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ABSTRACT 

 
In this article, we suggest an approach of machine Learning technique to investigate a set of multisource 
remotely sensed data to diagnose plant stress early. The model of this work is the combination of satellite 
images, high-resolution data using UAVs and a hyperspectral sensor aimed at capturing stress factors, 
including drought, pests, and nutrient deficiencies, to maximize the health of plants. The system is 
developed based on state-of-the-art machine learning models, support vector machines (SVM), 
convolutional neural networks (CNN) and long short-term memory (LSTM) networks are used to 
accurately analyze and forecast plant stress by utilizing the data. Its efficacy on various datasets is 
confirmed by experiments that demonstrate impressive results compared to the state-of-the-art approach. 
The hybrid model is 94.5% higher than the other models, SVM, CNN, and LSTM. In precision agriculture, 
early warning of the model can be used to efficiently utilize resources, reduce crop losses, and improve 
yield quality. The given method offers an implementable and scalable solution to the problem that could be 
applied to commercial-level agricultural systems and stresses the importance of the given method in 
facilitating the sustainability and agricultural decision-making methods of modern farm systems. 
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1. INTRODUCTION  
 
1.1 Background 
 
Whether it is feeding the world or giving livable 
skills to most early people, agriculture has never 
ceased to remain an essential industry in global 
food security and economic growth. Since climate 
change is making things more unpredictable and 
with special weather patterns and population rise, 
farmers are pressured to come up with a harvest. 
Plant stress is one of them, and it can be induced by 
various reasons, such as droughts, pests, diseases, 
and lack of nutrients; this remains one of the 
significant challenges of the production system, as 

it leads to a lesser crop yield and higher economic 
losses [1], [2], [3]. 
Early detection of stress factors affecting plants is 
important to limit these negative impacts and 
improve agricultural management. Detecting plant 
stress has traditionally required farmers and 
agronomists to visually assess with their eyes or 
hands. But this method is usually subjective, 
tedious, and only applicable to local farms and 
small crop types. Remote sensing through satellite 
imagery, drones (UAVs), and hyperspectral sensors 
provides an efficient solution in the form of real-
time and large-scale monitoring of crops. These 
technologies facilitate continuous plant health 
monitoring and allow for better insights into 
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various stressors before the symptoms become 
visible and give more room for using practical 
interventions [4], [5], [6]. 
Recent developments of artificial intelligence (AI) 
and machine learning (ML) tremendously advanced 
the remote sensing usage as well, as huge datasets 
can be analyzed automatically to identify plants 
under stress at an early stage and at high 
accuracies. Machine learning models are adept at 
finding complex relationships in remote sensing 
data and can therefore isolate early indicators of 
stress that may not be visible to the human eye. The 
potential of AI-based systems to revolutionize 
plant health monitoring [7], [8], [9] and help 
increase crop yield and agricultural sustainability. 
 
1.2 Problem Statement 
 
Although remote sensing and ML/AI have great 
potential to support agriculture in the future, there 
are notable challenges to develop an optimal early 
warning system for plant stress. The existing 
techniques used for the detection of stress rely on 
manual analysis or standard image processing 
techniques that may not be able to handle large 
datasets or consider the complexity of 
environmental variation like soil moisture, weather 
conditions, and the response of various plant 
species to stress [10], [11]. 
Moreover, standard modeling techniques can be 
challenging to scale across heterogeneous 
agricultural systems. Crops respond differently to 
different kinds of stress, and multiple 
environmental variables light, temperature, and 
humidity among the riskiest have been shown to 
impact the validity of remote sensing data, 
producing noise or inaccuracies when predicting 
crop conditions. Output [12] Developing an AI and 
ML-based system with such a level of 
generalization across crops and conditions at 
significantly high accuracy is a complex 
requirement but essential [12], [13]. 
Moreover, there are no standard datasets available 
for stress detection. You are trained on sensed 
images like with satellites and UAVs, but the 
datasets for things like plant stress detection are 
still very rare. This prevents machine learning 
algorithms from extracting information and 
learning from a wide range of representative data, 
resulting in low prediction accuracy. Extensive 
early detection of stress in plants demands these 
specially trained models based not only on 
advanced ML techniques but also on various types 
of RS data [14], [15]. 
 

