Machine Learning-Based Vermicompost Maturity
Prediction Using Environmental Sensor Data
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Abstract—Vermicomposting is an environmentally friendly
method that transforms organic waste into compost with high
nutrient content through natural biological processes. The ma-
turity stage of vermicompost needs to be monitored because
it affects both compost quality and safe agricultural use of
the material. The traditional methods for compost maturity
assessment require excessive time and require people to measure
environmental conditions by direct inspection. The research
presents a machine learning solution that predicts vermicompost
maturity based on essential sensor data, including temperature,
moisture level, pH, and electrical conductivity (EC). The existing
vermicompost dataset was expanded using a Gaussian noise
augmentation method, which added 5% noise to create more
authentic sensor data variability for testing model performance.
The researchers established three compost maturity stages us-
ing a rule-based labelling system that categorised compost as
Immature, Maturing, or Mature. The dataset was used to train
and evaluate three classification models, namely Random Forest,
Support Vector Machine (SVM), and XGBoost. The experimental
results demonstrate that the XGBoost model achieved the highest
accuracy of 95.78%, surpassing Random Forest (93.68%) and
SVM (75.78%). The analysis of feature importance and SHAP
values indicates that temperature and electrical conductivity are
the main factors determining compost maturity predictions. The
proposed approach creates an automated system for monitoring
vermicomposting processes, thereby helping maintain sustainable
waste management practices.

Index Terms—Vermicompost, Machine Learning, Compost
Maturity Classification, Environmental Parameters, Sustainable
Agriculture.

I. INTRODUCTION

Organic waste management is an essential challenge arising
from increasing urbanization and agricultural activities. Vermi-
composting is an eco-friendly method of waste management
that uses earthworms to convert waste into compost. Compost
maturity is an essential factor, as immature compost can
adversely affect plant growth.

Traditionally, compost maturity is assessed by manual anal-
ysis of parameters such as temperature, moisture, pH, and
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electrical conductivity. Manual analysis is time-consuming and
requires expert knowledge for interpreting the results.

Recent advances in machine learning have enabled auto-
mated analysis of environmental parameters, which is useful
for decision-making in agriculture. Machine learning tech-
niques can identify patterns in compost parameters and ac-
curately classify compost maturity stages.

This study proposes a framework for identifying the matu-
rity stage of vermicompost using machine learning techniques
and environmental parameters. We have trained three different
machine learning techniques namely Support Vector Machine
(SVM), Extreme Gradient Boosting (XGBoost) and Random
Forest (RF) are evaluated for the effective prediction of
compost maturity. The performance of the machine learning
algorithm is assessed using 80:20 hold-out partition and 5-
fold cross-validation techniques. The XGBoost model shows
superior performance than the other two models.

The paper is organized as Section II details about the
related works in the literature. The discussion of the dataset
and its related information along with the methods used for
evaluation is presented in Section III. Section IV discuss about
the experimental results of the machine learning model in
classification of vermicompost maturity level. The concluding
remarks with further extension to future scope of research is
given in section V.

II. RELATED WORK

Recent studies in the literature have sought to identify better
ways to measure compost quality and to make vermicompost-
ing work smarter, mostly by using sensors, IoT systems, and
data analysis. The authors in [1] examined factors such as
temperature, pH, electrical conductivity, and nutrient levels.
They used PCA and correlation analysis to pick out which
factors matter most. But honestly, they only had a small dataset
and checked things once a week, so you can’t really use their
approach for real-time monitoring.



The authors in this study [2] built an automated system with
DHT?22 sensors to track temperature and humidity. Sounds
cool, but they skipped over important factors like pH and COo,
and despite the title, they didnot actually use any real Al for
decision-making.

The study in [3] used IoT sensors with machine learning
models to monitor conditions and boost compost output.
But they didn’t share much about how they trained or built
those models, and the whole system needs a constant internet
connection.

The authors in [4] developed a fuzzy logic approach that
used sensors and platforms such as ESP32 and ThingSpeak
to control the conditions for Vermicompost decomposition.
However, the system followed preset rules and didn’t actually
learn or adapt from past data. It should be noted that while
using IoT and smart systems for composting is advantageous,
these studies face similar challenges, such as limited datasets,
missing key parameters, and a lack of truly adaptive, learning-
based models.

TABLE I
COMPARISON OF EXISTING STUDIES IN THE LITERATURE

with predictive AI tech-
niques.

model training and depen-
dency on continuous inter-
net connectivity.

