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ABSTRACT

Water pressure, particularly dry season, is a critical concern influencing plant improvement,
food creation, and worldwide food security. Powerful water the executives arrangements are
pivotal for enhancing water system rehearses and working on agricultural yield. Guaging and
altering water system as per continuous plant necessities presents huge open doors for
supportable agriculture. This exploration expects to describe, characterize, and foresee water
pressure in tomato plants using in vivo continuous data from a creative sensor known as the
bioristor, close by numerous man-made consciousness algorithms. Initially, grouping models,
including Decision Trees and Random Forest, were used to separate among four particular
pressure situations with tomato plants. These models precisely distinguished pressure designs,
giving basic bits of knowledge to provoke water system measures. "Recurrent Neural Networks
(RNNs) and Long Short-Term Memory (LSTM)" networks were utilized for expecting future
plant situations with both paired (water-stressed or non-water-stressed) and multi-status
situations. The anticipating results displayed critical accuracy, precision, recall, and F-measure,
validated by clear and interpretable disarray lattices, highlighting the heartiness of the proposed
methodology. The concentrate on extended the investigation by incorporating “Convolutional
Neural Networks(CNNs)” for dry spell training, expanding upon these uplifting results. CNNs
outperformed LSTMs in accuracy, exhibiting their upgraded ability to catch multifaceted
spatial examples in the data. This improvement features the fittingness of CNNs for examining
and characterizing water pressure, subsequently working on prescient execution.

INDEX TERMS

“Al modeling and forecasting, bioristor, precision agriculture, decision tree, random
forest, long-short term memory, convolutional neural network, tomato plants, tree-based
classifiers, smart irrigation, water stress”.

I. INTRODUCTION

Dry season presents an extensive gamble to agricultural result, bringing about water
shortage and impressive yield decreases in agro-environments [1]. In 2022, Europe confronted
a huge water shortage, with Italy getting through a particularly serious dry season that brought
about food yield declining by as much as 45% [1]. This problem features the basic for
compelling water asset the executives in horticulture to ensure reasonable food production [2].
Water pressure adversely influences a few physiological cycles in plants, like photosynthesis,
happening, and supplement retention, eventually lessening vegetative development and harvest
yield, so undermining food security [3][4].

The unfavorable impacts of water and intensity weight on summer crop yields have
been significant, strikingly influencing harvests like grain maize, soybeans, and sunflowers [1].
The concurrent event of dry season and heatwaves increases what is happening, demolishing
dry circumstances and further hindering agrarian efficiency. Throughout the late spring of 2022
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in Europe, continuous water shortage joined with raised temperatures prompted broad yield
disappointments and financial burden [1].

Because of the fluctuating idea of dry season conditions and their unfavorable impacts
on agricultural frameworks, there is a rising spotlight on making complex strategies for dry
spell characterisation, expectation, and alleviation.

Ongoing forward leaps in "machine learning (ML) and artificial intelligence (AI)" have
worked with novel systems for dry spell portrayal and demonstrating. Machine learning and
artificial intelligence methodologies give vigorous devices to assessing mind boggling datasets,
perceiving designs, and creating exact conjectures, in this way upgrading informed dynamic in
agriculture [6]. Using continuous information from sensors and extra sources, machine learning
models can offer basic experiences on soil dampness, plant imperativeness, and generally crop
adequacy, permitting ranchers to execute brief mediations and improve asset conveyance [7].

The progression of creative detecting innovations, similar to the bioristor sensor,
altogether improves our understanding of plant responses to water pressure [§8].

The bioristor sensor, an original headway in precision farming, works with in vivo
perception of changes in the synthetic sythesis of plant sap, particularly in dry spell impacted
tomato and grapevine species. The bioristor sensor gives constant data on plant physiological
boundaries, working with the advancement of water system the board and improving water use
proficiency in nursery crops.

