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ABSTRACT:

Reduced vyields and prolonged crop stress are consequences of resource limits, climate change, and soil
erosion, which in turn complicate agricultural practices. Because they are reactive and rely on data from
only one source or field observations, traditional monitoring systems can't handle problems head-on.
Using information gathered from loT devices and multispectral satellite images, this research presents a
spatio-temporal deep learning system that can identify potential symptoms of crop stress in their early
stages. The suggested approach uses convolutional neural networks (CNNs) and long short-term memory
(LSTM) networks to track changes in environmental and agricultural variables over time and to collect
location-based information from vegetation indices like the normalized difference vegetation index
(NDVI).Water shortages, dietary inadequacies, and environmental changes may be more accurately
detected with the use of multi-modal data fusion. The suggested model outperforms independent
techniques in experimental evaluations for prediction accuracy and resilience. Technology improves
decision-making via timely alerts, which reduces crop losses and increases resource efficiency. By
advocating for environmentally friendly farming methods and robust agricultural systems that can
endure the effects of climate change, the suggested model demonstrates its use in precision agriculture.
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INTRODUCTION

Reduced agricultural production as a result of climate change, water shortages, and inadequate soil
nutrients threatens the world's food supply. These variables have an outsized effect on agricultural
production and progress in areas that are more susceptible to the effects of climate change. As a result
of their reliance on subjective human judgments and observations, traditional crop monitoring systems
are either too slow or unable to detect early signs of stress [1]. Continuous crop and environmental
condition monitoring is made possible by two cutting-edge technological developments in agriculture:
the Internet of Things (loT) and remote sensing. Workers in the field may enhance their situational
awareness by using Internet of Things (loT) sensors to monitor soil moisture, humidity, and temperature
in real-time. Two vegetation cover indices, the VCl and the NDVI, may be used for agricultural monitoring
via the use of remote sensing technologies based on satellites.In order to comprehend the state of the
vegetation, several characteristics are essential. The majority of current systems still rely only on data
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collected from satellite photography or Internet of Things sensors, which causes them to provide
inaccurate or partial depictions of the world, even if these breakthroughs have been made. Despite their
importance, many methods fail to account for the spatial-temporal dynamics of crop growth, which are
fundamental to comprehending the time-dependent changes in crop health across different regions [4].
To get over these limitations, you need a fully integrated system that uses advanced deep learning
approaches to combine data from several sources. Images can have their spatial properties extracted
with ease using CNN-LSTM and other spatio-temporal models, while time-series data may have its
patterns identified with ease. A CNN-LSTM system, suggested by the authors, would enhance the early
detection of agricultural stress by integrating data from loT devices with multispectral satellite pictures.
In light of the effects of climate change, the suggested method seeks to provide accurate predictions,
timely decisions, and robust agricultural systems.

RELATED WORK

Merging loT, remote sensing, and machine learning has recently driven advances in Al-enhanced
agricultural monitoring systems. In agricultural settings, hyperspectral data and CNN-based leaf imaging
for disease detection and classification have shown substantial success [1].The ability of Long Short-Term
Memory (LSTM) networks to identify temporal correlations in sequential data makes them a popular
choice for weather, soil moisture, and agricultural production prediction.On the other side, loT-based
intelligent agricultural devices monitor soil and environmental factors including humidity, temperature,
and moisture content in real-time. These technologies improve agricultural decision-making by
continuously producing data streams [3]. Vegetation indices developed from satellite data, such as the
enhanced vegetation index (EVI) and the normalized difference vegetation index (NDVI), are primarily
used for stress detection and complete evaluation of crop health utilizing remote sensing technology.
Notwithstanding these gains, some gaps persist in the current literature.

1. Lack Integration of Data from Multiple Modes

Most studies mostly use a single data source, whether it data from Internet of Things sensors or satellite
photography. Internet of Things (loT) technologies mostly examine sensor signals, in contrast to
CNN-based approaches that concentrate on picture datasets. The lack of a cohesive examination of soil
and canopy fluctuations results in an inadequate comprehension of crop conditions. A recent research
reveals a lack of integration of multi-modal data, but studies show it might enhance prediction accuracy
by 15-25% [5].

2. Limitations on Spatial-Temporal Modeling

While LSTM models are proficient in handling temporal sequences and CNN models excel in capturing
spatial data, they are often used separately in the literature. Hybrid systems that can learn both spatial
and temporal relationships at the same time have been the subject of much study. Without these
models, prediction accuracy declines and stress detection is delayed, since crop growth and stress
development are inherently spatio-temporal processes [6].

