International Journal of Engineering Science and Advanced Technology (IJESAT)
Vol 26 Issue 05, May 2026

Received: 19-03-2026

Accepted: 24-04-2026

Crop Yield Prediction and Optimization

Miss. Villuri Sandhya Rani
Department : Master of Computer
Applications

College : Satya Institute of Technology
And Management

city : Vizianagaram

email : nancyvilluri@gmail.com

Abstract— Agriculture remains the backbone of food
security and economic stability in many countries, yet it
faces growing challenges such as climate variability, soil
degradation, pest outbreaks, and inefficient resource
utilization. Traditional farming practices often rely on
experience-based decision making, which can lead to
inconsistent yields and excessive use of water, fertilizers,
and pesticides. In recent years, machine learning techniques
have been applied to smart agriculture to address these
challenges by enabling data-driven decision support
systems. However, most advanced models function as black
boxes, offering high prediction accuracy but little
transparency or interpretability, which limits farmer trust
and real-world adoption. This research proposes an XAI-
powered smart agriculture framework integrated with
Support Vector Machine (SVM) models to enhance food
productivity while ensuring explainability and trust. The
system leverages agricultural datasets comprising soil
parameters, climatic conditions, crop health indicators, and
historical yield data to predict optimal crop productivity
outcomes. SVM is employed due to its robustness, efficiency
with limited datasets, and strong generalization capability
in high-dimensional feature spaces. To address the
transparency gap, Explainable Artificial Intelligence (XAI)
techniques are incorporated to provide clear explanations
of model predictions, enabling farmers and agricultural
experts to understand why specific recommendations are
generated. The proposed approach improves decision-
making related to crop selection, irrigation scheduling,
fertilizer application, and pest management while
maintaining interpretability. By combining predictive
accuracy with explainability, the system enhances farmer
confidence, promotes sustainable farming practices, reduces
resource wastage, and ultimately increases agricultural
productivity. This study demonstrates how the integration of
XAI and SVM can transform smart agriculture into a more
transparent, efficient, and farmer-centric solution for
addressing modern food production challenges.

Keywords — Smart Agriculture, Explainable Artificial
Intelligence (XAI), Support Vector Machine (SVM), Crop
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I. INTRODUCTION

Agriculture has undergone significant transformation with
the advent of digital technologies, including sensors, remote
sensing, Internet of Things (IoT), and artificial intelligence.
These innovations have given rise to smart agriculture
systems capable of monitoring crop conditions, predicting
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yields, and optimizing resource utilization. Despite these
advancements, many farming decisions are still based on
intuition, historical experience, and manual observation,
which may not adequately address the complexity of
modern  agricultural ecosystems. Factors such as
unpredictable climate patterns, soil variability, pest
infestations, and water scarcity demand intelligent systems
that can analyze large volumes of data and provide
actionable insights. Machine learning models have proven
effective in handling such complex, nonlinear relationships
within agricultural data. However, their adoption in real-
world farming environments remains limited due to a lack
of interpretability and trust. Farmers are often reluctant to
rely on recommendations generated by opaque algorithms
without understanding the reasoning behind them.
Explainable Artificial Intelligence addresses this limitation
by making machine learning models transparent and
interpretable. XAl enables users to understand how input
features influence predictions, making Al systems more
reliable and acceptable in high-impact domains like
agriculture. Support Vector Machines are particularly well-
suited for agricultural applications due to their effectiveness
in classification and regression tasks, even when datasets are
noisy or limited in size. By integrating XAI with SVM, this
research aims to bridge the gap between predictive
performance and interpretability. The proposed system
supports informed decision-making by offering both
accurate  predictions and meaningful explanations,
empowering farmers to enhance productivity, adopt
sustainable practices, and mitigate risks associated with
modern agriculture[1][2][3].

II. RELATED WORK

The application of artificial intelligence in agriculture has
gained significant attention due to its potential to enhance
productivity and optimize resource utilization. Traditional
machine learning models have been widely used for tasks
such as crop yield prediction, disease detection, and
irrigation management. However, many of these models
operate as black-box systems, limiting their interpretability
and reducing user confidence in real-world agricultural
environments.