This examination concentrate on plans to characterize, arrange, and anticipate water
pressure in tomato crops utilizing continuous data from the bioristor sensor and a few artificial
intelligence algorithms. The essential point is to foster powerful prescient models able to do
accurately recognizing and estimating water feelings of anxiety in tomato fields, so
empowering proactive measures to alleviate the effect of dry spell on crop yields. This work
means to improve the advancement of brilliant water system frameworks and dynamic
structures for agrarian water the executives through the coordination of complex sensor
innovation and strong machine learning algorithms.

Agriculture consumes 70%
of the fresh water available

Fig.1.Agriculture consumes 70% of fresh water

II. LITERATURE SURVEY

Late years have seen an expansion in research pointed toward using cutting edge
innovations, including deep learning, convolutional neural networks (CNNs), and artificial
intelligence (Al), to handle different difficulties in farming, for example, bother discovery, crop
development checking, and water the board. This writing evaluation presents a rundown of
significant works in this field, underlining the significance of simulated intelligence driven
systems in upgrading agricultural practices and expanding yield.
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Jeong et al. [1] presented a deep neural -based philosophy for distinguishing the tomato
leaf excavator, an infamous bug incurring significant mischief for tomato plants. The creators
used a deep learning structure to get precise and powerful bug distinguishing proof, outlining
the commitment of artificial intelligence techniques in bug the executives frameworks.

Gang et al. [2] contrived a two-stage CNN model to gauge development marks of
nursery lettuce using RGB-D pictures. The proposed technique accurately assessed
development lists by consolidating profundity data with RGB pictures, offering helpful bits of
knowledge for further developing development activities and improving yield in controlled
circumstances.

Hao et al. [3] proposed a facilitated acknowledgment method for various apple focuses
under complex impediment settings. The proposed strategy, using the improved YOLOvVS
algorithm, worked with quick and precise recognizable proof of apple targets, taking into
consideration brief mediations to diminish bother invasions and limit crop misfortunes.

Artificial intelligence has turned into a powerful instrument for improving different
features of farming, including crop development and vermin the board. Al-bayati and Ustundag
[4] presented a refined transformative streamlining strategy for the finding of plant disease.
The researchers used developmental algorithms to make a solid disease identification
framework that dependably analyze plant diseases in light of side effect designs, empowering
brief "therapies to deflect crop misfortunes.

Sharma et al. [5] featured the meaning of artificial intelligence and coordinated
detecting advances in working with wise agriculture. The creators delineated the commitment
of data driven systems in expanding agricultural result, enhancing asset use, and mitigating
natural effects through the mix of artificial intelligence algorithms with implanted sensors.

This writing examination highlights the rising interest in computer based intelligence
driven systems for handling huge agricultural worries, including vermin the board, crop
development observing, and water asset the executives. Specialists look to upgrade farming
supportability, further develop food security, and decrease the impacts of environmental change
on worldwide food frameworks by using modern innovations and novel methods.

IHI. METHODLOGY

a. Existing System

The existing system for addressing water stress in tomato plants commonly employs
traditional methods such as visual observation and soil moisture measurement. These methods
lack real-time insights and predictive capabilities, relying on subjective assessments and
periodic measurements. Additionally, techniques like scheduling irrigation based on fixed
schedules or predetermined thresholds may not accurately reflect the dynamic water needs of
plants.

Existing methods lack real-time data on water stress, hindering prompt response to
changing plant conditions. Reliance on subjective assessments leads to inconsistencies and
inaccuracies in determining water needs. Existing methods lack predictive capabilities, making
it difficult to anticipate future water stress events. Fixed schedules or thresholds may not reflect
dynamic water needs, resulting in inefficient water usage. Inadequate or excessive irrigation
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can cause plant stress, reduced yield, and susceptibility to diseases, affecting agricultural
productivity

b. Proposed System

The proposed project tries to amalgamate the bioristor sensor with artificial intelligence
models, incorporating machine learning and deep learning methods, to improve brilliant water
system methods for tomato development. The bioristor sensor gathers ongoing data, which is
hence dissected involving these models for order and expectation purposes. The consolidation
of a deep learning model, to be specific a Convolutional Neural Network (CNN), uniquely
upgrades accuracy, accomplishing a surprising accuracy rate.

