l‘)

Check for
updates

Microbial Soil Health Restoration

Christy Jeba Malar A'*, Bhuvanesh S?, Heeranya R, Janani M*

1.234Gri Krishna College of Technology, Coimbatore, India
"a.christyjebamalar@skct.edu.in
2727822tuit029@skct.edu.in
3727822tuit060@skct.edu.in
4727822tuit064@skct.edu.in

Abstract. Proper detection of microorganisms in microbiology, agriculture and
medical services is important as it facilitates the prevention of diseases, environ-
mental pollution, and research. In the project, Microbes Prediction and Recom-
mendation is a web application based on machine-learning that was developed to
predict microorganisms by using quantitative features of images. Various models
are incorporated in the system which consist Artificial Neural Networks (ANN),
XGBoost, Support Vector Machine (SVM) and Random Forest (RF). In order to
make the performance better, feature scaling and Principal Component Analysis
(PCA) are implemented and allow users to upload datasets, view predictions of
all models, examine training metrics, confusion matrices, and feature impor-
tances and be presented with automated recommendations basing on the Random
Forest model. The experimental findings indicate that ensemble models like
XGBoost and the Random Forest had the highest accuracy, ANN had an inter-
mediate result, and SVM had poorer generalization. On the whole, such a plat-
form provides an interactive and comprehensible method of microorganism clas-
sification assisting researchers and practitioners in making adequate decisions
and conducting additional analysis.

Keywords: Smart agriculture, Internet of Things(IoT), remote monitoring, soil
moisture control, precision farming, wireless sensor network, automated irriga-
tion systems, water conservation, climate change adaptations, and sustainable ag-
riculture.

1 Introduction

Combining the best machine learning methods with modern sensor technology, the
proposed system creates a promising strategy of monitoring the soil parameters. The
system collects big amounts of information on vital soil parameters like water and min-
eral content with the help of modern sensors and remote sensing technologies. The use
of the Artificial Neural Networks (ANN) to find the meaningful patterns in the data
and Support Vector Machines (SVM) to deal with the complex and non-linear relation-
ships lead to the fact that the real-time soil health predictions are more accurate. This
integrated method aids in sustainable land management with timely information as it
assists the user in making an informed choice and with the growing need to adopt pre-
cision agriculture. It entails the process of measuring all the different characteristics of
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soil, moisture content, nutrients, and temperature. Effective soil monitoring is useful
in ensuring the production of crops is enhanced, sustainable farming practices are en-
couraged and environmental impact is minimized. Due to ongoing technological de-
velopment, novel technologies like machine learning models and modern sensors are
turning the conventional soil monitoring process into a quicker and more precise one.
Modern soil monitoring systems are based on sensor technology. These sensors gather
real time data on the status of the soil starting with simple soil probes to the high-tech
remote sensing equipment. With the advancement of sensor technology, monitoring
systems can be more specific and smart to enable farmers, researchers, and environ-
mental experts to make more decisions using the accurate information regarding the
soil.