Study Method Used Limitations Improvement in Pro-
posed Work
Study [1] (2020) Compost quality evalua- | Small dataset and weekly | Expanded dataset using
tion using PCA and cor- | observations; not suitable | data augmentation and
relation analysis based on | for real-time or scalable | synthetic generation to
environmental parameters. | analysis. improve dataset size and
diversity.
Study [2] (2022) TIoT based vermicom- | Monitored limited param- | Multiple  environmental
posting monitoring using | eters and did not apply | parameters were used,
DHT22 sensors. machine learning for intel- | and machine learning
ligent prediction. models  were  applied
for automated maturity
classification.
Study [3] (2023) ToT monitoring combined | Limited information about | Implemented complete

ML workflow
including  preprocessing,
normalisation,  training,
and cross-validation.

Study [4] (2024)

Sensor-based monitoring
with fuzzy logic control
using ESP32 and ThingS-

Rule-based control with-
out adaptive learning ca-
pability.

Used supervised machine
learning models (Random
Forest, XGBoost, SVM)

peak. that learn patterns from
data for accurate maturity
prediction.

Comparative analysis of existing studies indicates that most
research emphasizes IoT-based monitoring systems or rule-
based energy management. Combining these studies with
inadequate datasets and environmental variability to predict
adaptive machine learning models for accurate maturity pre-
diction is inadequate. To address these challenges, the present
work develops a machine learning-based system for classifying
vermicompost maturity. This system integrates data augmenta-
tion, rule-based classification, and supervised learning models
to predict the maturity stage.

III. METHODOLOGY

The research presents a methodology for developing an
intelligent system that uses machine learning to predict ver-
micompost maturity from environmental sensor data. The
workflow starts with preparing the dataset, then expands
the data through rule-based labelling and feature processing,
before training the model and testing its performance. The
study used a dataset that includes essential environmental
factors that determine the composting process: temperature,

moisture content, pH, and electrical conductivity (EC). These
parameters define the biological and chemical conditions that
control microbial behaviour during vermicomposting [12].
A data expansion strategy was implemented because real-
world environmental datasets contain limited data and their
actual measurements suffer from sensor noise distortion, which
affects the machine learning models’ ability to generalize
results [9], [10].

To create realistic changes in sensor readings, the re-
searchers used a noise-based data augmentation method that
expanded their existing dataset. The researchers applied Gaus-
sian noise to a specific part of the dataset via random selection
[13]. Let x; denote the original feature value and e denote
Gaussian noise sampled from a normal distribution N (0, 02).
The augmented feature value z is calculated as

T =x;+e€ (1)

where € ~ N(0,0%). The study utilized a 5% random
sample of the data, to which Gaussian noise with minimal
variation was added in order to preserve the original data
distribution. The augmented data points were incorporated into
the initial dataset, resulting in an expanded database that more
accurately reflects real-world sensor measurement variability.
This augmentation process enhances model stability and re-
duces the risk of generating artificial patterns that are not
present in the actual data cite b9.

This research study implemented a rule-based labelling
system to identify vermicompost maturity stages following
the expansion of the initial dataset. Compost maturity is
determined by the attainment of stable environmental condi-
tions, which indicate that microbial decomposition has reached
completion [12], [14]. The labelling process categorizes com-
post samples into three distinct maturity levels: Immature,
Maturing, and Mature. These stages are defined by thresh-
old values established in standard composting guidelines for
temperature, moisture, pH, and electrical conductivity [14]. A
sample is classified as mature compost when all environmental
parameters remain within their respective stability thresholds.

TABLE 11
RULE-BASED LABELLING CRITERIA FOR VERMICOMPOST MATURITY
STAGES
Stage Temperature (°C) | Moisture (%) pH EC (ms/cm)
Immature > 35 or < 20 >700r <30 | <6.00r > 85 > 8
Maturing 20 - 35 30 - 70 6.0 — 8.5 4-8
Mature 25 -30 40 - 60 6.5 -8.0 < 4

If the parameters vary slightly from these ideal ranges but
remain within acceptable limits for ongoing decomposition,
the compost is labelled as maturing If not, the compost is
considered immature, indicating the decomposition process
remains unstable This labelling method converts continuous
environmental data into distinct class labels that are well-suited
for supervised learning models [10].