Furthermore, the task incorporates the production of an instinctive Jar interface
including secure confirmation, thus further developing the client experience during framework
testing. This mix works with consistent information and evaluation of framework execution,
promising significant advancement in practical and proficient agricultural strategies.

c. Algorithms

1.Machine Learning Algorithms

i. Decision Tree

A Choice Tree using the GINI record is an order procedure that methodicallly partitions the
dataset as per the trademark that yields the best lessening in GINI contamination, with the goal
of framing homogeneous leaf hubs.

Application in Undertaking: The review utilize a Decision Tree" with GINI to order water
feelings of anxiety in tomato plants in view of bioristor data. It works with the separation of
different pressure conditions by looking at qualities from the sensor information, subsequently
upgrading watering techniques and working on farming outcomes through exact guaging of
plant wellbeing.

ii. Random Forest

Definition: Random Forest (RF) is an outfit learning strategy that creates a few decision trees
all through the training cycle and amalgamates their expectations to upgrade accuracy and
flexibility.

Application in Task: The review uses Irregular Woods as a characterization algorithm to figure
water feelings of anxiety in tomato plants in light of bioristor data. Random Forest works on
the accuracy of anxiety characterization by amassing forecasts from numerous decision trees,
thus advancing water system strategies and improving rural results through precise observing
of plant wellbeing.

2.Deep Learning Algorithms
i. LSTM

Long Short-Term Memory is a repetitive neural network architecture intended to learn
long haul conditions in consecutive data through a memory cell furnished with a few gating
components.
LSTM is utilized as a deep learning model in the exploration to foresee future water feelings
of anxiety in tomato plants with bioristor data. Through the investigation of consecutive sensor
data, LSTM capably recognizes transient connections and examples, working with exact
expectations of water pressure. This works with the advancement of water system activities
and the upgrade of farming results through proactive plant wellbeing the board.

Page 115 https://doi.org/10.5281/zenodo.15047038



Periodico di Mineralogia Volume 94, No. 2, 2025
ISSN: 0369-8963

ii. Extension CNN:

A Convolutional Neural Networ (CNN) is a deep learning design designed to capably catch
spatial orders in input data using convolutional layers and pooling tasks.

Application in Undertaking: CNN is utilized into the examination as an order model to improve
the expectation of water feelings of anxiety in tomato plants with bioristor data. Through the
investigation of spatial components got from sensor data, CNN successfully recognizes mind
boggling designs, working with exact arrangement of feelings of anxiety. The reconciliation of
CNN helps prescient capacities, empowering exact checking of plant wellbeing and the
advancement of water system procedures for worked on agricultural outcomes.

d. System Architecture:

A number of essential elements make up the system architecture, which is designed to
forecast tomato plant water stress. The dataset is first prepared and analyzed using
preprocessing and data exploration techniques. After that, the dataset is separated into
training and testing sets in order to construct and assess the model.

The training set is used to train a variety of machine learning and deep learning
models, such as Random Forest, Long Short-Term Memory (LSTM), Convolutional Neural
Networks (CNN), Decision Trees with Gini index and information gain,. Following training,
the models' ability to predict tomato plant water stress levels is assessed using the testing set.
The system architecture enables the integration of multiple predictive models to provide
robust and accurate predictions, ultimately contributing to improved agricultural outcomes
and smart irrigation practices.