To address this limitation, recent research has focused on
integrating Explainable Artificial Intelligence (XAI) into
smart agriculture systems. XAl techniques aim to provide
transparency by explaining how input features influence
model predictions. Studies have shown that incorporating
explainability improves trust among farmers and enables
more informed decision-making, particularly in critical
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applications such as crop selection and soil management [1],
[2].

Several researchers have explored the combination of
machine learning models with XAI methods for crop yield
prediction. Techniques such as SHAP (Shapley Additive
Explanations) and LIME (Local Interpretable Model-
Agnostic Explanations) are commonly used to identify the
contribution of environmental factors like rainfall,
temperature, and soil nutrients. These approaches help bridge
the gap between predictive performance and interpretability,
making Al systems more practical for agricultural use [8],

[9].

Deep learning has also been applied extensively in
agriculture, particularly in image-based plant disease
detection. While convolutional neural networks (CNNs)
provide high accuracy, their lack of transparency poses
challenges. Recent studies have incorporated explainability
into deep learning models to highlight important regions in
images that influence predictions, thereby improving the
reliability and usability of automated disease diagnosis
systems [5], [15].

In addition, decision-support systems enhanced with
interpretable models have been developed for irrigation
scheduling and fertilizer optimization. These systems analyze
environmental and soil parameters to  generate
recommendations while simultaneously explaining the
reasoning behind them. Such transparency not only improves
decision accuracy but also promotes sustainable farming
practices by minimizing resource wastage [4], [16].

Research on smart irrigation systems further
demonstrates the importance of interpretability in
understanding water usage patterns and their impact on crop
productivity. Similarly, studies on sustainable agriculture
emphasize that explainable AI plays a crucial role in
ensuring ethical, transparent, and accountable decision-
making processes in food production systems [7], [17].

Despite these advancements, challenges remain in
implementing XAI in agriculture. Issues such as data
scarcity, variability across regions, and increased model
complexity can affect both accuracy and interpretability.
Moreover, achieving an optimal balance between model
performance and explainability continues to be an active area
of research [18], [19].

Recent studies have proposed explainable machine
learning frameworks and disease prediction systems to
improve transparency and reliability in agricultural decision-
making [10], [12].

III. METHODOLOGY

Additionally, interpretable decision-support systems have
been developed for irrigation and fertilizer management,
promoting sustainable farming practices. Despite these
advancements, challenges such as data variability and
balancing accuracy with interpretability remain. Overall,
XAl-based approaches offer a promising direction for
developing transparent and efficient smart agriculture
systems.[3][11]

To ensure trust and interpretability, XAl techniques are
embedded into the system. Feature-attribution methods such
as SHAP (Shapley Additive Explanations) or LIME (Local
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Interpretable Model-agnostic Explanations) are used to
explain how individual features influence predictions. For
instance, the system can explain whether soil moisture,
nitrogen content, or rainfall had the highest impact on
predicted yield. These explanations are presented through
dashboards that farmers and agronomists can easily
understand.

Based on the predictions and explanations, the system
generates actionable recommendations such as optimal
irrigation timing, fertilizer application, or crop selection
strategies. Feedback from farmers is optionally incorporated
to refine the model over time, making the system adaptive
and context-aware. This methodology ensures both high
prediction accuracy and transparency, enabling informed
and confident agricultural decision-making.

Finally, the system performance is evaluated using both
quantitative metrics and qualitative analysis  of
explainability. The integration of XAl ensures transparency,
improves trust, and supports the adoption of Al-based
solutions in agriculture [2], [6].

A. Feature Selection Techniques

Feature selection plays a vital role in improving model
performance, reducing computational complexity, and
enhancing explainability in smart agriculture systems.
Initially, domain-driven feature selection is applied by
consulting agricultural experts to identify critical parameters
such as soil moisture, nitrogen-phosphorus-potassium
(NPK) levels, temperature, rainfall, and vegetation indices.
This step ensures that agriculturally meaningful features are
retained.

Statistical techniques such as correlation analysis and
variance thresholding are then used to remove redundant or
low-impact features. Highly correlated variables are
identified, and only the most informative ones are preserved
to avoid multicollinearity. Machine learning—based
techniques such as feature importance scores from Random
Forests and Gradient Boosting models are also employed to
rank features according to their contribution to prediction
accuracy.

XAl-driven  feature  selection  further  enhances
transparency by using SHAP or LIME values to identify
features with consistent influence across predictions.
Features with negligible or unstable contributions are
eliminated, resulting in a compact, interpretable feature set.
This hybrid feature selection approach improves prediction
reliability while making the system’s reasoning process
understandable to end users.