2 Literature Review

Raiten et al. [1] covered the term nutritional ecology where the variability of cli-
mate has an impact on the food systems and the population health in terms of the
necessity to implement integrated approaches to agriculture. Cavicchioli et al. [2] also
emphasized the susceptibility of microbial ecosystems to climate change by confirm-
ing that the disturbance of microbial balance has a direct effect on soil fertility and
equilibrium in the environment. It was Randall and van Woesik [3] who showed the
impacts of climate oscillations on biological systems, which could be used in terres-
trial ecosystems including soil environments. Huong et al. [4] measured the economic
effects of the climate change on the agricultural sector and found that this reduces
farm productivity by a substantial percentage with shifts in the temperatures and rain-
fall, which led to the adoption of adaptive farming practices. The spatial aspect of
climate-smart agriculture is frequently given little notice, and Prestele and Verburg
[5] emphasized it as imperative to find local solutions to support effective implemen-
tation. H. As explained by Jat et al.[6], climate-smart agricultural practices have
shown a high level of improvement of soil microbial activity and nutrient dynamics
throughout the ages, which lead to the increase of crop performance. Guo et al. [7]
suggested to combine smart sensing with phytoremediation to make the soil microbial
restoration possible in real-time to detect the initial soil degradation. Boursianis et al.
[8] conducted a systematic review of loT and UAV-based smart farming technolo-
gies, which proved to be effective in crop and soil monitoring, whereas Koduru et al.
[9] and Premkumar et al. [10] designed frameworks of automated irrigation systems
that use IoTs to optimise the use of water and minimise the reliance on manual con-
trol. Wilhelm et al.[11] used machine learning to work with microbiome and forecast
soil health, which demonstrates the development of artificial intelligence in precision
agriculture. Singh et al. [12] described the use of advanced microbial devices to in-
crease soil organic matter and ecosystem restoration in degraded soil, and the UNL
CropWatch Team[13] discovered recent progress of real-time monitoring of soil with
sensor-based technologies. Igbal et al. [14] outlined the importance of the microbial
community in renewing the soil resilience to the climate stress, and Li et al. [15] pro-
vided the integrated system monitoring-modeling strategies to manage the precision
of the soil-plant system. Together, this body of research shows that the integration of
climate-smart agriculture, IoT, machine learning, and microbial restoration offers a
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sustainable framework of managing the soil health under changing climatic condi-
tions.

3 Methodology

The Microbes Prediction and Recommendation system is a suggested interactive
machine learning system, which is supposed to identify microorganisms on the basis of
quantitative features obtained by image processing and provide practical advice. The
process starts with the preprocessing of the file of the microbes.csv where the raw fea-
tures are standardized, the encoding of the class labels, and the dimensionality is re-
duced with the help of the Principal Component Analysis in order to represent the most
significant information. The processed data are trained using various machine learning
models, such as Artificial Neural Networks, XGBoost, Support Vector Machines, and
Random Forest, and processed to predict the microorganism classes. The standard met-
rics that are used in evaluating model performance include accuracy, precision, recall,
Fl-score, and confusion matrices. Moreover, the analysis of the feature importance
helps to identify the PCA components that the most significantly contribute to the pre-
dictions. The models are trained and deployed in a web application, which is built on
Streamlit. By using this interface, users can upload their own datasets, obtain predic-
tions of each of the models, see performance measures and confusion matrices, discover
key features, and receive automated recommendations they obtained using the Random
Forest model. In general, the system offers a convenient and integrated system that
integrates data preprocessing, multi-model prediction, result visualization, and recom-
mendation, which will allow researchers and practitioners to effectively classify micro-
organisms and make the correct decisions.

3.1 Data Collection and Preparation.

The primary dataset, microbes.csv, is composed of 30,527 samples and 24 numerical
measurements derived out of images of microorganisms. These characteristics charac-
terize various morphological and geometrical characteristics like solidity, eccentricity,
length of major and minor axis, perimeter, area, coordinates of bounding box, and
measurements of the convex hull. The target variable is the category of microorganisms
in each sample.The unwanted columns including index values are eliminated in the
process of preprocessing. Numerical variables are standardized with the help of Stand-
ard Scaler whereas the labels are transformed to numerical values with the help of Label
Encoder. Principal Component Analysis PCA is done to reduce the size of the dataset
and increase the efficiency of the model, keeping 95 percent of the total variance. The
result of this step is a minimum set of transformed features that is further used to train
the models.

3.2 Model Training
The dataset is then preprocessed and divided into a training and testing set to test the

accuracy of the models. Various machine learning methods are used such as Artificial
Neural Networks (ANN), XGBoost, Support Vector Machine (SVM) with RBF kernel,



Microbial Soil Health Restoration 317

and Random Forest (RF). Training The individual models are trained on the features
that have undergone PCA transformation to classify microorganisms.The results of the
training are measured in terms of accuracy, precision, recall and F1-score. Confusion
matrices are also created to represent all the correct and incorrect prediction under the
different classes of microorganisms which will give a better realization on the workings
of each model.