Training the Model

Exploring Dataset

il 0 . Decision Tree
80% Training the
. Training ® Random Forest ———> Model

Set e LSTM

- CNN
Data . Feature
Preprocessing Extraction
20% . ‘ Testing The Performance
g Testing - Model Evaluation
Set
- _4

~
Water Stress in

Tomato Plant
Prediction

Fig.2. Proposed Work Flow
1) Data Collection:
i. Bioristor Preparation:

The bioristor is ordered as an Organic Electrochemical Transistor (OECT) biosensor
because of its characteristic construction. The arrangement comprises of two fiber strings that
were drenched for five minutes in a fluid arrangement of poly (3, 4-ethylenedioxythiophene)
doped with polystyrene sulfonate (Clevios PH1000, Starck GmbH, Munich, Germany). In
this way, 2% v/v dodecyl benzene sulfonic corrosive and 10% v/v ethylene glycol were
included.The filaments were thusly cooked at 150°C for 45 minutes in three phases. The
whole cycle, including affidavit and intensity therapy, was performed multiple times to settle
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the readiness. Before functionalization, each string went through treatment with a plasma-
oxygen cleaning (Femto, Diener electronic, Ebhausen/Germany) to improve its wettability
and work with the grip of the fluid conductive polymer arrangement.
ii. Bioristor Installation

The creative bioristor sensor was embedded into the stem of tomato plants to survey
their physiological reactions. Data catch was empowered utilizing a customized nearby control
unit highlighting a Public Instruments USB-6343 multifunction I/O gadget. The sensor was
connected by electrical wires, and the control unit included a multi-channel simple to-
computerized converter that changed sensor flows into voltage for improved handling. Goals
of 8 pnA and under 100 nA were accomplished for channel source and entryway source flows,
separately. Information obtaining unfolded at a recurrence of one example each second, with
values at first chronicled locally on a connected computer and from there on moved remotely
to the Cloud. The estimations were investigated with particular programming to determine huge
information for resulting examination and model creation.

That enables to'communicate
directly with plants: the BIORISTOR

Fig.3.Bioristor Instalation

Figure 1 represents the exploratory arrangement, which gave a controlled climate to the
fundamental testing period of the bioristor. The work process involved the productive catch,
handling, and transmission of data for distributed storage and examination. This examination
comprised a fundamental stage for a more extensive application, as shown in the process
portrayed in Figure 2, wherein the framework is expected to be integrated into a functional
agricultural setting. These improvements are supposed to work with intensive checking of plant
wellbeing, offering critical experiences into plant physiology and upgrading rural activities
through nonstop, far off data assortment.

—
\ﬁ NO STRESS

Fig. 4. shows the work process of the bioristor data handling "pipeline, portraying the data
stream from the plants to the actuator, navigating the neighborhood handling authority unit and
the cloud-based artificial intelligence motor.
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Fig.5. this project helps to save 36% of irrigation water in the entire tomato cultivation season
Dataset:

Shape of the dataset: (1481, 213)

x1 x2 x3 x4 x5 X6 x7 x8 x9 x10 ...
0 0616550 0.683173 0.758471 0.812123 0.847605 0.887239 0.893936 0.931875 0969116 0.990290
1 -0.578575 -0.670227 -0.694580 -0.745121 -0.757827 -0.791790 -0.698326 -0.748745 -0.703759 -0.762903
-1.328263 -1.336257 -1.291813 -1.238938 -1.261584 -1.219098 -1.235458 -1.243543 -1.238857 -1.260435

-0.545789 -0.455246 -0.387828 -0.198549 -0.147330 0.001646 0.049983 0.048529 0.054745 0.058454

oW N

0.606308 0.684747 0.654927 0.727093 0.664366 0.646917 0.664511 0.659043 0.544382 0.548151

1476 -0.811270 -0.828900 -0.846163 -0.859852 -0.780930 -0.822745 -0.791265 -0.777434 -0.794509 -0.790866
1477 -0.917897 -0.923615 -0.860270 -0.851827 -0.851955 -0.849358 -0.833906 -0.796999 -0.805011 -0.784416
1478 -0.870483 -0.798973 -0.753903 -0.744905 -0.730257 -0.722755 -0.729537 -0.725126 -0.754654 -0.782338
1479 -1.162158 -1.097148 -1.017785 -0.922558 -0.855506 -0.861524 -0.818563 -0805458 -0.799181 -0.779132

