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Abstract—In order to enable real-time crop condition
monitoring, analysis, and prediction, this study
provides an enhanced plant health forecasting system
for precision agriculture that combines Artificial
Intelligence (AI) approaches with Internet of Things
(IoT) sensor networks. Using dispersed IoT sensors,
the system gathers vital environmental and soil
characteristics, including temperature, humidity, soil
moisture, pH levels, and light intensity. To guarantee
data quality and dependability, these data are sent to
cloud or edge computing platforms where they go
through preprocessing procedures like noise filtering,
normalization, and management of missing values.
Long Short-Term Memory (LSTM) networks,
Random Forest algorithms, regression approaches,
and other machine learning and deep learning models
are used to examine the processed data. By predicting
future plant health and identifying patterns in
environmental variables, these models make it possible
to detect stress, disease, and nutritional deficiencies
early. The system uses these forecasts to produce real-
time alerts and practical suggestions that help farmers
make well-informed decisions about crop protection,
fertilization, and irrigation.

The suggested approach increases agricultural
productivity, lowers crop losses, and raises yield
quality by fusing continuous sensing with predictive
analytics. IoT and Al integration shows great promise
for making traditional farming more intelligent, data-
driven, and sustainable.

.  INTRODUCTION

Particularly in nations where a sizable section of the
population depends on farming for a living,
agriculture is essential to maintaining global food
security and fostering economic growth. The need
for increased agricultural production and sustainable
farming methods has grown more pressing as the
world’s population continues to rise. However, there
are several obstacles to traditional farming practices,
such as soil deterioration, water scarcity, climate
change, and an increase in plant diseases. These
elements have an impact on the general quality and
dependability of agricultural production in addition
to lowering crop yield.

IJIRT 199593

Achieving high productivity and guaranteeing food
quality depend on maintaining optimal plant health.
Healthy crops have higher yields and lower losses
because they are more resistant to illnesses and
environmental stress. However, manual observation
and recurring inspections by farmers or specialists
are crucial components of traditional plant health
monitoring methods. These techniques require a lot
of time, are prone to human error, and frequently
cause problems to go unnoticed, making it more
difficult to take prompt corrective action.

Precision agriculture is made more feasible by
fusing IoT-based sensing with Al-powered
prediction algorithms. In order to estimate future
plant  health  conditions, learning
algorithms and time-series forecasting approaches
can examine both historical and current data. This

machine

makes it possible to identify stressors, disease
risks, and nutrient deficits early on, enabling farmers
to take proactive rather than reactive action. The
development of an intelligent plant health
forecasting system that offers ongoing monitoring,
precise prediction, and useful insights for efficient
farm management is the main objective of the
suggested system. The method is appropriate for a
variety of agricultural settings, from smallholder
farms to large-scale agricultural operations,
because it is scalable, affordable, and simple to
implement.

By utilizing the combined capabilities of IoT and
Al, this research advances sustainable agriculture.
The suggested approach facilitates the shift to more
resilient, productive, and ecologically sustainable
farming methods by allowing for more intelligent
decision-making and effective resource use.

II. LITERATURE REVIEW

The application of IoT and Al in agriculture to
enhance plant health monitoring and management is
clearly on the rise, according to the literature. Early
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research by Mohanty et al. (2016) shown the
effectiveness of deep learning by using CNN models
to accurately identify plant diseases from leaf
photos. In order to help farmers better understand
field conditions, Rajalakshmi et al. (2018) devised
IoT-based devices that used sensors to gather real-
time data such soil moisture, temperature, and
humidity.

Building on this, Patel et al. (2019) used machine
learning techniques like SVM and Decision Trees to
recommend appropriate fertilizers based on
environmental and soil data.

Another significant contribution was made by
Sharma and Gupta (2020), who concentrated on
increasing communication and usability for farmers
by creating mobile applications in local languages.
In order to go beyond simple monitoring and toward
prediction, more recent studies—such as IEEE study
from 2021 to 2024—emphasize integrating loT with
Al. These technologies estimate plant health and
identify potential problems early on by analyzing
patterns in gathered data. All things considered, the
study shows a shift toward more intelligent,
proactive agricultural methods that assist farmers in
making prompt decisions and raising crop yields.