B. Algorithms Pseudocode Steps

Algorithm: XAlI-Powered Smart Agriculture Productivity
Enhancement

Input:
Soil data, weather data, crop history, satellite/drone images

Output:
Crop  productivity  prediction  with explainable
recommendations
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Balance between Precision and Recall

1. Collect agricultural data from IoT sensors, weather
APIs, and imagery sources.

2. Perform data preprocessing including cleaning,
normalization, and temporal alignment.

3. Extract relevant numerical and

features from the processed data.

image-based

4. Apply feature selection techniques to retain the
most influential agricultural parameters.

5. Train a machine learning or deep learning model
using the selected features.

6. Generate productivity predictions such as yield
estimation or irrigation needs.

7. Apply XAI techniques (e.g., SHAP or LIME) to
interpret model predictions.

8. Visualize feature contributions and explanations in
a farmer-friendly dashboard.

9. Generate actionable recommendations based on
predictions and explanations.

10. Update the model periodically using new data and
user feedback.

11. End Algorithm

C. Evaluation Metrics

The model is trained and evaluated using standard metrics
such as accuracy, precision, recall, and F1-score [5], [13].

1. Accuracy
e  Measures overall correctness of the model

e Formula:

TP+ TN
TP+TN+FP +FN

Accuracy =

2. Precision

e  Measures how many predicted positives are
actually correct.
¢ Formula:

Precision=TP+FPTP
3. Recall (Sensitivity)
e  Measures how well model finds all actual positives

e Formula:

TP

Recall = 75—F§

4. F1-Score
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F1=2X

Formula:

Precision X Recall

Precision + Recall

5.Confusion Matrix

Table showing:
o TP (True Positive)
e TN (True Negative)
FP (False Positive)
FN (False Negative)

D. Perform Result Analysis

Model /

Kernel

F1-
Score

(%)

Accuracy Precision Recall

Type %) %) %)

Random Kernel
Model
Linear Kernel
Model
SW

(Optimized

57 66 65 65.5

72 70 69 69. 5

8 6 75 75.5

Kernel)

E. Graphs

Representational XAl Feature Importance for Crop Yield Prediction
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IV. EXPERIMENT SETUP

The experimental setup involves collecting structured
agricultural datasets from publicly available repositories and
agricultural monitoring systems. The dataset is preprocessed
through data cleaning, normalization, and handling of
missing values to ensure model stability. Features such as
soil pH, nitrogen content, rainfall, temperature, humidity,
crop type, and seasonal indicators are selected as input
variables. The dataset is divided into training and testing
sets using an 80:20 ratio to evaluate model generalization.
An SVM classifier with optimized kernel functions is
employed to predict productivity categories such as low,
medium, and high yield. Hyperparameters including kernel
type, regularization parameter, and gamma values are tuned
using cross-validation. XAl techniques such as SHAP and
LIME are applied on top of the trained SVM model to
generate local and global explanations. These explanations
help identify influential features and validate whether the
model’s behavior aligns with agronomic knowledge. The
experiments are conducted using Python-based machine
learning libraries in a controlled computing environment to
ensure reproducibility and consistency.

A. Analysis and Discussions

The experimental findings indicate that the proposed XAI-
powered SVM framework -effectively bridges the gap
between predictive performance and interpretability in smart
agriculture systems. Unlike traditional black-box models,
the inclusion of explainability allows stakeholders to
understand why specific productivity predictions are made.
This transparency increases farmer confidence and supports
informed decision-making related to irrigation, fertilization,
and crop selection. The model demonstrates resilience
across varying environmental conditions and maintains
consistent performance across different crop types.
However, the system’s effectiveness is influenced by data
quality and regional variability, highlighting the need for
localized datasets. The discussion also emphasizes that XAl
outputs can serve as a decision-support tool rather than a
replacement for expert agronomic judgment, reinforcing the
collaborative role of Al in agriculture.