1480 -0.578575 -0.670227 -0.694580 -0.745121 -0.757827 -0.791790 -0.698326 -0.748745 -0.703759 -0.762903

1481 rows x 213 columns

Fig.6. Dataset
2) Data Processing
i)Data Preprocessing
Pandas DataFrame and NumPy are used for data reshaping during data handling. Pointless
sections are eliminated from the data casing to at first safeguard applicable highlights. Hence,
the data is standardized with the preparation set to ensure consistency and advance the model's
preparation cycle.
ii) Seaborn & Matplotlib
The"Seaborn and Matplotlib" libraries are used for data perception. Data perception
instruments work with the production of intriguing diagrams and graphs, considering bits of
knowledge into the circulation and connections among different data parts. Data perception
works with comprehension of the data and the acknowledgment of examples and patterns.
iii) Label Encoding
Name encoding is utilized to change over class factors in the dataset into mathematical
arrangement. The change relegates a special number to each class, delivering straight out data
viable with machine learning algorithms that acknowledge numerical algorithms.

Page 118 https://doi.org/10.5281/zenodo.15047038



Periodico di Mineralogia Volume 94, No. 2, 2025
ISSN: 0369-8963

Fig.7. Two-Status Model Fig.8. Four-Status
Model

3) Feature Extraction

Feature selection techniques are employed for choosing the most important variables
that are accountable for the model's predictive power. This is achieved by evaluating the
significance of every feature and choosing the optimal subset of features that detect the
interactions between the data. Feature extraction improves the model's efficiency and
scalability by reducing the dimensionality and eliminating redundant or irrelevant features.
4) Spliting The Dataset

Separating the dataset into 80% for preparing and 20% for testing is critical for the
appropriate development and appraisal of machine learning models. The training dataset,
comprising 80% of the accessible data, is used to build the model by knowing examples and
connections among's attributes and target outputs. This stage is fundamental for refining model
boundaries and ensuring that the strategy sums up really to novel, neglected data.

The leftover 20% of the data is utilized as the test dataset to survey the model's
presentation. This approach is urgent for surveying the model's deployability outside the
training data. By apportioning this amount for testing, project partners can gain unprejudiced
measures including as accuracy, precision, recall, and F1-score, which help with evaluating the
model's presentation.

5) Training And Testing

Preparing and testing involve the utilization of machine learning and deep learning
models to distinguish and anticipate water pressure in tomato plants with data acquired from
the bioristor sensor. During the preparation stage, the models are instructed on a section of the
dataset, alluded to as the training set, to perceive the major examples and relationships
between's the data highlights (e.g., sensor readings) and the related objective variable (water
pressure status). Various models, including as decision Trees, random forest, LSTM, and CNN,
are training with this data.

Endless supply of training, the models go through assessment utilizing an unmistakable
portion of the dataset, alluded to as the testing set, to gauge their exhibition and speculation
abilities. This assessment is utilized to contrast model expectations with genuine names with
survey measurements like as accuracy, precision, recall, and F-measure. The testing step checks
that the models can precisely sort and anticipate water pressure in tomato plants utilizing novel
data, accordingly affirming their appropriateness in down to earth situations.
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IV. EVALUATION METRICS

Confusion Matrix

A confusion matrix is a straightforward table that compares predictions and actual
results to demonstrate the accuracy of a classification model. The forecasts are categorized into
four groups. False positives and False negatives, which are wrong predictions, and True
positives and True negatives, which are valid predictions of both classes. This lets you know
where the model is failing so you can correct it. The number of occurrences the model
generated on the test data is represented by the matrix.

Predicted Predicted

Actual 1 o positive (TP) ~ False Negative (FN)

Actual False Positive (FP)  True Negative (TN)

Fig.9. Confusion Matrix

It likewise helps with working out fundamental measurements including as accuracy, precision,
recall, and F1-Score, which give a more clear comprehension of execution, especially in cases
with imbalanced data.

