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Abstract

The increasing need of sustainable food production requires the use of smart decision-
support systems that are able to successfully categorize the types of crops and forecast the level of
yield based on the data of heterogeneous agricultural sources. The given paper introduces a novel
hybrid machine learning model, that is, a Gradient Boosted Trees (GBM) and Deep Neural
Network (DNN) that are used simultaneously to perform multi-crop classification and yield
prediction based on data. The proposed architecture uses two stage pipeline of learning: the first
stage of learning a bagged ensemble of decision trees (GBM) is applied to a fused feature space of
normalized continuous agronomic parameters, such as soil nutrients, water availability,
temperature and humidity, and the second stage is one-hot encoded categorical variables, such as
crop type and growing season. The posterior class probabilities that are created by the GBM are
then combined with the original feature vector to create an enriched hybrid input representation.
A regularized DNN with fully connected layers, ReLU activations, dropout regularization and
softmax classification is trained in the second step to learn higher-order feature interactions using
this augmented representation to allow finer discrimination between classes of crop yield (Low,
Medium, High). A parallel GBM regression model with LSBoost is further estimated to give
continuous numeric yield predictions which are compared with RMSE, MAE, R 2 and MAPE.
The stratified holdout validation protocol is 7030 and this guarantees the objective evaluation of
generalization. Extensive experimental analysis of a multi-crop agricultural dataset proves that the
proposed hybrid model has better classification performance compared to individual models, and
the precision, recall, and F1-scores are balanced across all yield classes. The importance of features
analysis also helps to identify the most significant agronomic drivers, which can be used in practice
as a solution in managing crops and resources on the farm level. A graphical user interface based
inference system is also designed to enable the real-time yield prediction to the end users. It is
indicated in the proposed framework that ensemble learning paired with deep neural architectures
has the potential to transform intelligent agricultural systems to achieve scalability, interpretability,
and high performance.

Keywords: Precision Agriculture; Crop Yield Prediction; Multi-Crop Classification;, Hybrid
Machine Learning; Gradient Boosted Trees (GBM); Deep Neural Networks (DNN), Ensemble
Learning; Data-Driven Agriculture.

1. INTRODUCTION

The agricultural sector is still one of the key sectors of food security and economic stability
in the world especially in the developing world where a major fraction of the population is in the
agricultural sector as a source of livelihood. Nevertheless, there is the growing world population,
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climate change, and the scarcity of resources, which have escalated the pressure on the need of
effective and sustainable production methods of agriculture. In this respect, the paradigm of
precision agriculture has become one of the transformative forces which use data-driven
technologies to increase the productivity of crops and reduce the environmental impact [1].
Precision agriculture is an essential part of crop yield prediction which allows the farmer and
policymaker to make wise decisions on the choice of crops, irrigation, application of fertilizers,
and planning of crops in the market. Nevertheless, the problem of proper forecasting of the yields
is complex in nature as there are several and diverse factors that affect it, including the water
availability, the climate, the soil properties, and the agricultural activities [2]. The nonlinear
relationships are not always well represented by traditional statistical methods thus restricting the
ability to predict.

Recent developments in machine learning (ML) and deep learning (DL) enabled the ability
of predictive models in agriculture to a great extent. These methods are able to handle high-
dimensional and large scale data, and to reveal the concealed trends that determine the crop yield
[3]. Random Forest (RF), Support Vector Machines (SVM) and Artificial Neural Networks (ANN)
are some of the models that have been extensively used in the prediction of the yield tasks, and
they have proven to be better than the traditional methods [4].

Moreover, ensemble learning and deep neural networks (DNNs) have been found to
perform well in nonlinear and linear relationships of agricultural data. Concatenation of several
algorithms is also a research direction that is being pursued more and more in order to eliminate
the flaws in prediction reliability and accuracy [5]. Besides, the use of remote sensing information,
IoT sensing systems and environmental monitoring devices has only added more data to the data
landscape to be used in precision agriculture applications [6].

Nevertheless, there are still problems in attaining high generalization performance of
different crops, regions and climatic conditions. As such, there exist an increasing requirement of
scalable and hybrid intelligent models that can be employed successfully in integrating several
learning paradigms to classify multi-crops and predict their yields. The proposed hybrid model in
this study that incorporates Gradient Boosted Trees and Deep Neural Networks is suggested to
address this gap, enhance predictive performance and decision support features.

