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ARTICLEINFO ABSTRACT

Received: 08 Oct 2024 Soil microbial biomass carbon (SMBC) is an important factor that affects soil fertility
,biogeochemical cycling and also carbon elimination from atmosphere .Traditionally, the
determination of SMBC has been labor - intensive and complex, relying on methods such as the
chloroform fumigation-extraction technique, which are both time-consuming and error-prone.
The most recent breakthroughs in artificial intelligence have revealed a promising application of
the use of AI for the automation and enhancement of the precision of SMBC estimation,
especially by the application of deep learning models, such as ANN. Yet, the development of AI
applications in this field is relatively underdeveloped and less explored in terms of its practical
application and performance. This paper presents an innovative approach for SMBC values using
machine learning techniques for improved precision. We use a stacking method, which utilizes
advantages of a two machine learning models (lightgbm for numerical features and catboost for
categorical features) with a meta-learner , such as Random Forest. The results are promising, as
our method yields an R-squared value of 0.75 and an MSE of 0.23, thus making it a useful tool
for SMBC estimation. Such approach shows significant steps forward on the challenges faced by
other classical approaches; thus, they will represent more efficient, reliable alternatives in large
scale assessments for soil health along with environmental monitoring.
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INTRODUCTION:

Soil is vital in maintaining terrestrial ecosystems; it influences plant growth, regulates water cycles, and contributes
significantly to the global carbon cycle. Soil health and fertility are crucial for agricultural sustainability, influencing
crop yields and environmental resilience. Among the many indicators of soil health, SMBC has emerged as an
important parameter because it directly reflects the biological activity in soil as well as nutrient flow and general
maintenance of the soil structure [14]. The monitoring of SMBC provides an insight into the soil's capability to ensure
growth of plant and habitat functions, and therefore, it is one of the key metrics for precision agriculture and
environmental management.

SMBC is the measure of carbon in soil microorganisms, which is a labile fraction of soil organic matter. This biomass
is crucial for better nutrient cycling and also how well organic matter is decomposed, and stability of soil aggregates.
The abundance and diversity of microbial communities have a direct impact on crucial soil functions such as nutrient
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availability, carbon sequestration, and soil fertility, all of which are necessary for maintaining agricultural
productivity and environmental stability [15]. Studies have repeatedly shown that greater amounts of SMBC are
associated with better soil structure, greater nutrient availability, and higher soil carbon storage, leading to improved
crop yields and long-term soil health [16].

In addition, microbial biomass indicates the changes in the soil conditions and responds rapidly to changes in land
use, tillage, or fertilization. By this way SBMC can be a useful tool to assess how different farming techniques effect
soil health and to guide sustainable land management decisions [17]. Moreover, SMBC has an important role in
decreasing climate change by enhancing soil carbon sequestration. Since soils account for the largest carbon sink on
land, understanding microbial processes that regulate carbon storage can help reduce carbon emissions [18].

Healthy soil microbial communities are essential in a world where global challenges face agricultural systems, such
as food security and climate change. Therefore, accurate measurement and prediction of SMBC are very vital for
effective soil management and maximization of agricultural productivity. Traditional methods for measuring SMBC,
such as fumigation-extraction and fumigation-incubation, have been used long enough but are usually labour-
intensive, costly, and time-consuming, hence impossible to scale up or applicable for large-scale or even continuous
monitoring [19]. These limitations imply that there is a dire need for more efficient, scalable, and cost-effective
techniques for monitoring SMBC, which could offer real-time, large-scale assessments of soil.

Recent development in AT and ML has thus been promising in the automatization of SMBC estimation as a potential
solution to traditional methods' challenges. Because Al and ML showed promising results in other fileds like efficient
waste processing which can affect health of the soil[23]. Al-based methods have the potential to offer even more
accurate, efficient, and scalable measurements of the soil microbial biomass, thus leading to better monitoring and
management of soil health. Based on the evidence that mounts daily, the importance of SMBC in agriculture and
environmental sustainability has been acknowledged [14], and this calls for developing advanced AI models to predict
SMBC for the betterment of precision agriculture and soil management strategies.