1.3 Research Objectives 
 
In fact, the key goal of this research is to create a 
complete AI-based framework for early plant stress 
detection using remote sensing data. Such detection 
mechanism is based on a framework for integrating 
multiple remote sensing data: satellite images, 
UAV-based high-resolution data and hyperspectral 
imagery for detecting various plant stress factors. 
Specific objectives include: 
Building the detection system based on Machine 
learning: It will use advanced machine learning 
techniques such as deep learning, SVM and 
decision trees to interpret and classify the plant 
stress from the remote sensing data. 
For example, precise performance assessment: the 
study will analyze the performance of multiple 
machine learning algorithms and how they perform 
to detect diverse states of plant stress, from 
drought, pests, and nutrient deficiency. 
Analyzing the effects of environmental state: The 
project will explore how variations in 
environmental conditions influence the 
performance of stress detection models and how 
those can be optimized to be used on different 
agricultural systems. 
Scalability and practicality: The central objective is 
to create a system that can be scaled efficiently 
across different crop types and environmental 
conditions, which would be hugely applicable for 
large-scale farms as well as various agricultural 
settings. 
The proposed research has the objectives 
mentioned below. By achieving these objectives the 
proposed research will offer a strategy for earlier 
detection of stress, which might escape the notice 
of farmers and agronomists, resulting in improved 
decisions, resource use efficiency and mainly 
mitigation and remediation of losses for such crops. 
 
1.4 Novelty 
 
This paper is novel in terms of integrating many 
sources of remote sensing data and machine 
learning models to identify the stress in the plant. 
Various studies have considered remote sensing 
and machine learning within the realm of 
agriculture, yet few have integrated satellite, UAV, 
and hyperspectral imaging within a framework for 
early-stage stress detection. These diverse data 
sources, when combined, offer a more holistic view 
of the plant, leading to improved accuracy and 
robustness in detection across various 
environmental conditions. 
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We present further research integrating 
Convolutional Neural Networks (CNNs), a type of 
deep learning model, to identify plant stress in 
high-resolution imagery via spatial-oriented 
patterns. Deep-learning algorithms are especially 
good in recognizing crystalline non-linear patterns 
from complex data, unlike machine learning 
models, making them very suitable for early 
diagnosis of stress in at-risk groups. 
Scanlon this study also investigates the 
evolutionary nature of plant stress, integrating 
temporal data and the progressive nature of stress. 
This study adds a novel dimension to the analysis 
of plant stress, namely the potential not only to 
detect, but also to predict the progression of plant 
stress, which will certainly open new opportunities 
for preventative intervention and plant management 
in the field of precision agriculture. 

In the end, by using multi-source remote sensing 
data, the platforms will pave the way for better 
automated plant stress detection shelves through 
improved cross-domain machine learning 
techniques. This could optimize crop health 
management and maximize yield, both of which 
are critical challenges facing global agriculture. 

2. RELATED WORK 

2.1 Remote Sensing in Agriculture 
 
The reliance on remote sensing technologies has a 
remarkable impact on the monitoring of kinds of 
agriculture. Come Learn About the Global Impact 
of Remote Sensing REMOTE SENSING The first, 
best and only use-case is Remote Sensing data 
from satellites, UAVs (unmanned aerial vehicles), 
and hand-held devices collecting information and 
images surrounding plant health. These 
technologies can identify changes in the plant 
canopy that signal stress from lack of water, 
nutrient deficiencies, diseases or pest infestations. 
Remote sensing is a more non-intrusive, cheaper, 
and scalable alternative to regular monitoring of 
crops, which can be tricky and usually requires the 
physical inspection of the crop. 
Optical, thermal infrared and hyperspectral data 
types are the most widely used remote sensing data 
types. Such imagery allows us to monitor the 
progress and condition of crops throughout the 
growing season. In contrast, thermal infrared 
images signal heat stress or water stress in plants. 
Hyperspectral imagery is an even higher resolution 
level of detail, where sensor captures input data 
across hundreds of narrow spectral bands. Such 
data can be used to identify early symptoms of 

plant diseases and nutrient deficiencies that may not 
be visible to the human eye [16], [17]. 
With recent developments in remote sensing 
technologies, crops have been monitored on a large 
scale, significantly improving the precision 
agriculture possibilities. The question, however, is 
how to manage this massive amount of data 
presented by these technologies and transform it 
into a farmable entity. Thus, the application of 
machine learning and artificial intelligence with 
remote sensing data became the practical answer to 
these questions [18]. 
 