II. LITERATURE SURVEY

Precision agriculture is a field that has seen a fast development in terms of the
implementation of artificial intelligence (AI), machine learning (ML), and deep learning (DL)
methods to improve crop productivity and sustainability. The increasing intricacy of the
agricultural data has prompted scholars to consider smart models that can be used to classify crops
and predict their yields correctly.

Recent reports highlight the importance of artificial intelligence and explainable artificial
intelligence (XAI) in the current agriculture industry. Mohan et al. [1] emphasized the concept of
Al and XAl integration to enhance transparency and credibility in systems of predicting crop yield.
Likewise, Saranya and Subhashini [2] reviewed clarify that explainable AI models are important
in increasing model interpretability, which is essential in the process of making real-world
agricultural decisions.

Van Klompenburg et al. [3] also gave a fundamental background on crop yield prediction
through machine learning, through systematic review of the literature and they stated that the most
important factors that affected the prediction were soil attributes, weather conditions, and
agricultural practices. Based on this, Dey et al. [4] introduced ML-based crop recommendation
systems of soils nutrients (NPK), pH, and climatic variables, and showed better agricultural
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planning. Integration of IoT and machine learning has also been discussed in order to support the
real-time decision making. According to Islam et al. [5], a system based on the IoT, which monitors
the soil nutrient level and advises crops, is crucial to the constant availability of data. Moreover,
Jhajharia et al. [6] have compared different ML and DL models and concluded that deep learning
models work better than the traditional ones when dealing with the complex agricultural datasets.

Also, techniques of feature selection and classification have been explored. Raja et al. [7]
also applied a variety of feature selection techniques and classifiers to enhance the accuracy of
crop prediction, and the significance of the best feature engineering. Similarly, Lionel et al. [§]
have made a comparative analysis of machine learning models and concluded that most ensemble
methods are more predictive. Ensemble and hybrid models have become very popular in the recent
years. Anakal et al. [9] presented an Al-based NAS-GBM model, which showed the improved
accuracy of crop yield prediction with the help of the search of neural architecture and gradient
boosting. Similarly, Shruthi and Bhushan [10] used the methods of ensemble learning in predicting
the soil properties and validated the usefulness of multiple learners.

The gradient boosting techniques have been popular in the prediction of agriculture

activities. The suggested optimized LightGBM model suggested by Parganiha and Verma [11] was
optimized to be used in the analysis of soil and yield prediction with high accuracy and efficiency.
Moreover, Ramzan et al. [12] came up with an IoT-based crop predictive system that combines
machine learning and ensemble learning to enhance the performance of the system. There is also
the aspect of socio-economic and environmental factors that are important in the productivity of
agriculture. Fan et al. [13] studied how commercial crop production affects the household welfare
and this is to show the implications of the agricultural decision systems. In the meantime,
Oikonomidis et al. [ 14] suggested hybrid deep learning models, where it was proven that predictive
strength is enhanced by the combination of several structures.
The recent developments in the field of deep learning have also improved predictive power. Ashfaq
et al. [15] applied the multi-source environmental data and deep learning models in predicting the
yield of wheat, which have high accuracy. On the same note, Vinod et al. [16] used the techniques
of deep learning in remote sensing data to analyze agricultural data, which demonstrates the
potential of a satellite image.

The techniques of regularization are necessary to enhance the deep learning. This has been
used in neural networks with dropout being one of the effective ways of avoiding overfitting which
was introduced by Srivastava et al. [17]. This was also revised by Salehin and Kang [18] who
examined different dropout techniques and their suitability in enhancing generalization of the
model. The issue of interpretability and transparency of machine learning models is still of great
concern. Bouni et al. [19] inquired about interpretable ML methods of crop recommendation
systems, whereas Akkem et al. [21] focused on explainable Al in smart farming systems. These
studies indicate that there is a need to have accurate and interpretable models.

Sophisticated deep learning methods and optimization have been put forward as well. Rao
and Rao [22] applied deep learning in the process of optimizing crop recommendation systems,
whereas Nirosha and Vennila [23] proposed a federated learning model with the help of graph and
recurrent neural networks to achieve better yield prediction on distributed datasets. Ensemble
learning is still an important part of the agricultural prediction systems. This is because an
ensemble-based recommendation system on crop selection was created by Hasan et al. [24] to
show better accuracy and strength. Moreover, Mavaie et al. [25] suggested the hybrid deep learning
methods to the high-dimensional data classification which can be relevant to the complex
agricultural data.
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The agricultural systems are also being impacted by the emergent technologies, including
blockchain and IoT. Bhat et al. [26] also wrote about blockchain-based supply chain management
combined with IoT and noted that it could improve the level of transparency and traceability.
Lastly, Jabed and Murad [27] gave an in-depth overview of the techniques of ML and DL to predict
crop yield, with the authors stating that hybrid and scalable models should be used in future studies.
III. PROPOSED METHODOLOGY
3.1Proposed framework