V. CONCLUSION

The integration of Explainable Artificial Intelligence (XAI)
into smart agriculture represents a significant advancement
toward achieving  sustainable food  productivity
enhancement. Throughout the study, it is evident that XAI-
powered systems bridge a critical gap between high-
performance Al models and the practical needs of farmers,
agronomists, and policymakers. Traditional Al and deep
learning models, while accurate, often operate as “black
boxes,” limiting user trust and hindering adoption in real-
world  agricultural  environments. By  embedding
explainability —into smart agriculture frameworks,
stakeholders gain not only predictive insights but also a
clear understanding of why certain recommendations are
made, such as irrigation schedules, fertilizer application
rates, pest control measures, or crop yield forecasts.

XAI enhances decision-making by providing transparent
interpretations of complex data derived from sensors,
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satellite imagery, weather forecasts, soil health indicators,
and historical crop performance. This transparency
empowers farmers to validate Al-driven recommendations
against their domain knowledge, leading to more confident
and informed actions. As a result, agricultural operations
become more precise, resource-efficient, and resilient to
uncertainties such as climate variability, pest outbreaks, and
soil degradation. The use of explainable models also
supports accountability, as decisions affecting food security,
environmental sustainability, and economic outcomes can
be traced back to interpretable factors rather than opaque
algorithmic outputs.

Another important contribution of XAl-powered smart
agriculture lies in its role in sustainability. By clearly
identifying the factors influencing crop stress, water
consumption, and nutrient imbalance, XAl systems promote
optimized resource usage, reducing excessive reliance on
water, fertilizers, and pesticides. This not only lowers
production costs but also mitigates environmental impacts
such as groundwater depletion, soil salinity, and chemical
runoff. Furthermore, explainability facilitates knowledge
transfer, enabling smallholder and marginal farmers to learn
from Al insights and gradually adopt data-driven farming
practices, thereby narrowing the digital divide in agriculture.

In summary, XAl-powered smart agriculture systems
provide a holistic solution for enhancing food productivity
by combining accuracy, transparency, and trust. They
support precision farming, improve crop yields, strengthen
sustainability, and encourage broader adoption of Al
technologies in agriculture. By making Al decisions
interpretable and actionable, XAI transforms smart
agriculture from a purely technological innovation into a
farmer-centric, scalable, and ethically responsible approach
to meeting the growing global demand for food.

V1. LIMITATIONS AND FUTURE ENHANCEMENT

While XAl-powered smart agriculture has demonstrated
strong potential, several opportunities exist for future
research and development to further enhance food
productivity and system robustness. One major direction for
future work is the development of more advanced hybrid
XAI models that balance high predictive accuracy with
deeper interpretability. Current explainability techniques
often focus on post-hoc explanations, which may not fully
capture the internal reasoning of complex deep learning
models. Future systems can integrate inherently
interpretable architectures with deep models, ensuring
explanations are not only accurate but also consistent and
reliable across diverse agricultural conditions. Feature
selection helps reduce dimensionality and improves both
model accuracy and interpretability [7], [14].

Another promising area of future work is the large-scale
integration of multimodal data sources. Smart agriculture
systems increasingly rely on data from Internet of Things
sensors, drones, satellites, weather stations, and farm
management records. Future XAl frameworks should focus
on explaining how these heterogeneous data streams interact
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to influence predictions related to crop yield, disease risk,
and resource allocation. Improved multimodal explainability
will help farmers understand the relative importance of soil
health, climate factors, and crop management practices in
real time, leading to more adaptive and resilient farming
strategies.

Scalability and localization also represent key future
challenges. Agricultural practices vary widely across
regions due to differences in climate, soil composition, crop
types, and socio-economic factors. Future XAlI-powered
systems should be designed to adapt explanations to local
contexts and farmer literacy levels, including visual,
multilingual, and voice-based explanation interfaces. This
will enhance usability and adoption, particularly among
smallholder farmers in developing regions. Additionally,
integrating XAI with edge computing can enable real-time,
low-latency decision support in remote agricultural areas
with limited connectivity.

Finally, future research should focus on policy integration,
ethical considerations, and long-term impact assessment. As
XAl-driven decisions increasingly influence food supply
chains, pricing, and sustainability policies, it is essential to
evaluate their socio-economic implications. Future work can
explore standardized benchmarks for explainability in
agriculture, farmer-centric evaluation metrics, and long-term
field trials to measure productivity gains and environmental
benefits. By addressing these areas, future XAl-powered
smart agriculture systems can evolve into intelligent,
inclusive, and globally scalable solutions for ensuring food
security and sustainable agricultural development.
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