1. PROBLEM STATEMENT

Major issues facing agriculture include plant
diseases, soil degradation, and climate variability,
all of which have an immediate effect on crop
quality and productivity. Early dis-ease diagnosis is
challenging and frequently delayed because
traditional plant health monitoring techniques rely
on manual observation. Important variables
including soil moisture, temperature, humidity, pH,
and light intensity are not regularly monitored.
Farmers are less able to act promptly and effectively
as a result of this restriction. An intelligent system
that uses IoT sensors can gather field data in real
time to address this. This data can be analyzed by Al
and machine learning algorithms to find early
indicators of plant illnesses and stress. The goal of
the suggested system is to assist farmers increase
output and lower losses by offering precise
monitoring and forecasting.

Iv. PROPOSED METHODOLOGY

A.  Overview
The suggested design creates an intelligent plant
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health monitoring and forecasting system by
combining cloud storage, Internet of Things (IoT)
devices, and artificial intelligence (AI) models. To
produce useful insights, it integrates time-series
prediction, image-based disease detection, and
real-time environmental monitoring. Data moves
from sensors to storage, Al models, and ultimately
the user interface for visualization and decision-
making as part of the system’s pipeline operation.

B.  System architecture

- Sensor Module (Data Collection)

The sensor module, which starts the system, is in
charge of gathering current environmental factors
that have an impact on plant growth. Temperature,
humidity, soil moisture, and light intensity are
some of these factors. In order to guaran-tee
prompt analysis, the data is continuously monitored
and represents the crop’s current environmental
circumstances.

- Data Storage Layer

A sensor data database and an image storage system
are the two main parts of structured storage systems
that store the gathered data. While the image storage
system saves plant leaf photos for disease analysis,
the sensor data database keeps track of
environmental readings with timestamps. Both
numerical and visual data are handled effectively
because to this division.
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Fig. 1. System Architecture of Plant Health
Forecasting using IoT and Al

- Disease Diagnosis Service (CNN Model)
Plant leaf photos are analyzed by the disease
diagnosis module using a Convolutional Neural
Network (CNN) model. In order to identify
possible plant illnesses and extract pertinent
information, the model analyzes input photos. It also
offers an illness likelihood score that aids in the
precise early detection of obvious plant illnesses.

- Risk Prediction Service (LSTM Model)

A Long Short-Term Memory (LSTM) model is used
by the risk prediction service to examine temporal
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patterns in disease outputs and environmental data.
By analyzing patterns in sensor data, this module
forecasts possible plant health hazards for the next
three to five days. Early prediction of plant stress or
disease situations is made possible by the risk
indices that are produced.

- Alerting Engine

The outputs produced by the prediction models are
continu-ously observed by the alerting engine. It
creates alerts and notifications to notify users when
anomalous situations or high-risk levels are found.
This lowers the likelihood of crop damage and
allows for prompt action.

- Fertilizer Recommendation Engine

The system makes intelligent recommendations
about crop treatment and fertilizer use based on the
analysis and prediction results. To treat identified
deficiencies and enhance overall plant health, this
module recommends suitable nutrients and remedial
actions.

- Farmer Dashboard

A user-friendly web or mobile dashboard displays
the system’s ultimate output. Real-time sensor data,
disease risk forecasts, alarms, and suggested actions
are all shown on the dashboard. Farmers may
readily monitor crop conditions and make well-
informed decisions thanks to this interface.

* Convolutional Neural Network (CNN)

Plant diseases are automatically classified from leaf
photos using a Convolutional Neural Network.
Texture variations, lesion patterns, and color
distributions are examples

of hierarchical spatial properties that the model
learns. The architecture is made up of:
Convolutional layers for the extraction of features,
Layers of non-linear activation, Layer pooling to
reduce dimensionality, Completely linked layers for
categorization.

Bacterial spot, early blight, late blight, and healthy
leaves are among the disease categories for which
CNN does multi-class categorization.

* Long Short-Term Memory (LSTM) Network

A Long Short-Term Memory network is used to
capture temporal dependencies in environmental
factors. Temperature, humidity, and soil moisture
are examples of sequential sensor data that the
LSTM processes.

Proactive decision-making is made possible by the
model’s ability to forecast future disease risk indices
over a short time horizon (such as three to five
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days).

- loT-Based Data Acquisition and Processing
Distributed sensor modules are used to gather
environ-mental data. Among the parameters
gathered are: temperature of the surrounding air The
relative humidity Levels of soil moisture intensity of
light Prior to being fed into predictive models, these
inputs undergo temporal aggregation and
normalization preprocessing.