This paper presents a hybrid Gradient Boosted Machine-Deep Neural Network (GBM-
DNN) model, which can be used to classify and predict the yield of multiple crops at the same
time. The design is made to be a two-stage learning pipeline that combines the benefits of the
ensemble learning and the deep neural networks to enhance the predictive accuracy and

generalization.
Input Data
Soil, Climate,
Farm Management Features
GBM Classification Model GBM Regression Model
Yield Level Prediction Yield Prediction (Numeric)
(Low / Medium / High)

|
' ’ ' Hybrid DNN Classifier ’ v '
See See e SSe oo éa>

i . Input Layer + Probabilities . i
Decision Trees (Boosting) ————— — Regression Trees (Boosting)
Hidden Layers (DNN)

Output Layer (Low / Med / High,
‘ Class Probabilities e i e ) Yield Output
P(Low), P(Med), P(High) | (Exact Value)
l e.g. 45.8 Tons
Yield Level Prediction Yield Value Prediction
Low / Medium / High Exact Yield (e.g. 45.8 Tons)

Model Evaluation & Feature Importance Analysis

Confusion Matrix, RMSE, MAE, R?, MAPE

|

Hybrid GBM + Deep Neural Network Model for Crop Yield Prediction —|

S
Figl. Proposed Hybrid GBM- Deep Neural Network Model for crop Prediction
The hybrid models have shown in Figure 1 to be more effective than the other models in

dealing with high dimensional and complex agricultural data through the use of complementary
learning paradigms [14], [25]. There are also ensemble methods like Gradient Boosted Machines
(GBM) that are characterized by strength and capabilities to depict nonlinear correlation in
agricultural data [11], [24].
3.2 Preprocessing and Engineering of Data.
The input data set is made up of the numerical agronomic variables as well as categorical variables:

e Soil nutrients, water availability, temperature, humidity are all numerical features.

e Categorical Features Crop type, growing season.
3.2.1 Normalization
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In order to have stable training of machine learning and deep learning models, numerical features

are standardized by using the z-score:
X—pu
o

Xnorm -

Where:

e X = original feature value

e 4 =mean of training data

e ¢ = standard deviation
Normalization improves convergence and prevents bias due to feature scale differences [6].
3.2.2 One-Hot Encoding

Categorical variables such as crop type and season are transformed into numerical
representations using one-hot encoding, to avoid ordinal misinterpretation:
C =lcy,Cq...,¢q), ¢; €{0,1}
This approach is widely used in agricultural ML models for handling categorical inputs [4].
3.3. Stage 1: Gradient Boosted Machine (GBM) Classification
The first stage employs a Gradient Boosted Tree classifier to learn initial patterns from the
input feature space. GBM constructs an ensemble of weak learners (decision trees) sequentially,
where each new tree minimizes the residual error of the previous ensemble:
Fn(x) = Fpo1(X) + ¥ihin (%)

Where:

e F,(x) =updated model

e h,,(x)=weak learner

® ¥, = learning rate
GBM is particularly effective for structured agricultural data due to its ability to capture nonlinear
feature interactions [11].
The classifier outputs posterior class probabilities:

P(le) = [p1: b2, pk]

These probabilities represent the likelihood of yield classes (Low, Medium, High).
3.4. Hybrid Feature Construction
A key contribution of the proposed method is the creation of an augmented hybrid feature vector
by concatenating:

¢ Original feature vector X

e GBM probability outputs P(y|x)

Xnybria = [X [P(y|x)] ]

Such improved representation ensures that the model includes raw features as well as learned
probabilistic knowledge to enhance classification performance. These types of hybrid feature
fusion methods have been demonstrated to improve the accuracy of the model in complicated
fields [25].
Stage 2: Deep Neural Network (DNN) Classification.
The second step involves deep neural network (DNN) to carry out finer classification in accordance

with the hybrid feature.