2.2 Machine learning in agriculture 
 
Machine Learning (ML) has become one of the 
drivers in the study and evaluation of remote 
sensing data employed in agricultural surveys. ML 
can handle huge datasets and identify intricate 
trends and things that might not be evident to 
humans. During the past ten years, ML has been 
increasingly used in the field of agriculture, such as 
crop classification, disease detection, yield 
prediction, and plant stress detection. 
Decision trees, random forests, and support vector 
machines (SVM) have all been highly researched in 
the role of classifying the stress and crop health of 
the plant by classical ML algorithms. These 
methods are efficient in structured information, and 
in this sort of information, it can store the plant's 
health based on some features obtained by remote 
sensing information. For example, vegetation 
health/vigor may be determined by using NDVI 
(Normalized difference vegetation index)/EVI 
(Enhanced vegetation index). The ML algorithms 
then process these indices to segment the crops into 
healthy or stressed categories [19], [20]. 
More recently, deep learning (DL) models, 
particularly convolutional neural networks (CNNs), 
have gained prevalence in automatically computing 
spatial features on images. CNNs in appropriate 
form (called deep learning) have the potential to 
use high-resolution images acquired by UAVs or 
satellites, and specific methods can see pre-stress 
signs that would be challenging to recognize in 
traditional methods. These studies give a higher 
accuracy of DL models than classical ML 
algorithms in the detection of early and late-stage 
plant diseases and stress detection [21], [22]. The 
disadvantage of deep learning is that the models 
must be trained with large, labeled datasets, which 
may be complex and expensive to create in 
agriculture. 
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2.3 Difficulties in Early Detection of Plants 
Stress 
 
The initial big challenge is that different plants 
respond differently to stress. However, there exists 
a massive difference in the response of various crop 
species to environmental circumstances like 
droughts, pest attacks and disease. This means that 
a model developed based on a specific type of crop 
might not work the same way on other types of 
crops, or, in other words, models are rather difficult 
to generalize [23], [24]. 
Another challenge is that environmental factors 
significantly impact the remote sensing data. Cloud 
cover and atmospheric or other meteorological 
conditions have the potential to impose noise or 
error in the data sensed and can create errors in the 
identification of plant stress. What is more, the 
expression of stress in the plant depends on the soil 
properties, the crop's development condition, and 
the plant's age, which further complicates detection. 
A lack of standardized datasets is yet another 
significant issue. Remote sensing data easily 
becomes available, but comparatively little labeled 
data is available to train machine learning models, 
particularly to detect plant stress. This lack of 
labeled data presents problems with training models 
that can be developed to detect signals of stress as 
accurately as possible. Such methods need an 
accessible collection of high-quality and properly 
labeled datasets that cover various crops, stress 
treatments, and environments [26], [27]. 
Moreover, there is still a lag in real-time and 
scalability. Even though remote sensing data can be 
collected in real-time, the ability to be processed 
and transformed into pertinent valuable information 
for farmers at the right time is a problem. In 
addition, most of these models do not apply to large 
regions of farmlands or across various crops. This 
is an ongoing field of research to find solutions that 
are scalable with such cases as large amounts of 
data being transacted in different styles of farming 
[28], [29]. 
 
2.4 New Developments in AI and ML for Plant 
Stress Detection 
 
Recently, there has been a growing interest in 
leveraging artificial intelligence (AI) and machine 
learning (ML) methods for diagnosing plant stress. 
However, there are numerous recent works aiming 
at improving plant stress detection techniques by 
combining remote sensing data with AI algorithms. 
Some hybrid approaches proposed by researchers 
combine classical techniques from the machine 

learning domain with deep learning models to 
increase the detection accuracy and reduce the data 
dependency [30], [31]. 
Another example is the implementation of 
ensemble methods, where predictions from several 
machine learning models are aggregated to achieve 
superior accuracy. These models have achieved 
promising results in predicting stress for different 
crops by combining data from different sensors and 
combining them with weather variables such as 
temperature, humidity and soil moisture [32]. 
Yet another use case for this is transfer learning 
where deep learning models can be trained on one 
dataset and apply it to another dataset with 
minimal retraining. This approach is especially 
valuable in agriculture, where data sets pertaining 
to specific crops or stress conditions may be sparse. 
Research has been done to build more generalized 
models that can be used on different 
crops/environments using transfer learning [33]. 
They have also explored temporal data — tracking 
the health of a plant in time. Through the 
integration of time-series data, AI models can not 
only provide predictions about the future of stress 
but also make more informed predictions about its 
effect on crop yield. This gives farmers precious 
lead-time to correct the damage before it becomes 
too significant [34]. 
 
2.5 Integrated systems in remote sensing and 
machine learning 
 
This work represents an emerging discipline of the 
integration of remote sensing and machine learning 
into a single stand-alone system for plant stress 
recognition. Many studies have attempted to 
integrate the strengths of both methods to build 
decision support systems for the farmer. Using real-
time remote sensing data and user data in 
conjunction with machine learning, these systems 
facilitate actionable insights, including early 
warning systems for drought, pest infestation or 
disease outbreaks. 
For example, systems that leverage satellite-based 
remote-sensing data and machine learning can scan 
vast agricultural areas for early signs of stress and 
update farmers regularly on plant health. Moreover, 
it opens the possibility of creating more mobile 
applications and web-based programs that can 
present them in a user-friendly format to farmers so 
that they can visualize this information to make 
educated decisions about irrigation, fertilization, 
and pest control [35], [36]. 
Such an integrated system can also transform 
precision agriculture by enabling in situ diagnostic 
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tools of plant health that make remotely accessible 
measurements without needing continuous clonal 
sampling and assessment. By analyzing large 
amounts of remote sensing data, machine learning 
models can detect stress much earlier, leading to 
improved efficiency in resource use and agricultural 
management [37]. 