LITERATURE REVIEW:

Historically , Researchers have proposed different methods to find the Soil Microbial Biomass Carbon
(SMBC). Traditional, these  methods could be broadly  classified into  two general types:  physiological
approaches - such as Chloroform Fumigation Incubation Method and Substrate-Induced Respiration Method, and
chemical techniques - encompassing Chloroform Fumigation Extraction Method and ATP Determinations [1].
Additionally, there are other methods also like Extraction method to find SMBC [2]. Moreover, It can be also
measured by Substrate-Induced Respiration method [3].However, Despite their widespread application,they suffer
from significant limtations However, machine learning techniques do offer more efficient and accurate solutions.

Recent advances in ML have released new approaches for predicting soil microbial biomass carbon (SMBC), which
is now feasible to explore complex, non-linear interactions among soil attributes and microbial biomass. For example,
Pellegrini et al. successfully demonstrate the utility of using ANNs in predicting SMBC in vineyard soils, with
improved accuracy as compared to conventional regression based methods. Their research revealed that SOM was
the most significant parameter for predicting SMB-C, outperforming linear regression models mainly for low and
mid-range values of SMB-C [8]. In a similar study, ML techniques such as Random Forest and AdaBoost were applied
to correlate soil microbial biomass with carbon sequestration in soil in agroecosystems. Indeed, it was clear that such
ensemble models outperformed classical methods in predicting SMBC and identified labile carbon and above-ground
biomass as the drivers of microbial biomass with various soil-health management practices. Opportunities for
optimizing agricultural management to improve soil health and associated microbial biomass existed as presented in
the paper [7]. The application of machine learning techniques combined with sensor fusion, including both UAV
imagery and terrestrial sensor information, improved the soil organic matter (SOM) prediction significantly. The
Random Forest model proved to be the most accurate model for this purpose (RMSE = 0.13 and R2 = 0.68). These
developments have shown that machine learning can solve the shortcomings of traditional approaches, improving
the accuracy and efficiency of predictions about soil microbial biomass and organic matter [9].

Further to these inventions, studies have been undertaken on the application of ML models to analyze the SMBC
global trends and their sensitivity to environmental factors. An example study used Random Forest models to analyze
the SMBC global trends between 1992—2013 and found a global SMBC decrease of 3.4% over this period, which was
largely controlled by temperature increases and in northern regions. This study used a dataset with SBMC and also
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integrated with environmental data layers, which identified a great need for an enhanced understanding of the
impacts of climate change on microbial biomass in soil ecosystems [4]. Another study focused on dryland agriculture,
where Artificial Neural Networks (ANNs) were used to predict soil quality indices based on different physical,
chemical, and fertility parameters. The ANN models provided an excellent accuracy in classifying soils into five
different quality levels, which may have significant implications for soil health management in arid areas with a highly
impressive R2 value of 0.97-0.98 [5]. Ensemble learning techniques have also been effective in determining the
interaction between SMB-C and soil carbon sequestration through various studies concerning the effect of land use,
seasonality, and depth of soil. These models, especially Random Forest and AdaBoost, performed better compared
to traditional approaches and hence better explained the optimization of soil health management practices associated
with sustainable agriculture [7]. Stacking ensemble models such as XGBoost, LightGBM, and CatBoost have enabled
downscaling of soil moisture data into finer spatial resolutions for highly accurate predictions of soil moisture, which
is crucial in the improvement of soil moisture management and irrigation methods [13].

Despite these developments, the application of ML to SMBC prediction is still quite nascent. Most of the studies focus
on a specific dataset like vineyard soils [8] or broader trends, such as global SMBC changes [4], while there has been
little research into SMBC prediction over diverse soil types and under different environmental conditions. In
addition, deep learning architectures, such as artificial neural networks (ANNSs), have been more visibly applied; on
the contrary, machine learning methodologies like Random Forest, XGBoost, and Support Vector Machines (SVMs),
along with ensemble approaches, have been relatively rarely used in this domain. This situation presents a clear gap
in research, because machine learning models are usually less resource-intensive and are capable of providing similar
or even better predictive performance if fine-tuned appropriately. This study addresses the gap with machine learning
methods, proposing a new method using stacking approach to predict SMBC.

