n = 114 

n = number of samples, DE = deviance explained, edf = effective degrees of freedom, and Ref. df = reference degrees of freedom, 
Std. = standard. Statistical significance: ***P < 0.001, **P < 0.01, *P < 0.05.  
 

The refined GAM model (Table 2) provided strong explanatory power, with 
86.3% of the deviance explained and an adjusted R2 of 0.81. The response variable 
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(pH) was modeled using a single smoother for the x-coordinate and a tensor in-
teraction between x- and y-coordinates [te(x_utm, y_utm)]. The smoother for the 
x-coordinate was statistically significant (P < 0.001), highlighting substantial var-
iability in the east-west direction. The tensor interaction term was also statistically 
significant (P < 0.001), capturing meaningful spatial dependencies between x- and 
y-coordinates. These results indicated that pH levels were influenced primarily by 
spatial patterns, with strong contributions from both the east-west direction and 
the combined interaction of location. Jiang et al. (2018) observed from GAMs out-
put that zinc concentrations in soils were influenced by their location on the land-
scape which agreed with the current study. The model highlights the importance 
of considering spatial correlations for accurate pH prediction while maintaining 
a meaningful structure by focusing on the most variables.  

 
Table 2. Summary information for the final generalized additive model. 

Family: gaussian 

Link function: identity 

Formula: pHavg ~ s(xcoordinate, k = 50) + te(xcoordinate, ycoordinate) 

Parametric coefficients: Estimate Std. Error t value Pr (>t) 

Intercept 6.54 0.009 738.33 <0.001*** 

Approximate significance of smooth terms: 

 edf Ref. df F p-value 

s(xcoordinate) 27.73 49 5.38 <0.001*** 

te(xcoordinate, ycoordinate) 3.17 23 1.46 <0.001*** 

R-sq.(adj) = 0.81 

Deviance explained = 86.3% 

REML = −42.989 

n = 114 

n = number of samples, DE = deviance explained, edf = effective degrees of freedom, and Ref. df = reference degrees of freedom, 
Std. = standard. Statistical significance: ***P < 0.001, **P < 0.01, *P < 0.05.  
 

The estimated degrees of freedom (edf) value illustrated a highly complex rela-
tionship (Table 2); an edf greater than 1 [17] [27] [28] indicated the relationship 
between pH and the east-west direction was nonlinear, validating the appropri-
ateness of using GAMs in this study. Looking at the map in Figure 1 showing the 
soil mapping units, one could get a general idea of why the pH values were chang-
ing across the field. 

The k value in GAMs defines the basis dimension, specifying the number of 
basis functions used to model smooth terms and control the flexibility of non-
linear relationships [17] [26]. For the final model (Table 2), a value of 50 was used 
for the x-coordinate. For a study estimating organic matter, [28] observed that k 
values between 50 and 60 worked well.  
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Performance metrics further supported the model’s effectiveness, with R2 = 0.84 
and root mean squared error (RMSE) = 0.08 for the original testing dataset, indi-
cating that a substantial proportion of variance in soil pH was explained. Similar 
values were observed for the test dataset created using the bootstrap technique: 
R2 = 0.87 and RMSE = 0.07. Generally, one could conclude the model was robust 
in that it achieved values comparable for two different testing datasets. Keep in 
mind that this data was collected from a case study and model was tested on an 
original test set and a simulated dataset created from bootstrapping the original 
test dataset. Therefore, more research needs to be done in other fields. However, 
the analysis provided valuable insights into the contributions of individual pre-
dictors and allowed for a clearer understanding of how these variables interact 
and affect pH levels in real time. Overall, the findings emphasized the utility of 
GAMs in precision agriculture, enabling agronomists to make data-driven deci-
sions regarding soil management and crop production. The interpretability of 
GAMs is a significant advantage, as it allows agronomists to discern the relative 
contributions of individual predictors to soil pH. 

4. Conclusions  

This case study demonstrated the potential of Generalized Additive Models 
(GAMs) in modeling soil pH, a critical factor influencing agricultural production. 
By capturing non-linear relationships, GAMs provide a flexible approach to un-
derstanding how environmental variables measured by an on-the-go soil measur-
ing system affect pH levels. For this study, location played a major role in changes 
of pH values.  

As noted earlier, pH sampling was conducted at a lower resolution compared 
to the coordinate data by the on-the-go system. The derived model performed 
strongly on two testing datasets, demonstrating its capability to estimate pH at 
unsampled locations and supporting its use in creating a more detailed pH map. 
In real world situations, it is important to note that each field functions as an in-
dependent system, meaning factors influencing pH may vary significantly be-
tween fields. Future research should explore the integration of additional variables 
and the applicability of this approach to larger fields in Mississippi to advance 
precision agriculture.  
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