3.5.1 Network Architecture

. Fully connected layers

. ReLU activation functions
. Dropout regularization

. Softmax output layer

ISSN:2250-3676 www.ijesat.com Page 910 of 920



International Journal of Engineering Science and Advanced Technology(IJESAT) Vol 26 Issue 04(1), April, 2026

3.5.2 Activation Function
Non-linearity is added with the help of ReLU:

f(x) = max(0, x)
3.5.3 Dropout Regularization

To prevent overfitting, dropout is applied during training;:
y=fWx)-r
Where 7 is a random binary mask. Dropout has been proven effective in improving generalization
in deep networks [17], [18].
3.5.4 Softmax Classification

The final output layer uses softmax to compute class probabilities:
Zj

e
P(y;) = S o7

j=1

This allows the classification of the yield levels into multiple classes.

Deep learning models can be used to obtain complex nonlinear relationships in agricultural data,
which results in a high accuracy of prediction [6], [15].

The sixth prediction is the yield prediction with the help of GBM Regression (LSBoost).
Simultaneously with classification, GBM regression model (LSBoost) is applied in order to
forecast continuous yield values.

The goal will be to reduce the squared error loss:

n
L= Z(yl' —9)?
i=1

This regression model gives estimates of the yield, which is quantitative, and is used to
complement the output of classification.

The ensemble regression methods have been reported to be more effective than the traditional ones
in predicting agricultural yield activities [8].

3.7. Model Evaluation Metrics

The suggested framework is measured by the classification and regression measures.

Classification Metrics

e Accuracy

e Precision

e Recall

e Fl-score
Regression Metrics

e Root Mean Square Error (RMSE):

1
RMSE = /;mi 92

e Mean Absolute Error (MAE):
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1
MAE = aZb’i — Jil
e Coefficient of Determination (R?)
e Mean Absolute Percentage Error (MAPE)
These metrics are widely used in agricultural ML studies for performance evaluation [3], [27].
3.8 System Implementation and GUI Integration
An interactive Graphical User Interface (GUI) is developed using MATLAB to enable real-
time predictions.
Workflow of GUI System
1. User inputs agronomic parameters
Data is normalized using training statistics
Categorical variables are encoded
GBM generates class probabilities
Hybrid vector is formed
DNN predicts yield class
7. GBM regression predicts numeric yield
Such user-friendly systems enhance practical adoption of Al-based agricultural tools [1], [21].
Algorithm: Hybrid GBM-DNN Yield Prediction
Algorithm 1: Training Phase
Input:
Dataset D = {X, Y 1455 Yreg}
e X: Feature matrix (numerical + categorical)
o Y. Yield class labels (Low, Medium, High)
e Y,¢4: Continuous yield values
Output:
Trained models: GBM455, DNN, GBM,.. 4
Steps:
1. Data Preprocessing
o Normalize numerical features using:
X—u
Xnorm = o
o Encode categorical variables using one-hot encoding
o Construct final feature matrix Xgnq,
2. Train GBM Classifier
o Initialize model Fy(x)
o Form=1to M:
= Compute residuals
» Train weak learner h,, (x)
= Update model:
Fp(x) = Fo1(x) + yhp (x)
o Obtain class probability outputs:
P(y|x)
3. Construct Hybrid Feature Vector
o Concatenate:
thbrid = [Xfinal |P(y|x)| ]
4. Train Deep Neural Network

SARNANE I el
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5.

6.

o Initialize network weights
o Forward propagate using ReLU:

f(x) = max(0, x)
o Apply dropout regularization
o Compute Softmax output:

eZi

P(y) = 5T

o Update weights using back propagation
Train GBM Regression Model

o Minimize squared loss:

L=Yu-9)?

Save Trained Models

o Store GBM¢455, DNN, GBM,..4, and normalization parameters

Algorithm 2: Testing/Prediction Phase

Input:

New sample x;pq¢
Output:
Predicted yield class and numeric yield value

Steps:
1.

2.
3.
4

6.
7.
8

Normalize input using training statistics
Encode categorical features (season, crop type)
Form input vector Xy,

Predict class probabilities using GBM:
P(y|xtest)

Construct hybrid vector:

thbrid = [Xtest IP(V]x¢ese)] ]

Predict yield class using DNN

Predict numeric yield using GBM regression
Return results

IV. RESULTS AND DISCUSSION

There are four sub-sections that will present the experimental set

Vol 26 Issue 04(1), April, 2026

up and the dataset

description. The proposed hybrid GBM-DNN model was tested on structured agricultural data set
of 1400 samples and 6 attributes, such as, soil nutrients, water availability, temperature, humidity,
crop type and season. A stratified 70:30 holdout validation was used to divide the data, which
would allow the unbiased model assessment. The performance was evaluated based on common
measures (Precision, Recall, Fl-score (classification) and RMSE, MAE, R 2, and MAPE
(regression)) that are commonly used in crop yield prediction research.
4.1 Classification Results

The confusion matrix summarizes the performance of the proposed

classification:
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Hybrid GBM + DNN Confusion Matrix

High 10
w
w
8
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Medium 40
High Low Medium

Predicted Class

Fig2. Confusion Matrix
The model achieved:
e Precision =1.00
e Recall =1.00
e Fl-score=1.00
for all three yield classes (Low, Medium, High).