MATERIALS REQUIRED:-
I. Dataset exploration

The Dataset we used for our model was provided by the Oak Ridge National Laboratory Distributed Active Archive
Center (ORNL DAAC)[24]. This dataset includes 3,422 datapoints from 315 research papers published between 1970s
and 2012[25].

Below figure shows at which places the data was collects and number of data points and also what was the biome type
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Figure A:- locations of the datapoints that were used for this study with geographical coordinates[25]
Features of the dataset

1.it gives the concentration of soil microbial biomass carbon (C),total nitrogen , soil organic carbon and total
phosphorus at biome and global scales
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2.this data was complied from soil samples some from at 0-15¢cm depth or from 0-30cm depth.

3.they also listed latitude, longitude for majority of data points and additionality they also provided extra soil
properties , climate data ,site characters such as pH value ,mean temperature which are useful for our model

4.Data was Collected all around the world which gives massive diversity and advantage from training our model

Table shows statistical description of numerical attributes in the data set

Missing
Column Name count | mean | std min | 25% | 50% | 75% | max Values
Latitude 2705 | 42.66 | 12.52 | 0.1 32.6 | 42.95 | 51.8 79 162
Longitude 2109 | 69.77 | 59.8 | 0.37 |11.6 | 37.62 | 119 177.9 | 164
Elevation 655 575.1 | 566.8 | 0 145 430 785 2400 | 2632
MAT 1056 |13.71 | 7.772 | O 7.3 12.7 19.1 30 2205
MAP 1274 | 901.4 | 720.4 | 0.1 400 | 750 1300 | 5100 | 2138
Soil_microbial_biomass_carbon 3183 | 62.37 | 128.4 | 0.04 | 14.5 | 27.17 | 57.25 | 1508 | 240
Soil_microbial_biomass_nitrogen 1440 | 9.388 | 15.09 | 0.03 | 1.95 | 4 9.703 | 126.4 | 1983
Soil_microbial_biomass_phosphorus | 707 2.178 | 3.738 | 0.02 | 0.36 | 0.65 | 2.372 | 48.45 | 2716
Soil_organic_carbon 2046 | 3883 | 7426 | 8.33 | 900 | 1442 | 3440 | 63917 | 477
Total_nitrogen 2162 | 244.9 | 320.2 | 4.93 | 78.6 | 128.6 | 271.4 | 3071 | 1261
Total_organic_phosphorus 535 24.43 | 29.32 | 0.41 | 10.5 | 18.06 | 20.16 | 271 2888
pH 2161 | 6.024 | 1.76 0.8 5 6 7 63.86 | 1246
Date 219 1999 | 8.237 | 1981 | 1993 | 1999 | 2005 | 2010 | 1039
Upper_depth 2061 | 1.586 | 4.197 | O o) o) 0 50 385
Lower_depth 2049 | 13.33 | 6.776 | O 10 10 15 60 473
Depth 12 1.083 | 2.353 | O o} o} 1 8 385

II.ML Models Used:-
2.1LightGBM

A leaf-wise technique was used in LightGBM also it uses some advanced techniques like Gradient-based One-Side
Sampling (GOSS) and Exclusive Feature Bundling (EFB) for handling high dimensional data efficiently [20]. It,
therefore, trains faster, makes more accurate predictions using lesser memory. GOSS mainly focuses on gradients
whereas EFB tries to reduce feature dimensionality by using sparse features [20]

Mathematically, objective function can be minimized by:

n

L©) = ) 1 f G 0)) + ()

i=1

Here, 1 as loss function , f(x;,0) as predictions , Q(f) as regularization term

Below flowchart It illustrates the workflow of LightGBM, showing histogram-based feature processing in histogram
Algorithm, leaf-wise learning, and iterative gradient boosting to optimize residuals in constructing an ensemble
model.
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Figure:-Workflow of LightGBM

2.2Catboost

CatBoost specializes in categorical data using ordered boosting with an approach to overfitting via symmetric
trees, hence robust performance on the high cardinality categorical feature sets[24]. Ordered
boosting ensures against data leakage by training over permutations of the dataset.[21]