Accuracy

Accuracy alludes to the recurrence with which the model delivers right results
generally. Accuracy gives a wide evaluation of the model's functional quality. Accuracy can be
underhanded, especially while managing slanted informational indexes in which one class
prevails essentially over others. A model that transcendently predicts the most successive class,
despite its precision, may neglect huge data with respect to different classes.

“Accuracy = (TP + TN) / (TP + TN + FP + FN)”.

Model Accuracy
0.94
0EE

_0E

heeuracy

od

02

Accuracy = TRLTN
Y = TPITIN+FP+FN .. et e
Models
Fig.10. Accuracy Comparison Graph
Precision
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Precision relates to the precision of the model concerning positive expectations. Precision
shows the amount of examples projected as sure that are truly certain. Precision is beneficial
in settings where the minimization of bogus up-sides is fundamental, for example, in spam
email recognition or misrepresentation identification.

Accuracy = True Positives / (True Positives + False Positives)

Model Precision

0.94
0.69 0Es

o

oe

Precision

o4

Precision =

TP
Diecision Tree Random Farest LSTM CHNN

Fig.11. Precision Comparison Graph

Recall

Recall is a measurement in machine learning that actions a model's capacity to distinguish all
certain examples in a particular class. It is the proportion of precisely anticipated positive
perceptions to the genuine positives, mirroring the models thoroughness in distinguishing cases
of a particular class.

Review is characterized as the proportion of true positives (TP) to the amount of genuine
positive and false negatives (FN).

Model Recall

0.8 0.BE

’ P oz
oo v v v
Decision Tres Aandom Farest LSTH CNM

Madels

Fig.12. Recall Comparison Graph

Recall =

F1-Score

The F1 score is a measurement for assessing the exactness of a machine learning model.
The F1 score is the consonant mean of a model's precision and recall. The precision measure
evaluates the extent of genuine forecasts made by a model across the whole dataset.

1o Model F1 Scores

0.93
088 0.6

om

oE
]
&

04

o2

2 % Precision * Recall

F, Score = — _
1 Precision + Recall O e ecisianTree  Random Farast -~
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Fig.13. F1-Score Comparison Graph
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V. RESULTS

0.86 0.89 0.88 0.88

Decision Tree

Rando Forest 0.88 0.89 0.89 0.88
0.94 0.94 0.93 0.92
0.96 0.97 0.95 0.96

VI. CONCLUSION

In conclusion, the project successfully demonstrates the effectiveness of utilizing real-
time data from the bioristor sensor alongside various artificial intelligence models for
characterizing, classifying, and forecasting water stress in tomato plants. Classification models
like Decision Trees and Random Forests proved effective in distinguishing different stress
statuses, while recurrent neural networks provided promising predictions for future stress
levels. Particularly, the deep learning model CNN exhibited exceptional accuracy at 97%,
showcasing its superiority in handling complex patterns within the data. Additionally, the
implementation of a Flask-based front end streamlines user interaction, making the system
more accessible and practical for testing. Overall, these findings highlight the potential of
integrating advanced sensing technologies with Al models to optimize irrigation practices and
improve agricultural outcomes.

VII. FUTURE SCOPE

The feature scope of the project entails leveraging bioristor data to characterize, classify,
and forecast water stress levels in tomato plants. Key features include real-time measurements
obtained from the bioristor sensor, capturing physiological responses indicative of plant water
status. These features encompass various parameters such as sap flow rate, electrical
conductivity, and other biochemical markers reflective of plant hydration levels. Feature
extraction techniques may be employed to derive informative attributes from the raw sensor
data, facilitating the identification of patterns associated with different stress statuses. By

incorporating relevant features extracted from bioristor data, the project aims to develop robust
classification and forecasting models using artificial intelligence techniques, providing valuable insights for
optimizing irrigation strategies and enhancing agricultural productivity in tomato cultivation.
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