- LoRa-Based Communication System

The system makes use of LoRa (Long Range
Communication Technology) to enable low-power,
long-range data transfer.

Important Features: Communication over long
distances (up to several kilometers), Minimal power
usage, Ideal for isolated farming settings.

Function inside the System: LoRa modules are used
by sensor nodes to communicate environmental
data. A central gateway receives the data. Data is
sent by gateway to cloud services for processing.

In places with poor internet connectivity, this
guarantees dependable communication.

- Decision and Alerting Mechanism

CNN and LSTM model outputs are combined in a
rule-based decision layer. When environmental
danger or anticipated disease probability surpasses
predetermined thresholds, alerts are generated.

- Recommendation Engine

Corrective measures like fertilizer application or
irriga-tion adjustment are suggested via a
knowledge-driven  suggestion  module.  The
recommendations are predicated on the sort of
disease that has been identified and the surrounding
circumstances.

D. Mathematical formulation

- Convolution Operation
XX
yid' = xi+1nvf+n Wmn + b (1)

m n

The convolution operation computes feature maps by
applying learnable kernels over the imput image.

- Activation Function (ReLU)

f(x) = max(o, x) (2)
- Softmax Function
. ez
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- Loss Function
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T
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- LSTM Formulation
The temporal prediction model 1s governed by gated
operations:
Forget Gate

Jr = o(Wylhes, x1 + bf) (5)
Input Gate
i = U(M[}Ir—1, )L'r] + b:) (6)
Candidate Cell State

C ¢+ = tanh(W.[ ks, x¢] + bo) (@)

Cell State Update

C=fi0C,+1:OC ; (8)
Output Gate
0r = S(Wo[hi—, x:] + b,) ©)]
Hidden State
h: = 0: © tanh(C) (10)

V. IMPLEMENTATION

A. Tools and Technologies Used

Machine learning frameworks, image processing
libraries, and Internet of Things hardware
components were used to create the suggested
system.

The main programming language utilized was
Python. TensorFlow and Keras were used to create
deep learning models, which made it possible to
implement CNN and LSTM architectures
effectively. OpenCV was used to perform image
preprocessing  operations  like  scaling and
normalization. NumPy and Pandas were used for
data processing and numerical operations.
Matplotlib was used to visualize the results,
including confusion matrices and precision-recall
curves.

B.  Description of the Dataset

The dataset includes both healthy samples and
tagged photos of plant leaves that reflect various
disease classifications.

The dataset contains the following classes:

Early Blight, Late Blight, Leaf Mold, Bacterial Spot,
and Healthy

Before training, every image was normalized and
shrunk to a consistent resolution of 128 x 128
pixels. To  enhance  generalization, data
augmentation methods including rotation and
flipping were used.
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A 70:15:15 ratio was used to separate the dataset
into training, validation, and testing sets.

IoT sensors were used to gather environmental
characteristics like temperature, humidity, and soil
moisture in addition to image data for time-series
analysis.

C. Model Specifications and Training Setup

ReLU activation and max-pooling layers come after
several convolutional layers with 3 x 3 filters in
the CNN model. The final softmax classification
layer is preceded by a fully connected dense layer of
128 neurons.

The Adam optimizer was used for training, with a
batch size of 32 and a learning rate of 0.001. Before
convergence, the model was trained over several
epochs.

An LSTM network with 50—100 hidden units was
utilized for temporal prediction in order to interpret
sequential sensor input and forecast disease risk.

D. Configuration of  Hardware and
Communication

An ESP32 microcontroller is used in the system
together with sensors for temperature, humidity, and
soil moisture.

Long-range and low-power communication between
sensor nodes and the central processing unit is made
possible by LoRa. Because of this, the system can
be implemented in isolated agricultural settings.

E.  Experimental Results Integration

- Confusion Matrix

The suggested model’s classification accuracy across
vari-ous classes is depicted in the confusion matrix.
The model is found to obtain good accuracy for
the late blight and healthy categories. However,
some classes—Ilike bacte-rial spot and leaf mold—
show misdiagnosis because of comparable visual
characteristics.
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Fig. 2. Normalized confusion matrix
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Confusion Matrix
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Fig. 3. Prediction distribution

- Precision—Recall Curve

The trade-off between recall and precision is
illustrated by the precision-recall curves. Healthy
and late blight classes perform well, however leaf
mold performs very poorly, suggesting difficulties
in differentiating between identical disease patterns.