Mathematically , The loss function of catboost can be written as

n

L) = ) 1y £ 0)) + Al61

i=1

Here, 1 is loss function and A||0]|2 Is regularization term which regulates overfitting

The figure illustrates CatBoost's iterative training process, in which features are synthesized, and misclassified
samples are assigned greater weights in subsequent iterations. The ultimate prediction constitutes a weighted
average of all iterations, thereby ensuring enhanced accuracy.
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Figure:-Workflow of CatBoost

2.3Stacking and ensemble method

Stacking is a ensemble method where it combines predictions from a variety of base models with a meta-model for
final predictions, making use of their complementary strengths[22]. This improves overall accuracy and robustness
by learning higher-level patterns[22]. The main use of stacking it exploits the strength of base models while removing
the individual weakness through meta-learning

Mathematically , Working of stacking can be shown as

¥ = g(hi(x), hy (%), ..., b (%))

Here hi(x) are predictions of base models, g is meta-model that is trained on these predictions

Now, Meta-model minimizes by
n

L®) = ) Uy g(h(x;0))

i=1

This ensures optimal integration of diverse models

The process of stacking ensemble learning can be repseresent by in a figure 1 . Here, At level-0, several base learners
(L1, L2, ., LT) are trained independently on the dataset to produce predictions. These generated predictions, in
conjunction with the actual classification outcomes, constitute new data for level-1, wherein a meta-learner
amalgamates them to arrive at the final prediction. This hierarchical structure improves model diversity and accuracy
by utilizing the advantages of each individual learner.
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Figure:-Stacking ensemble learning process

2.40ptuna Hyperparameter optimizer

Optuna Hyperparametertuning optimization technique Optimizes objective functions by using algorithms like Tree-
structured Parzen Estimators It accelerates the model's optimization with lesser iteration It ensures that it
makes exploration of hyperparameters very efficient, thereby boosting model accuracy and
reducing computation overhead TPE constructs probability distributions to focus on promising parameter ranges
for faster convergence [24].

Mathematically,

Optuna minimizes an objective :

6" = arg minf(9)
Where 6 is the parameter space and f(0) is validation loss
II1. Evaluation metrics
We have used two evulation metrics to determine the result of our model
A.R2

It measures the fit of our regression model to the information. It is an indicator of the proportion that could be
predicted in the dependent variable based on using independent variables. An R2 value of 1 tells that model would
exactly explains all variances in the predicting variables. On the other end, an R2 with a value of 0 would mean that
the variation could not be explained at any given point by the model constructed.

Mathematically,

Z?:l (yl - 5}1)2

Rz =121 7L
I 0 —9)?
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Here,

yi -actual value

¥ ;— predicted value got from model
y -mean of actual values

n is number of data points

B.MSE

An average of squared differences comprised actual and predicted values is known as MSE. It gives a sense of how
much a model's prediction differs from the true value. In other words,The lesser the MSE, the greater the fit of a
model.

Mathematically,
n
1 A N2
MSE =" (=90
i=1

Where,

yi actual value

¥ ;predicted values

n number of data points
Methodology: -
I. Data Collection

Loaded the dataset “Soil_Microbial_Biomass_C_N_P” using pandas

II. Data Preprocessed

We have preprocessed the given dataset so that it can be useful for our model. We have taken Preprocessing
techniques like cleaning the dataset (metadata rows were removed and resetting the index, Converting Specific
columns to numeric datatypes, handling missing values in target variable). We also defined features by looking their
relations with target variable. Numerical Features are Latitude, Longitude, Soil organic carbon, Total nitrogen, pH,
Mean Annual Temperature (MAT), Mean Annual Pressure (MAP) and categorical features are Biome, Vegetation
Then target variable was selected from the dataset is Soil Microbial Biomass Carbon. Moreover, log transformation
was applied on this target variable because its range is very large and that can affect model’s performance. In next
step features were stated as X and target y. Finally Numerical Features were even preprocessed like imputing missing
values, applying standard scaling and categorical Features were also preprocessed like handling values that are
missing and adding one-hot encoding as transformation.