After labelling, we prepared the dataset for machine learning
by selecting relevant features and performing preprocessing
The input feature vector consists of Temperature, Moisture,



pH, and EC, and the corresponding target variable represents
the compost maturity stage However, because the features have
different units of measurement, it is important to normalize
them to balance the model’s learning The standardization of
features was achieved by implementing the z-score normaliza-
tion method, which standardizes a feature by subtracting its
mean and dividing by its standard deviation The standardized
feature is calculated as follows:

2)

When the parameters deviate slightly from the ideal ranges
but remain within acceptable limits for ongoing decomposi-
tion, the compost is labelled as maturing. If the parameters
fall outside these limits, the compost is considered immature,
indicating that the decomposition process is unstable. This
labelling approach transforms continuous environmental data
into discrete class labels suitable for supervised learning
models [10].

After labelling, the dataset was prepared for machine learn-
ing by selecting relevant features by performing preprocessing.
The input feature vector comprises temperature, moisture,
pH, and electrical conductivity (EC), while the target vari-
able represents the compost maturity stage. Because these
features have different units of measurement, normalization
is necessary to ensure balanced model learning. Standardiza-
tion was performed using the Z-score normalization method,
which standardizes each feature by subtracting its mean and
dividing by its standard deviation. The standardized feature is
calculated as follows:

y = mode(hq(x), ha(z), ..., hn(z)) 3)

where h;(x) represents the prediction from the i*" decision
tree. The ensemble mechanism reduces variance and improves
prediction stability.

[7]Support Vector Machine (SVM) is a supervised learning
algorithm that determines an optimal hyperplane that separates
classes with the maximum margin. Given training data (z;, y;),
the SVM classifier aims to determine the hyperplane defined
by

w-x+b=0 (@)

where w represents the weight vector and b represents
the bias term. The optimization objective is to maximize the
margin between classes while minimizing classification error.
[6]1XGBoost is a gradient boosting framework that se-
quentially constructs decision trees, where each tree attempts
to correct the errors o the previous ones. The prediction at
iteration ¢ can be expressed as

t
i =" ful) 5)
k=1

where fj, represents an individual decision tree in the
ensemble. The objective function minimized during training

includes both a loss function and a regularization term and is
expressed as

n K
L=> Uy d:)+ Y QS (6)
=1 k=1

where [ denotes the training loss function and ) represents
the regularization term that controls the model complexity.
The trained models were evaluated using several performance
metrics to assess their classification effectiveness. Accuracy
measures the proportion of correctly classified samples and is
defined as

4 B TP+ TN -
CUraY =T p TN + FP + FN

where TP represents true positives, 7N represents true
negatives, F'P represents false positives, and F'N represents
false negatives [10]. Precision, recall, and F1-score were also
used to provide a more detailed evaluation of classification
performance. Precision is calculated as

TP
Precision = —————
recision TP+ FP (8)
while recall is defined as
TP
frecall = 75 TN ®

The F1-score represents the harmonic mean of precision and
recall and is expressed as

Fl—9x Precision x Recall

Precision + Recall (10)

To ensure robust model performance and prevent data parti-
tioning bias, a stratified 5-fold cross-validation was conducted
[11]. The dataset was divided into five folds, and the classifier
was trained and validated across them. Model performance
was assessed by using each fold as a validation set, with the
remaining folds serving as the training set. The final perfor-
mance metric was calculated by averaging the results across all
folds [8]. Additionally, the area under the receiver operating
characteristic (ROC) curve (AUC) was used to evaluate the
model’s ability to distinguish among compost maturity classes.
The overarching objective of this methodology is to develop an
accurate and reliable machine learning system for predicting
vermicompost maturity.

The proposed system architecture is shown in Figure 1
that utilizes sensor data to collect environmental variables,
including temperature, moisture, pH, and electrical conduc-
tivity (EC), to predict vermicompost conditions. A rule-based
labelling technique assigns class labels according to predefined
criteria. The labelled data is divided into training and test
sets. Machine learning algorithms, such as Random Forests,
Support Vector Machines (SVMs), and XGBoost, are used to
build predictive models. Model performance is evaluated using
relevant metrics, and the trained model generates predictions
of vermicompost conditions.
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Fig. 1. Architecture of the Proposed Machine Learning framework for
predicting Vermicompost Conditions.