The existing literature on plant stress 
detection using remote sensing and machine 
learning methods has been critically evaluated in 
this study. Previous works primarily focused on 
individual data sources such as satellite imagery or 
UAV-based data for plant stress detection. 
However, none of these approaches have 
successfully integrated multiple remote sensing 
technologies to provide a more holistic view of 
plant health. This study addresses this gap by 
combining satellite, UAV, and hyperspectral 
imagery to enhance the accuracy and robustness of 
plant stress detection, making it applicable to a 
wider range of crops and environmental conditions.  
 
3. METHDOLOGY 

3.1 Data Collection 
 
Data collection is vital in creating a suitable AI-
based system for the early detection of plant stress. 
This study utilizes data from multiple remote 
sensing sensors, which are merged to provide 
different aspects of overall plant health data to test 
the resiliency of the model. Therefore, data from 
either Sentinel-2 or Landsat with high temporal 
resolution can be used for large-scale monitoring. 
These satellites collect data in several spectral 
bands and then derive vegetation indices like NDVI 
(Normalized Difference Vegetation Index) and EVI 
(Enhanced Vegetation Index) from that. These 
indices serve as essential stress markers: they 
correlate with the health (i.e., chlorophyll content) 
of plant vegetation. Satellite data provides an 
expansive, high-level perspective of large 
agricultural fields, making it possible to spot stress 
regionally, e.g., drought or disease outbreaks. 
Data acquisition from UAV (unmanned aerial 
vehicle) attached to RGB, multispectral and 
hyperspectral camera also falls into the category of 
high-resolution data. UAVs (Unmanned Aerial 
Vehicles) have the capability of capturing low-
altitude, high-resolution images of crop fields, 
revealing stress at the sub-field scale. By 
monitoring and recording localized factors of stress 
on the plant, such as pests or water stress that are 
not necessarily captured in satellite imagery, this 
data provides more detail for improving sensitivity. 

UAV-based imagery is critical for early-stage 
detection, as it offers a finer spatial resolution to 
discern between signs of stress that can be missed 
in overviews data. 
Hyperspectral Imagery, having a larger spectral 
detail than the multispectral data, is also 
incorporated into the study; in contrast to 
conventional multispectral sensors that measure 
only a few wide spectral bands, the hyperspectral 
sensory measures hundreds of narrow bands of the 
spectrum with the possibility of identifying slight 
changes in the condition of the plants, such as 
nutrient starvation, chlorophyll decay or evidence 
of illness [8]. These spectral signatures form the 
necessary platform that helps to detect the plant in 
its early stage of stress because they can be used to 
detect stressors that the human eye cannot view. 
The three mentioned remote sensing data sources 
(satellite imagery, UAV images and hyperspectral 
data) enable the research to produce a more diverse 
dataset (regarding crop types and environmental 
conditions), thus making the model robust. 
 
3.2 Data Preprocessing 
 
Once this remote data is obtained, it requires a data 
preprocessing step to prepare the remote sensing 
data for analysis by machine learning approaches. 
Raw data from satellite, UAV, and hyperspectral 
sensors undergo several corrections to enhance the 
results. For one, the images are corrected for 
atmospheric distortions such as clouds covering the 
area being monitored and interference caused by 
aerosols in the atmosphere that could tamper with 
the data. Hence, the atmospheric correction is 
followed by a geometric correction, which aligns 
the images with the Earth surface, to make sure 
they are geo-referenced and consistent with the 
other data. These adjustments are necessary to 
reduce the errors which can influence plant health 
classification. 
Once the correction has been completed, feature 
extraction is performed to generate a representation 
of the image data that can be fed into the machine 
learning models. For satellite images NDVI and 
EVI are calculated for vegetation indices. These 
indices are commonly used to characterize 
vegetation health by enhancing the contrast 
between near-infrared and visible light reflectance 
that is sensitive to the amount of chlorophyll 
content in all vegetation. For UAV-based data, 
color-based and texture-based features (capturing 
patterns such as leaf arrangement and canopy 
structure) are extracted based on RGB values. 
These features are crucial to identify localized 
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stress, whether they are caused by pests or 
pathogens. In this step, hyperspectral data is of 
specific interest, because it enables the extraction of 
certain different wavelength bands sensitive to 
plant stress. These bands allow for information on 
the chemical composition and health of the plants, 
making it possible to detect early-stage stress 
factors, such as deficiencies in nutrients or the loss 
of chlorophyll. 
Data Normalization Data normalization is the next 
step after the features are extracted. Normalization 
helps to keep everything on the same scale bro, and 
stops some features being better than others just 
because of their value. Min-Max scaling or Z-score 
normalization or other similar techniques are used 
to normalize the data into a range that machine 
learning models can act upon. Lastly, data 
augmentation increases the variability of the 
training dataset. These include things like 
rotations, flips and random scaling applied to the 
images so that the model gets to learn to generalize 
better new, unseen data. These preprocessing steps 
clean, standardize, and enrich the data, preparing it 
for the input to the machine-learning models. 
 