ITII. Splitting Data
This preprocessed data was split into training 80% and testing 20% Sets
IV. Model Definition

We used Stacking Ensemble method where LightGBM (which is best for numerical data) and Catboost(which is best
for categorical data) as base model and random regressor is used as Meta Learner or final Estimator. By this way we
have leveraged only advantages of both model as we used both numerical and categorical features.

V. Model Training

Both Models were trained using training dataset by trying different set of hyperparameters of both models. This
process was conducted by using Optuna. After using choosing hyperparameters for both models which are optimal
for our training dataset.
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The models were later retrained using those optimal hyperparameters on entire training set to build final stacking
model where the meta learner decides the result from those base models

VI. Model Evaluation

After the model was trained, it was tested using test data. We used R2 and MSE as our Evaluation metrics and Graphs
are also used for Visual understanding

Data from ORNL
DAAC

Data Preprocessing

Cleaning whole dataset

Processing Numercial Features (—J‘—) Processing Categorical Features

|Imputing Missing Valuesl |1mputing Missing Valuesl
| Apply Standard Scaling I | Apply one hot encoding
L J
2

Handling Missing values and apply log transformation for target variable

v

Split data for training and testing

w Model Defintion(Stacking Ensemble)

Base Model

Light GBM (For numerical Features ) | |CatBeost (For Categorical Features ]|

v

Meta Learner like Random Forest Regressor

Model Training

Optuna Used for Hyper parameter optimization for both models

v

These best Hyperparameters used for both models in the stacking model for training

v

Model Evaluation

Figure :- Flowchart of the Methodology
RESULTS

We have evaluated model’s performance using two main metrics one is R2 and another is MSE.This model achieved
R2 value of 0.755 and MSE is 0.231.

To interpret the model performance even clearly, The following visualization can help to interpret model’s
performance even more. Figure A Shows a plot between Predicted values and actual values and in that red dotted line
shoes prefect prediction , Graph B shows Residuals V/s Predicted values and Finally Figure C Shows Correlation
Heatmap between Actual v/s Predicted
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Correlation Heatmap of Actual vs Predicted
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CONLUSION AND FUTURE WORK

Soil Microbial Biomass Carbon (SMBC), also known as crucial indicator of soil health and fertility evaluates the
biological activities and nutrient conditions of soil. It is tedious on all traditional methods of determining SMBC in
comparison to some other soil properties, for instance, pH, which is easy compared. AI advancements in the recent
past are tending to change it all. Very minimal studies have been done in applying AI techniques to predicting soil
properties, especially SMBC.

In this work, we proposed the new approach on SMBC using the stacked ensemble for prediction. The base learners
directly with the Random Forest final estimator component included LightGBM and CatBoost. The combinations of
both numerical (like pH, MAT, MAP) and categorical features (Biome, Vegetation) strongly associated with SMBC
were derived from data collected from ORNL DAAC. The results summarize model effectiveness, yielding better
predictability R2 0.75 and MSE 0.23.

This work is yet another on applying machine learning to soil science, whereby it becomes easy for both farmers and
researchers to estimate SMBC efficiently. As it improves the quality and reduces the costs of precise assessments of
soil health, it will further lead to more sustainable agricultural practices in soil management.

FUTURE WORKS:

Though Our Study shows promising results there is still ot of room to improve in this field which leaves much wider
scope for more studies and contributions by researchers so that various machine learning and ensemble models could
be evaluated and applied to potentially capture more accurate predicted results.

In contrast, datasets will play a vital role in how well prediction models perform. Future studies should add to and
develop larger and cleaner databases that complete the schemes in general detail, capturing features of higher
variability. They should also include other parameters in environmental, biological, and chemical realms to reflect
better the complexity of soil properties.

Thus, further development in this domain might extend the work potential of soil scientists, data scientists, and Al
scientists combined. This may well establish a platform for addressing issues concerning the enhancement of
efficiency and reliability of models in predicting soil microbial biomass carbon. In the long run, such developments
will be aimed at supporting sustainable agriculture and grounds well managing soil health.
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