IV. RESULTS AND DISCUSSION

The proposed vermicompost maturity prediction system was
assessed using several machine learning algorithms, including
Random Forest, SVM, and XGBoost. Environmental parame-
ters such as temperature, moisture content, pH, and electrical
conductivity, which are critical for microbial activity, were
utilized as input features. The evaluation employed training
and test sets with an 80:20 split to assess the system’s
generalization performance [15]. Multiple metrics, including
accuracy, precision, recall, F1-score, and area under the ROC
curve, were used to provide a comprehensive assessment for
multi-class prediction tasks. As presented in Table III, the
XGBoost model achieved the highest test accuracy (95.78%)
and cross-validation accuracy (94.29%), demonstrating supe-
rior generalization compared to Random Forest and SVM.

helps the classifier learn the complex relationships between
environmental parameters and compost maturity stages [16].
The second-best accuracy was achieved with the Random
Forest classifier, which uses an ensemble approach that ag-
gregates multiple decision trees to produce final predictions.
The SVM classifier showed lower accuracy, which could be
attributed to the non-linear distribution of the data and the class
imbalance problem [17]. Table IV represents the classification
performance of Random Forest, SVM, and XGBoost models
for predicting vermicompost maturity stages.

captionClassification Performance of Machine Learning Models

Model Class bfPrecision | Recall | F1-score
Random Forest | Immature 0.95 0.83 0.88
Mature 1.00 0.67 0.80
Maturing 0.93 0.99 0.96
SVM Immature 0.60 0.39 0.47
Mature 0.00 0.00 0.0
Maturing 0.79 0.91 0.85
XGBoost Immature 0.95 0.87 0.91
Mature 1.00 1.00 1.00
Maturing 0.96 0.99 0.97

To further evaluate model robustness and reduce bias from
dataset partitioning, stratified 5-fold cross-validation was con-
ducted [18]. Cross-validation results showed that the XG-
Boost model outperformed the others. Specifically, XGBoost
achieved an average accuracy of 94.29%, precision of 94.68%,
recall of 91.61%, and F1-score of 92.87%. It also achieved the
highest AUC score of 0.9768, indicating strong capability to
distinguish among compost maturity levels [15]. The Random
Forest model also performed well, with an average accuracy
of 91.55% and an AUC score of 0.9724. In contrast, the SVM
classifier achieved an average accuracy of 70.25%, with low
precision and F1 Scores, indicating limited effectiveness on
this dataset. These findings suggest that tree-based ensemble
models are more suitable for predicting vermicompost matu-
rity using environmental sensor data [16]. Figure 2 presents
a confusion matrix comparison of the Random Forest, SVM,
and XGBoost models, illustrating class-wise prediction per-
formance for the Immature, Maturing, and Mature stages. As
shown in Table IV, cross-validation metrics further confirm
that XGBoost delivers the most balanced performance across

TABLE III
COMPARISON OF TRAINING, TESTING, AND CROSS-VALIDATION precision, recall, Fl-score, and AUC.
ACCURACY
Model Train Accuracy | Test Accuracy | Stratified CV Accuracy TABLE IV
Random Forest 1.000 0.9368 09177 CROSS-VALIDATION PERFORMANCE METRICS
SVM 08127 0.7579 0.7025
XGBoost 1.000 0.9579 09429 Model Precision | Recall | F1 Score | AUC
Random Forest 0.9499 0.8120 0.8593 0.9725
The experimental results indicate that ensemble-based mod- SVM 0.3059 0.3494 0.3111 0.8446
els achieve higher prediction accuracy than the SVM classi- XGBoost 0.9468 0.9161 0.9287 0.9769

fier. Among the models, the XGBoost classifier achieved the
highest test accuracy, 95.78%. The second-best accuracy was
achieved by the Random Forest classifier, with 93.68%. The
SVM classifier achieved an accuracy of 75.78%. The higher
accuracy of the XGBoost classifier is due to the gradient
boosting algorithm, which uses decision trees to learn from
the errors of previous trees. The iterative learning approach

Confusion matrices were employed to further examine the
classification performance of the models. Both the Random
Forest and XGBoost algorithms accurately classified the ma-
jority of samples in the Maturing class, which represents the
largest proportion of the dataset. These models also effectively
differentiated between Immature and Mature compost samples.
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Fig. 2. Confusion matrix comparison of Random Forest, SVM, and XGBoost
models

However, some misclassifications were observed, particularly
between the Immature and Maturing classes, likely due to
similar environmental conditions during composting. The XG-
Boost model achieved perfect classification of the Mature
class samples in the test dataset. Feature importance scores
were derived from Random Forest, XGBoost, and permutation
importance analysis for the SVM model. As indicated in Table
V, temperature emerged as the most influential predictor of
vermicompost maturity across all models, followed by electri-
cal conductivity. Moisture and pH contributed moderately to
the predictive process [19].