3.3 Machine Learning Models 
 
There can be different types of machine learning 
models which can be used for the core process of 
plant stress detection system which classify plant 
health and predict stress level severity based on the 
processed data. Several machine-learning 
algorithms are employed in this study to 
accommodate the different nature of data and to 
represent complex relationships between the 
features of input data and indicators of plant health. 
The spectral features are extracted from the data 
and then SVM is applied to categorize the plant 
stress levels. Support Vector Machine (SVM) is a 
supervised learning algorithm that can be used for 
classification or regression tasks. We use the 
Radial Basis Function (RBF) kernel to consider the 
non-linear connections between the features and the 
stress categories: healthy plants, drought-stressed 
plants, and pest-infested plants. 
A CNN for high-resolution image processing from 
UAV. This capability makes CNNs especially 
effective for the analysis of images, where they 
learn hierarchical features directly from the raw 
pixels. These models are trained to identify subtle 
spatial features in the bottom color indicating the 
presence of plant stress, such as abnormal leaf 
shapes or discoloration due to a disease or pest. 
Since CNNs can perform deep learning and extract 
high-level spatial features automatically, they are 

efficient in detecting plant stress. This involves 
training Convolutional Neural Networks (CNNs) on 
a labeled dataset of UAV images, where the stress 
type of each image is specified, allowing the model 
to learn the classification when processing new, 
unseen images. 
The Random Forest (RF) model is used to predict 
the stress level of the plant based on the 
environment parameters (temperature, humidity, or 
soil moisture), along with features extrapolated 
from the remote sensing exposure. Usually, 
Random Forest is a ensemble learning method that 
builds several decision trees and takes the average 
of the result of all of those decision trees to get the 
final projection. The model can become less 
overfitting and more robust over the noisy data 
because every tree in that forest is trained after a 
subset of the data and a subset of features. Random 
Forests are well-suited to capture the increasingly 
complex interaction of triples, singles, and doubles 
of environmental factors and here were applied to 
predict the severity of plant stress caused by these 
factors. 
In the approach, Recurrent Neural Networks 
(RNNs), especially Long Short-Term Memory 
(LSTM) networks, are incorporated to preserve the 
temporal dynamics of plant stress. RNNs are 
specific neural networks that work with sequences 
and recall long dependencies, unlike other machine 
learning models. The phenomenon of the 
development of plant stress over time can well be 
modeled using a specific architecture of recurrent 
neural network (RNN) known as long short-term 
memory (LSTM). An LSTM model can be used to 
forecast how a drought would occur in the 
following weeks in the history of the plant stress 
levels. The time-series data suitable for predicting 
plant health with LSTMs include, among others, the 
daily weather data of a specific area or the weekly 
stress level of plant leaves using particular devices. 
The Hybrid Model Approach entails piling up the 
output of SVM, CNN, RF, and LSTM models that 
apply with an ensemble learning strategy to 
guarantee improved precision in prediction. 
Another term used to cast this method is stacking, 
where each model's prediction is weighted after 
scoring on its performance, and a meta-model, 
typically logistic regression or another classifier or 
machine learning class of model, makes a decision. 
In this article, the hybrid method of predicting plant 
stress is novel and, by exploiting a variety of 
machine learning models that are particularly good 
at analyzing the given data (since CNNs are good at 
identifying the spatial features of an image and 
LSTMs are good at discovering temporal trends on 
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time-series data) produces a more finely-detailed 
prediction on whether the plant is stressed or not. 
This approach uses a combination of machine 
learning methods that are sufficiently well-suited to 
work with different data types (with images, 
spectral indices, and environmental variables), 
offering a detailed plant stress detection solution for 
heterogeneous crops and environmental conditions. 
 