- Precision—Confidence Curve

The precision—confidence curve demonstrates that
as confidence thresholds rise, forecast precision
rises. This aids in determining the ideal threshold to
lower deployment false positives.

Detection Results

Precision-Recall Curve
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Fig. 4. Precision—Recall curves for different plant

disease categories
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Fig. 5. Precision—confidence curve illustrating
model reliability
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Fig. 6. Precision—confidence curve illustrating
model reliability

The precision—confidence curve demonstrates that
as confidence thresholds rise, forecast precision
rises. This aids in determining the ideal threshold to
lower deployment false positives.

VI. RESULTS AND DISCUSSION

A. Trade-offs and Design Decisions

Transparency and simplicity are given precedence
over intri-cate orchestration techniques in the system
design. The system is simpler to use and deployment
complexity is decreased when operations are carried
out directly without extensive virtualization. To
prevent inadvertent activities, this method
necessitates careful handling of security.

Critical operations are secured with a PIN-based
authentication system. Although it lacks enterprise-
level access control, this offers a useful and
lightweight solution appropriate for individual users.
Debugging and customization are made simple by
the use of straightforward configuration formats.
However, in contrast to more structured systems, it
might not have stringent vali-dation and type safety.
For developers, this trade-off increases flexibility
and usefulness.

Furthermore, context awareness increases system
accuracy while maintaining quick response times
through lightweight implementation. Although deep
data analysis could boost speed, it would also
lengthen processing times and complicate systems.

B. Evaluation of Current Systems

The suggested method places more emphasis on
practical use than only performance indicators when
compared to previous solutions. While many current
systems offer single-step outputs, this method
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permits iterative engagement, allowing users to
gradually improve results.

A more comprehensive solution is produced by
combining several features, including monitoring,
prediction, and recommendation. This method
combines intelligence analysis with real-time data
collection, in contrast to systems that exclusively
concentrate on one aspect.

Additionally, the system is built to be expandable,
enabling future interaction with other platforms or
services, allowing it to be tailored to various use
cases.

VIIL CONCLUSION

By combining Internet of Things (IoT) and artificial
intelligence (AI) technologies, the suggested
solution offers a clever and effective method for
monitoring and forecasting plant health. In order to
monitor environmental conditions and identify plant
illnesses, the system uses machine learning and deep
learning techniques in conjunction with sensors to
enable real-time data collection.

The technology offers a complete solution for
raising agricultural productivity by fusing sensor-
based monitoring with image-based disease
identification. While the user interface makes it
simple for farmers to monitor plant conditions and
get timely notifications and advice, the usage of
cloud storage guarantees data accessibility.

The technology facilitates improved decision-
making for irrigation, fertilization, and disease
control, lessens manual labor, and aids in the
early identification of plant stress. In the end, this
increases crop productivity and encourages
sustainable farming methods.
The system offers a solid basis for smart agriculture
solutions despite certain drawbacks, such as reliance
on sensor accuracy and internet access. The system
can be further enhanced in the future to attain greater
automation, scalability, and accuracy.
In summary, the use of IoT and Al in plant health
forecasting provides a dependable, scalable, and
economical solution that can greatly enhance
contemporary agriculture and aid in the creation of
smart agricultural systems.

VIII.  FUTURE WORK
The system can be further
implementing advanced features:

improved by
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Advanced Al Models: More potent deep
learning architectures, such as CNN variations
and hybrid models that combine sensor and
image data, may be used in future research. This
will increase the precision of disease detection
and produce more trustworthy forecasts.

Integration of Weather Forecasting Data:
Rainfall, wind speed, and temperature patterns
are examples of real-time and historical weather
data that can greatly improve forecast accuracy
and assist more efficiently
organizing their agricultural operations.

Scalability for Large Farms: By deploying

farmers in

numerous sensor nodes and utilizing distributed
data processing techniques, the system can be
expanded to handle large-scale agricultural
fields.

Integration with Government and Agricultural
Databases:  Additional
recommendations,

insights like crop
soil health reports, and
subsidy details can be obtained by connecting
the system with agricultural databases.
Predictive Analytics and Yield Estimation:
Future models can assist farmers with planning
and decision-making by estimating crop yield
and forecasting future risks based on long-term
data analysis.
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