3.3 Model Evaluation and Interpretation

Once the models have been trained they are tested to determine the level of effec-
tiveness with which the models classify microorganisms. Random Forest model is fur-
ther investigated on the basis of mean decrease impurity to determine the most effective
PCA components that play a role in its predictions. Confusion matrices are also used
to identify the trends of misclassification which help to comprehend the areas where
each of the models is effective and what requires improvement. This assessment test is
useful in identifying the most effective models besides giving a more insightful view
of the underlying framework of the data.

3.4 Web Application Deployment

It creates a web application with the help of Streamlit in order to make the models
easily available to users. The software has easy interface where the users can post their
datasets in the form of a CSV file. The data is further preprocessed automatically after
uploading it with the earlier saved scaler and PCA models. The system then provides
predictions of all models that are trained such as ANN, XGBoost, SVM, and random
forest with automated recommendations that are provided by the random forest model
itself. The final outputs are also available as CSV files so that the users can download
them and further analyze the results in the form of prediction results, see performance
metrics, confusion matrices, and feature importance.
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Figure 1.Architecture Diagram
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Figure 2. system workflow

4 Experimental Result and Analysis

The Microbes Prediction and Recommendation system works differently with the
various machine learning models. XGBoost and Random Forest were the two that had
both achieved high training accuracies of 99.64% and 99.80, respectively, and this
means that the two have a high learning capacity with regard to the data provided.
Their confusion matrices also indicate that there were high levels of correct classifi-
cation with few errors and this indicates the ANN model was successful at picking
patterns in the PCA- transformed features. Although it demonstrated reasonable gen-
eralization, its performance did not match in consistency with the results of the tree-
based models. The SVM model was found to be lowest in accuracy with 62.1 percent,
and high in misclassification in many classes thus showing difficulty in the separation
of two or more classes in a high dimensional feature space.Further examinations of
the random forest model revealed that PCA components, PCA7, PCA6, and PCA Al
had the highest contribution to the prediction results. This implies that these taxo-
nomic characteristics are crucial to classification of microorganisms. Altogether, the
results indicate that tree-based ensemble models are the most predictable using this
dataset, and ANN may be considered as the compromise between performance and
interpretability. Conversely, SVM does not perform well with multi-class classifica-
tion.Lastly, the system allows one to retrieve prediction table and CSV files, which
can be downloaded anonymously and allow users to check the results and process
additional analysis, therefore, improving the usability of the application in a more
practical way.



Table 1. Training Accuracy and Performance Metrics
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Model Accuracy  Precision Recall F1-Score
XGBoost 0.9964 0.9964 0.9964 0.9964
Radom Forest 0.9980 0.9964 0.9980 0.9980
ANN 0.7154 0.7183 0.7154 0.7129
SVM 0.6212 0.6255 0.6212 0.6083
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XGBoost and random forest demonstrated almost 100 percent accuracy on the
training data, and it indicates that the models have acquired the training data well but
this also indicates the possibility of overfitting. Results of ANN model were quite
satisfactory, and generalized better compared to SVM but still were worse than the
accuracy of the ensemble methods. SVM, in its turn, performed worse, primarily
because of the challenges with the multi-class classification task, which resulted in
lower values of both accuracy and F1-score shown in table 1
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Figure 3. Training Accuracy and Performance Metrics.
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Fig 3 shows XGBoost and random forest are evidently among the best with practically
perfect accuracy. ANN presents average performance (71.5%) and is fairly superior to
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SVM in generalization. SVM has the worst performance (62 percent) and is totally devoid
of multi-class classification.

4.1 Evaluation Metrics
4.1.1 Accuracy

Accuracy is an expression of the frequency of appropriate predictions of the system
by the number of correctly classified microorganisms versus total samples assessed.
The existence of larger values of accuracy means that the model is more efficient to
identify various microbial species.

Accuracy = TP + TN
TP+ FP + TN + FN

4.1.2 Precision

Positive Predictive Value is the percentage of the microorganisms that are predicted
by a given class that are correct. Greater accuracy translates to less false positives by
the model which makes its classifications more dependable.