3.4 Architecture 
 
The system architecture, presented in Figure 1, 
shows several components of data sources, 
preprocessing, algorithms, and decision support 
system used to classify the stress levels and provide 
the insights to act. An architectural diagram of 
conceptual knowledge is provided below: 

 
Figure 1: Plant Stress Management Process 

 
The Plant stress management process starts with 
Data Collection. In the first step, data is collected 
from satellite imagery, UAV based and 
hyperspectral images. This aggregated data can be 
instrumental in monitoring plant health, as well as 
the environmental conditions that may play a role 
in causing plant stress, whether due to drought, pest 
infestation, or disease. Such information is 
important to monitor the condition of the plant and 
serves as input to the subsequent analysis in the 
process. 
Next up after Data collection is Data Preprocessing, 
which refers to cleaning and preparing the raw 
material for analysis; data preprocessing entails 
removing dirty data, correcting the distortion 
caused by atmospheric reasons or sensor 
constraints, and normalizing the data so that the 
results can be constant across the different input 
channels. You also get some main characteristics of 
the data, such as vegetation indices such as NDVI 
and environmental factors such as temperature and 
humidity, among others, which data can gauge the 
health of plants. 

The model training or stage 3 is where the training 
occurs, where machine learning methods are 
applied to the already preprocessed data. During 
this stage, several machine learning algorithms such 
as Support Vector Machine (SVM), Convolution 
Neural Networks (CNN), and Random Forest (RF) 
will be trained using the data to find patterns related 
to stress in plants. The models ought to distinguish 
between a healthy and an unhealthy plant and know 
how stressed the plant is using the data’ features. 
After training, such a model can recognize 
indicators of plant stress earlier than a human could 
do, and this way, better remediation can be 
executed with reduced delay. 
The third and the last process is Ensemble 
Prediction, in which the output of various machine-
learning models is combined to create the final 
production. In this stage, several models are 
combined using ensemble techniques such as 
stacking to form a final, more accurate and 
consistent prediction based on predictions of 
multiple models. The ensemble method combines 
individual strengths of the models and, as a result, 
minimizes by a factor of ten the error relative to the 
baseline and retains the correct decisions. 
Finally, the Decision Support condenses the work 
of models of stress detection and transforms the 
information into an actionable one. At this stage, 
farmers, agronomists, and other stakeholders are 
presented with recommendations made dependent 
on the stress levels identified in the plants. Such 
recommendations may imply alteration of the 
method of irrigation, use of pesticides, or nutrient 
levels. Through these findings, decision-makers 
should be able to be proactive to the ability of stress 
on the plants and optimize agricultural processes, 
resulting in the proceeding of the yield and more 
sustainability of the processes. 
The Plant Stress Management Process Data Flow 
from Collection to Action recommends covers 
every step of the supply chain from the initial data 
source to championing tree health to yield. Data is 
progressively more exhaustive and actionable as it 
funnels through each phase, culminating in an 
umbrella toolset that allows users to distill their 
root zones down to the plant stress level. 
 
3.5 Mathematical Models 
 
The following mathematical models will be used to 
formalize the machine learning algorithms: 
 
Support Vector Machine (SVM): 
The SVM algorithm seeks to find a hyperplane that 
maximally separates data points of different classes. 
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The decision function for a binary classification 
problem can be expressed as: 
 

                                         (1) 
 
where w is the weight vector, x is the input feature 
vector, and b is the bias term. The SVM 
optimization problem involves maximizing the 
margin between classes while minimizing 
classification errors. 
Convolutional Neural Networks (CNN): 
The CNN model is based on convolutional layers 
that apply convolution operations to image data, 
followed by pooling layers for down-sampling. The 
output of a CNN layer can be written as: 
 

                                                (2) 
 
where W is the weight matrix, x is the input image, 
and b is the bias. The function of typically 
represents a ReLU activation function, and * 
denotes the convolution operation. 
Random Forest (RF): 
Random Forest is an ensemble of decision trees. 
Each decision tree makes a prediction based on 
input data, and the final output is the majority vote 
of all the trees. The decision function of a single 
tree is: 
 

                                               (3) 
 
where wi represents the weight (or feature 
importance) of each feature in tree i, and xi 
represents the feature vector for the ith decision tree. 
Long Short-Term Memory (LSTM): 
The LSTM model is used to capture long-range 
dependencies in time-series data. The LSTM cell 
state evolution is given by the equation: 
 

                                          (4) 
 
where Ct is the cell state at time t, and it, ft, and ot 
are the input, forget, and output gates, respectively. 
 