3. A lack of Robustness for Practical Use
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Scalability is a hurdle since several suggested systems have been created and assessed using restricted

datasets or in controlled environments. Problems with edge processing, dependence on high-resolution

photos, and significant computing demands make implementation difficult in resource-limited rural

locations. Also, smallholder farmers aren't likely to adopt decision assistance systems because of how

poorly they're designed to be user-friendly.
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“In Table 1, existing works are compared across multiple dimensions including data sources, modeling

techniques, and applications. It is observed that most studies either use loT or satellite data
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independently, and very few incorporate temporal modeling. The proposed work addresses these gaps
by integrating multi-modal data and applying a CNN—LSTM model for spatio-temporal analysis.”

METHODOLOGY
The proposed system is designed as a multi-stage framework integrating loT sensing, remote sensing,
and spatio-temporal deep learning for early crop stress detection.

A. Data Acquisition

Multiple data sources are used to establish field and canopy level oscillations:

e|oT Sensors: Soil moisture, temperature, and humidity sensors are deployed in the field to continuously
monitor environmental and soil conditions.

eSatellite Imagery: Multispectral data is obtained to compute vegetation indices such as NDVI and
GNDVI, which indicate crop health and vigor.

Combining data from sensors on land with that from satellites allows for more precise management of
farming conditions overall [1, 2].

B. Data Preprocessing

To guarantee accuracy and reliability, the acquired data is subjected to preprocessing:

eNoise removal and outlier detection

eNormalization of sensor and image data

eFeature extraction from vegetation indices

eData fusion to combine loT and satellite datasets

These steps improve model robustness and reduce the impact of missing or noisy data [3].

C. Model Development

In order to recognize patterns in both space and time, researchers are developing hybrid architectures
that integrate CNN and LSTM:

oCNN (Convolutional Neural Network): Extracts spatial features from multispectral imagery and
vegetation indices. One area where CNNs have found extensive usage is image-based crop analysis,
thanks to their outstanding pattern-recognition skills.

o STM (Long Short-Term Memory): Models temporal dependencies in sequential data such as soil
moisture and weather variations. Agricultural forecasting and time-series prediction are two areas where
LSTM networks performs.

oHybrid CNN-LSTM Model: Combines spatial and temporal learning to improve prediction accuracy for
crop stress detection.

D. Evaluation Metrics

We use standard classification metrics to evaluate the model's efficacy:

e Accuracy: Overall correctness of predictions

ePrecision: Ability to correctly identify stress conditions

oRecall: Ability to detect all actual stress cases

oF1-score: Balance between precision and recall

These metrics are commonly used in agricultural Al applications for reliable model evaluation [6].
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E. Results and Analysis

The results show that when compared to the independent CNN and LSTM models, the proposed
CNN-LSTM model is much better at identifying early signs of crop stress:

eImproved accuracy due to multi-modal data fusion

eBetter temporal prediction using LSTM

eEnhanced spatial feature extraction using CNN

Hybrid deep learning models outperform solo models in agricultural situations by 10-20%, according to
experiments [5].

Sigmoid activated
output layer

Yield Prediction
Alert -

DSS Application

Figure 1. Proposed CNN—LSTM Architecture for Crop Stress Detection

DISCUSSION

The findings demonstrate that the incorporation of geographical and temporal data substantially
improves prediction accuracy. While the CNN part does a great job of extracting vegetative traits from
satellite images, the LSTM part finds environmental fluctuations and seasonal patterns.

For the system to work, the data must be both easily accessible and accurate.Concerns about
computational needs, data inadequacy, and reliable sensors must be resolved prior to the
commencement of deployment. Optimization strategies are crucial for the performance of low-power
edge devices [3].

CONCLUSIONS

eThe study addresses the challenge of delayed crop stress detection

o A spatio-temporal CNN-LSTM model is proposed

e|ntegration of loT and satellite data improves prediction accuracy

e The system supports early intervention and precision agriculture practices
LIMITATIONS & FUTURE WORK

Limitations
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eDependence on high-quality sensor and satellite data

e Computational complexity of deep learning models

eLimited real-time deployment capability

Future Work

e|ntegration with mobile-based Decision Support Systems (DSS)
eUse of Transformer-based architectures for improved performance
eExpansion to multiple crops and regions

®Real-time edge deployment for low-resource environments
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