Precision = TP
TP + FP

4.1.3 Recall (Sensitivity / True Positive Rate)

The recall is the indication of the ability of the system to recognize microorganisms
that actually belong to a particular classification. With a higher recall, fewer microbes
will be missed during the classification process enhancing the completeness of the
results.

Recall = TP
TP + FN

4.1.4 F1-Score

The F1-score is a combination of precision and recall in a single measure where it
provides a balanced perspective of the model performance. It is particularly applied
in the classification of microorganisms, the false positives and false negatives of

which may prove to be critical.

F1-Score= 2 * Precision +Recall

Precision +Recall



Microbial Soil Health Restoration 321

[ w Microbes Prediction & Recomme X+

- @

C | © localhost8501

Deploy

% Microorganisms Prediction using Multiple Models

Upload your CSV dataset to generate predictions from ANN, XGBoost, SVM, Random Forest, training metrics, feature importance, and download predictions.

Upload CsV file

ind drop file here Browse files

& Draga
[) testesv

Uploaded Dataset Sample

7.4908 19.0143 14639 119732 31204 3119 173235 04117

15,7035 39935 102847 118483 0929 34105 189777 193126 161679

36971 193917 155027 1879 17.89%5 184375 39197 0.9045 65066

163092 141371 145801 14809 23174 17.2621 5 6618 12112

0,508 578 6 127282 101714 181513 82077 15111

1532
iy @ D : . ‘ SO s




322 A. C.J. Malar et al.

Ulothrix Spirogyra Ulothrix Spirogyra

RF Predictions with Recommendations and Fertilize
Spirogyra Further analysis recommended Use low nitrogen fertilizer to avoid algae bloom in waterlogged soils.
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Spirogyra Further analysis recommended Use low nitrogen fertilizer to avoid algae bloom in waterlogged soils.
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Yeast Further analysis recommended Apply micronutrient-enriched fertilizers to improve microbial diversity.
Spirogyra Further analysis recommended Use low nitrogen fertilizer to avoid algae bloom in waterlogged soils.
Spirogyra Further analysis recommended Use low nitrogen fertilizer to avoid algae bloom in waterlogged soils.
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XGBoost Confusion Matrix

Figure 4. Output images

The dashboard starts by showing a preview of the uploaded dataset that is made up
of various numerical features in a number of samples. This data is the input of all pre-
diction models. The Model Predictions and the Random Forest (RF) Predictions and
Recommendations are represented below and indicate the results of the training by
each trained model, and RF also suggests the recommendations automatically.Training
performance measures and confusion matrices can also be found on the dashboard. The
performance values (0.71254 and 0.71383) presented in ANN model probably depict
some evaluation measures like accuracy, precision or recall. The confusion matrices of
ANN and SVM are the most detailed parts of the visual elements and demonstrate the
level of accuracy at which each model is able to classify the microorganisms. These
matrices indicate the right and wrong prediction of various classes like Aspergillus sp.,
Diatom, Penicillium, Pithophora and Protozoa and provide an understandable perspec-
tive of the advantages and weakness of each model shown in fig 4.

5 Conclusion

The Microbes Prediction and Recommendation System is an ensemble of high-
level machine learning techniques and a convenient web interface that is designed to
assist with an effective and precise classification of microorganisms. Using data pre-
processing, dimensionality reduction by PCA and using several predictive models
like ANN, XGBoost, SVM, and Random Forest, the system can perform well, as well
as give a clear understanding of the role of features and the behavior of the trained
model. Suggestions based on the use of random forests, downloadable, and well-or-
ganized results also contribute to the increased practical use of the system as they
allow users to use information and make well-informed decisions supported by
data.Future consideration may be to introduce the use of datasets representing a wider
variety of microbial sources that can contribute to model generalization and eliminate
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class imbalance. Furthermore, it is possible to investigate the concept of deep learning
like convolutional neural networks (CNNs) used on raw images, which can poten-
tially bring more informative features and enhance the classification performance.
Generally, the suggested system provides a versatile and stable platform, which links
the complicated machine learning operations with a simple end-user interface, which
offers an excellent foundation to the further evolution and study.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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