The research methodology adopted in this study 
involves a multi-step approach. Data collection was 
carried out using remote sensing technologies, 
including satellite imagery, UAV-based high-
resolution images, and hyperspectral data. These 
datasets were preprocessed to correct for 
atmospheric distortions and geometric 
inconsistencies. Feature extraction was performed 
to generate meaningful representations of plant 
health, which were then fed into machine learning 
models for classification. The models, including 

SVM, CNN, RF, and LSTM, were trained on 
labeled data to classify plant stress levels and 
predict the severity of stress. 
3.6 Novel Contributions 
 
Here we present novel outcomes of this research in 
multiple areas which will help to extend plant stress 
detection and management. The multi-source data 
integration approach is a significant contribution in 
the first place. This study adopts an innovative 
approach to agricultural monitoring by merging 
reliable satellite, UAV and hyperspectral data into 
a common machine learning framework. The data 
sources each address different aspects of plant 
health, and their combination provides a holistic 
view of stress, important for early detection. The 
integration of remote sensing data with ground-
level observations creates the potential to develop a 
comprehensive tool that allows the identification 
and mapping of plant stressors at both regional and 
localized scales. 
The other noteworthy contribution is the proposal 
of a hybrid machine learning model. It comprises 
Support Vector Machines (SVM), Convolutional 
Neural Networks (CNN), Random Forest (RF) and 
Long Short-Term Memory (LSTM) networks to 
detect, as well as predict the severity of plant stress. 
The hybrid model effectively combines the 
capabilities of the model types to improve 
accuracy and robustness of the system utilizing the 
strengths of SVM in spectral data classification, 
CNN in spatial patterns recognition, RF in 
environmental variables treatment, and LSTM in 
temporal prediction. Then this new approach 
guarantees that the system can cope with diverse 
conditions and the complexity of relationships 
between the variables, enhancing the reliability of 
prediction applications. 
Our third contribution comes from the temporal 
prediction ability given by the possibility of 
constituting a Recurrent Neural Network (RNN), 
which in our case is an LSTM network. These 
models can be used to predict the progression of 
plant stress over timesteps to only detect flora 
stress but also predict its progress. This foresight, 
derived from the model's ability to capture long-
term dependencies and temporal patterns, 
empowers farmers to act pre-emptively before the 
stress escalates, thus enhancing crop management 
practices significantly. 

We summarize that an novel and 
integrated approach on multi-source data, hybrid 
machine learning models and temporal prediction 
have greatly enhanced the achievement on plant 
stress detection and management. The alternative 
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technique introduced in this study provides a strong 
and scalable method which may also be applied in 
advance time in precision agriculture and 
significantly improve decision making and resource 
management in agriculture. 

 

4. RESULTS 

4.1 Model Evaluation and Performance Metrics 
 
The models assessing capability were tested with 
the large dataset on plants stress under different 
environmental conditions, including drought stress, 
pest infestation, and nutrient deficiency. The data 
included UAV images, satellite images, and 
hyperspectral data which were preprocessed and 
normalized as described in Section 3. 
Series of deep Learning and machine learning 
models: Support vector machine (SVM), 
Convolutional neural networks (CNN), Random 
Forest (RF), Long short-term memory (LSTM), and 
the proposed hybrid model by combining these 
algorisms. 
Standard classification metrics were used to assess 
the models: Accuracy, Precision, Recall, F1-Score, 
and AUC. These metrics are described below: 

 Accuracy: Number of correct predictions 
/ total number of predictions. 

 Precision: True Positives/ (True Positives 
+ False Positives) 

 Recall: The ratio of true positives that the 
model correctly identifies to all instances 
that are actually positive. 

 F1-Score: The mean (or harmonic mean) 
of the Precision and Recall, used as a 
single measure of a model’s performance. 

 Areas Under the Curve (AUC / ROC): 
These measure, visually, how well a model 
can separate classes. 

Here are the results produced by each model on the 
test dataset: 
 

Table 1: Comparison of Model Evaluation and 
Performance Metrics 

Model Accura
cy 

Precisio
n 

Reca
ll 

F1-
Scor

e 

AU
C 

SVM 85.5% 0.87 0.83 0.85 0.92 

CNN 91.2% 0.92 0.89 0.90 0.95 

RF 88.3% 0.89 0.86 0.87 0.94 

LSTM 86.7% 0.88 0.84 0.86 0.91 

Hybrid 
Model 
(Propose
d) 

94.5% 0.94 0.92 0.93 0.97 

 
The Hybrid Model, as see in Table 1 above, 
outperforms all individual models with an accuracy 
of 94.5% and AUC = 0.97. The model also reaches 
the best F1-score (0.93) and precision (0.94) clearly 
showing its strength of identifying stressed plants 
without false positives and false negatives. 

 
Figure 2: Model Performance Comparison (Accuracy, 

Precision, Recall, F1-Score, AUC) 
 

Figure 2 illustrates the comparison of model 
performance across various evaluation metrics, 
including Accuracy, Precision, Recall, F1-Score, 
and AUC, for the SVM, CNN, RF, LSTM, and 
Hybrid models. The results highlight that the 
Hybrid model outperforms the other models in all 
metrics. It demonstrates its superior ability to detect 
plant stress with high precision and accuracy, 
making it the most effective solution for early plant 
stress detection. 
 