The fact that its misclassification is nonexistent means that the model has ideal
discriminative ability. This performance is much higher than the conventional machine learning
models that are usually associated with classification errors since features are intertwined.

Past researchers like Van Klompenburg et al. [3] indicated that despite the optimization of
any ML model, it is unable to ensure optimal classification because agricultural data is complex.
Equally, recent reviews have shown that classification accuracy at the crop prediction systems is
normally between 80%-95% in accordance with the complexity of the dataset.

The high quality of the suggested model is explained by:
e Hybrid learning architecture (GBM + DNN).
e Use GBM probabilities to augment features.
e Good management of non-linear relationships.
4.2 Regression Results
The regression performance of the GBM (LSBoost) model is as follows:
e RMSE =1.5273
e MSE =2.3326
« MAE=0.8911
e R2=0.9994
e MAPE =0.96%
The value of the R 2 is obtained as 0.9994 meaning that the model can explain 99.94% of the crop
yield which is quite high compared to most of the existing models.
In comparison:
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. Typical ML models do not exceed R 2 = 0.65 -.90.

. In previous researches, hybrid models recorded RMSE at approximately 3.19.

. Ensemble approaches are typically better performing but have a marked prediction
error.

The RMSE and MAE are very low, which proves that the suggested model will be very accurate
in estimating yields and thus it can be applied in the real-life agricultural decision-making.

4.3 Training Performance Analysis

The curves (accuracy and loss) of training are:

. Blistering speed to 100 percent accuracy.
. Loss approaching zero
. Stable validation performance
Interpretation
This indicates:
. Effective feature representations.
. Convergence of the optimization process.
. Effective regularization (dropout)

Deep learning models are also known to be highly performing in case they are trained on
well pre-processed data and regularized enough is shown in figure 3.

Training Progress (02-Jan-2026 21:48:43) Results

Validation accuracy: 100.00%

100 L 0 o ® Final Training finished: Met validation criterion

) Training Time

80 Start time: 02-Jan-2026 21:48:43
4

70K Elapsed time: 1 min 34 sec
= 60 Training Cycle
g b Epoch 88 of 100
E Iteration 5350 0f 6100
40 Iterations per epoch: 61
30 Maximum iterations: 6100
20 Validation
10 Frequency: 50 iterations
= : i
. 10 i 20 30 ) 40 50 60 70 80 \ Other Information
0 1000 2000 3000 4000 5000 Hardware resource: Single GPU
Iteration
Learning rate schedule: Constant
12 1‘ Learning rate 0.001
o
gt 8
&
S 08
04 i Accuracy
s Training (smoothed)
o 1) Lo 20 30 4( 50 60 4 70 80 ~ Final Training
0 1000 2000 3000 4000 5000 — @ — Validation

Iteration Loss

— T ‘ had

Fig3. Training Progress
4.4 Feature Importance Analysis

. According to the GBM feature importance plot, the following results are obtained:
. Environments and soil nutrients have the greatest contribution.
. Other features are of a relatively lesser impact.
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Feature Importance - GBM
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Fig4. Feature Importance -GBM

The main determinants of crop yield are temperature, soil properties as well as the climate
variables. The model is able to bring forth important features, which is improved:
. Model interpretability
. Agronomic decision support
4.5 Comparison with Existing Methods
4.5.1 Traditional Machine Learning Models.
The traditional models like:

. Linear Regression
Support Vector Machines (SVM) are an example of such an algorithm.
. Decision Trees

are restricted in the ability to measure nonlinear relationships.
Literature indicates:

. Lower predictive accuracy
. Higher RMSE values
. Limited generalization capability

4.5.2 Ensemble Learning Models

Random Forest and GBM are ensemble models, which are more effective at implementing
multiple learners.

Better robustness and accuracy.

Still has poor feature abstraction.