TABLE V
FEATURE IMPORTANCE ANALYSIS FOR VERMICOMPOST MATURITY
PREDICTION
Feature Random Forest | XGBoost | SVM (Permutation)
Temperature 0.41 0.38 0.29
EC (ms/cm) 0.32 0.34 0.21
Moisture (%) 0.18 0.17 0.15
pH 0.09 0.11 0.12

In addition to evaluating the proposed models, a feature
importance analysis was performed to determine the key envi-
ronmental factors for predicting compost maturity. The feature
importance results from Random Forest and XGBoost indicate
that temperature is the most influential variable in the classi-
fication process. This finding is consistent with established
principles of biological composting, where temperature serves
as an indicator of microbial activity. Electrical conductivity
emerged as the second most significant factor, further high-
lighting its role in the composting process. Moisture content
and pH were also relevant to the prediction process, though
their influence was less pronounced. Moisture is essential
for sustaining microbial activity, while pH affects microbial
growth during composting. Figure 3 presents a comparative
analysis of feature importance for compost maturity predic-
tion using Random Forest, XGBoost, and SVM permutation
importance methods.

The consistency of feature importance rankings across
models indicates the reliability of the selected environmental
parameters for predicting vermicompost maturity. Experimen-
tal results confirm the effectiveness of the machine learning
approach for automated vermicompost maturity monitoring,
particularly the ensemble method utilizing XGBoost and
Random Forest algorithms. The integration of environmental
sensors with machine learning algorithms enables accurate

Random Forest Feature Importance SVM Feature Importance

Fig. 3. Comparative feature importance analysis for compost maturity
prediction using Random Forest, XGBoost, and SVM permutation importance
methods.

classification of compost stages, supporting intelligent waste
management and sustainable agriculture. Figure 4 presents the
SHAP summary plot illustrating the influence of input features
on the model’s predictions. Features are ranked by importance,
with temperature exerting the greatest impact on model output,
followed by electrical conductivity (EC), pH, and moisture.
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Fig. 4. SHAP Summary Plot for Feature Importance Analysis

The interpretability of the proposed model was assessed
using the SHAP (Shapley Additive Explanations) tool [8].
Figure X presents the SHAP summary plot for the model,
illustrating the contribution of each feature. Temperature exerts
the strongest influence on the model, as indicated by the wide
range of SHAP values. Higher temperature values increase the
likelihood that the predicted outcome belongs to the positive
class, whereas lower temperature values are associated with
negative effects. The electrical conductivity (EC) feature also
impacts the model, although its influence is less pronounced
than that of temperature. The pH and moisture features exhibit
a comparatively lower effect. The colour gradient in the plot
represents feature magnitudes, with red denoting higher values
and blue denoting lower values. These results demonstrate
that temperature and EC are the most influential factors in
the model’s decision-making process, thereby improving the
approach’s interpretability and reliability.

V. CONCLUSION AND FUTURE WORK

This study introduced a framework for machine learning-
based prediction of vermicomposting state using various en-
vironmental parameters, including temperature, electrical con-
ductivity (EC), pH, and moisture. To ensure balanced model
learning, feature normalization was performed using z-score
standardization. Multiple classification models were developed
and evaluated to identify the most effective approach for
predicting vermicomposting state. Model performance was
assessed using metrics such as accuracy, precision, recall,



Fl-score, and the area under the receiver operating charac-
teristic (ROC) curve (AUC). Experimental results indicated
that the machine learning model achieved strong predictive
performance, highlighting the utility of machine learning
for analyzing environmental parameters in vermicomposting.
SHAP value analysis identified temperature and EC as the
most influential features for predicting the vermicomposting
state.

Although the proposed method demonstrates promising
results, several improvements should be considered in future
research. The model could be enhanced by incorporating addi-
tional data from diverse composting environments to improve
generalization. Furthermore, integrating sensor technologies
and Internet of Things (IoT) techniques would facilitate real-
time data collection, enabling more accurate predictions of
composting conditions. Future studies may also explore ad-
vanced machine learning approaches, including deep learning,
to further improve prediction accuracy and support intelligent
decision-making in sustainable waste management.
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