4.2 Comparison with State-of-the-art Models 
 
We compare the performance of the models in the 
literature with the proposed hybrid model to assess 
its novelty and effectiveness. There are multiple 
studies investigating the potential of remote 
sensing and machine learning for stress detection in 
plants. Such a common approach is to use SVM or 
Random Forest for classification based on NDVI or 
other spectral or phenological indices. Though 
effective, these models usually depend on a single 
data source (like satellite images) and struggle to 
grasp complex spatial and temporal properties well. 
They have a hard time representing complex 
relationships and challenged in their processing of 
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high-dimensional data: While SVM and RF are 
common in agriculture, they cannot effectively 
capture complex relationships between 
environmental factors and plant health. This 
explains why these models show low accuracy and 
recall scores; as the data is small, these models tend 
to overfit when there is noise present in the data. 

 CNN: Deep learning architectures such as 
CNN (Convolution Neural Networks) are 
very useful for analyzing images or UAV-
based data. Yet CNNs need large amounts 
of labeled data to reach high performance, 
and temporal dynamics or environmental 
factors are not fully considered, as shown 
by the performance gap compared to the 
hybrid one. 

 LSTM: Although LSTM networks can be 
useful for temporally oriented data, they 
need a long series of data to find relevant 
information, and their accuracy can suffer 
significantly when data are scarce or noisy, 
as was the case with LSTM achieving a 
lower accuracy (86.7%) than hybrid 
model. 

By adopting a Hybrid Model that combines several 
machine learning models (CNN, SVM, RF, LSTM) 
together, it can take advantage of the strengths of 
each individual model, such as CNN for spatial 
feature learning, SVM for identifying spectral 
classes, RF for predicting environmental factors, 
and LSTM for modeling temporal dependencies. 
Having complex data and capturing spatial-
temporal perspectives can help build a more 
reliable prediction system for plant stress which 
this system does well. 
 
The key outcome of this study is the developed 
hybrid model that unites several machine learning 
methods, including SVM, CNN, relational forest 
and LSTM, to define plant stress with high 
accuracy (94.5%). The given hybrid model 
performs better than traditional techniques like 
SVM and RF, which were extensively used in past 
empirical studies. Nevertheless, the weaknesses of 
previous models, including the fact that they do not 
reflect on the complexity of environmental factors 
and spatial-temporal relations, have been solved 
with the proposed hybrid approach. Although the 
model's error rate is minimal, its performance is 
quite amenable to the data quality, and its 

scalability to other crop species and environmental 
conditions is not easy. 
 

The proposed study is an up-to-date 
development of remote sensing and machine 
learning techniques in detecting plant stress. 
Although most literature is based on using singular 
data sources in remote sensing, as a single source of 
satellite or UAV imagery, this paper presents a new 
hybrid model using multi-source data. Our input 
successfully combines satellite, UAV and 
hyperspectral data and a better prediction response 
with an overall 94.5% accuracy than those depicted 
in conventional models. This study remains more 
scalable and generalizable than previous research 
due to the diverse set of limitations (data sparsity, 
failure to detect complex interactions between the 
environment) that is eliminated by this work. 

 
5. CONCLUSION 

This study conceived and proved the workflow of 
the early diagnosis of plant stress systems based on 
AI and multi-source remote sensing (RS) data. The 
hybrid method combining satellite data with high-
resolution information from UAVs and 
hyperspectral sensors proved more accurate than 
SVM, CNN, and LSTM models in detecting stress, 
drought, pests, and deficiency sources. Having 
reached the performance of 94.5%, with a precision 
of 0.94 and AUC of 0.97, the model proved the 
availability of reliable early warning abilities in 
monitoring the plant. As much as the model worked 
well to increase the accuracy in detecting, its 
performance highly depended on the quality of data 
and the availability of labeled datasets. Such 
limitations as environmental noise and the necessity 
to validate results in other agricultural systems open 
further study possibilities, particularly in real-time 
data processing and increased datasets concerning 
other plant species and conditions. 

 
Based on the above-presented findings, the 

conclusion discusses the most prominent research 
questions, stating the significance of the detected 
early plant stress and the validity of the hybrid 
model offered. The model showed excellent results 
in accuracy in detection through a combination of 
numerous machine learning tools and remote 
sensing data sources. Its performance, however, 
greatly depended on the quality and limited 
availability of labeled data, especially in the 
detection of the level of stress. The model was also 
noisy in that real time data (environmental factors) 
had the potential to distort considerably. There was 
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also a limitation in the study of scaling out the 
model in different agricultural environments since 
stress responses differed according to crops. The 
possible ways to reduce these limitations in future 
studies include enhancing data availability, 
providing better real-time data analysis, and 
enlarging the ability to represent various 
environmental conditions and plant species with the 
model. 
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