Research indicates that the Gradient Boosting is more accurate than individual models yet it does
not deliver near perfect results .

4.5.3 Deep Learning Models

Deep neural networks (DNN, CNN, LSTM):

. Learn complicated nonlinear correlations.
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. Require large datasets .
Though the standalone deep learning models are effective, they do not have the ability to
learn in a structured way as the ensemble approach.

4.6.4 Hybrid Models
The latest studies prove that hybrid models are more effective in comparison to standalone
strategies:
. Hybrid MLDL models have lower RMSE and higher R 2.
. The integration enhances the feature representation and prediction.
The proposed model builds upon this idea by bringing in:
. Probability-based feature augmentation
. Two-stage learning architecture
4.7 Comparative Performance Summary
Model Type Accuracy RMSE R? Remarks
Traditional ML | 80-90% | High Moderate | imited
nonlinearity
Ensemble o . Improved
(RF/GBM) 85-95% Moderate High robustness
Deep Learning | 85-95% Moderate High Data-dependent
Hybrid Models 0 . Better
(Literature) 20-97% Low High performance
Proposed o Best
GBM-DNN 100% 1.52 0.9994 performance

4.8 GUI-Based Real-Time Prediction
The developed GUI demonstrates the practical applicability of the model:

4 Smart Farming Yield Prediction - o X
< SMART FARMING YIELD PREDICTION SYSTEM X
Input Parameters
Temperature (*C): i 233
Humidity (%): I 23 |
pH: E 66
Water Availability (mm): 158.9
Season:

Crop Type:

~+. PREDICT YIELD U Reset Example % Clear Exit

Prediction Results
\, cotton | summer
Il Yield Level: LOW
Water Required: 159.2 mm
Estimated Yield: 3.82 tons/hectare
Watnr in mem | Gros viekd astimatad n tona/hactarn

Fig5. GUI if proposed Smart Farming Yield Prediction
e Accepts real-time agronomic inputs
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e Provides both:
e Yield class (Low/Medium/High)
e Numeric yield prediction
e Predicted Yield Level: High
o Predicted Yield Value: 295.53
This proves the fact that the system is apt to use in smart farming in decision support applications.
4.9 Key Observations Finding:
Hybrid learning has a great positive impact on accuracy of prediction. The feature augmentation
increases the separability of classes. Ensemble + deep learning combination: Better than
standalone models.

The experimental outcomes prove that the suggested hybrid GBM-DNN model can be used
to achieve the state-of-the-art performance in terms of crop yield prediction. The model is much
better than the traditional, ensemble, and deep learning methods where it attains:

* Perfect classification accuracy

* Near-zero regression error

* Large interpretability and real time usability.

These results confirm the usefulness of the hybrid machine learning systems in the development
of precision agriculture and smart agricultural systems.

V. CONCLUSION & FUTURE SCOPE

The suggested Smart Farming Hybrid GBM-DNN can be seen as an efficient and smart
solution to the problem of the classification and prediction of crop yields using the combination of
ensemble learning and the deep neural network. The system combines the capability of
representing complex nonlinear relationships among farming parameters and the ability to
generalize to heterogeneous agricultural data with the interpretability and robustness of Gradient
Boosting Machines, hence, this learning system is able to represent the nonlinear relationships
between the parameters of farming and predict phenomena. The model has the ability to learn dual-
tasks and correctly classify yield levels and forecast numerical yield values at the same time thus
it is very suitable in the actual world precision agriculture. Transparency and trust are boosted by
the feature importance analysis, model persistence and GUI-based testing also prove the feasibility
of deployment. On the whole, the suggested solution can provide an explainable, high-
performance, and scalable Al-driven framework that can be used to make informed decisions in
the contemporary smart farming ecosystems. The suggested system can also be developed in
multiple ways to increase its relevance and effectiveness. The real-time data of the IoT sensors
and the satellite imagery could be implemented into the future work to allow predicting the yield
dynamically and on a large scale. Sophisticated deep learning models can be combined like CNNs
or Transformers in order to analyze spatial and temporal agricultural data. The multi-crop and
multi-region multi-region modeling may also be supported by the framework with adaptive
learning strategies. Also, explainable Al algorithms like SHAP or LIME can be used to offer a
more detailed feature-level interpretability. A cloud-based or mobile application as a deployment
would make it available to more farmers and policy makers and integration with decision support
systems would allow automated advice on irrigation, fertilization and risk management and this
would help in making agriculture sustainable and intelligent.
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