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Abstract 
Efficient supply chain management is a fundamental requirement in modern military operations, where rapid and 
reliable logistical decisions directly influence mission success. Planning transportation routes, allocating 
resources, and evaluating terrain conditions must often be performed in uncertain and dynamic environments. 
Synthetic Aperture Radar (SAR) remote sensing has emerged as a valuable technology for such tasks because it 
provides high-resolution terrain information independent of weather conditions, daylight availability, or 
atmospheric disturbances.Conventional approaches for interpreting SAR imagery and supporting military 
logistics frequently depend on manual analysis or rule-based decision systems. These approaches are often labor-
intensive, difficult to scale, and susceptible to human error. Although deep learning models have demonstrated 
strong performance in image analysis tasks, their limited interpretability often prevents their adoption in critical 
defense applications where transparency and accountability are essential.To address this challenge, this study 
proposes an Explainable Artificial Intelligence (XAI) framework for military supply chain optimization based on 
SAR imagery. The proposed system employs a Convolutional Neural Network (CNN) to classify terrain categories 
that influence military logistics and route planning. To enhance interpretability, explainability techniques such as 
Local Interpretable Model-Agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP) are 
integrated with the CNN model. LIME highlights the image regions that influence individual predictions, while 
SHAP provides both local and global insights by quantifying feature contributions to the model’s output.The 
proposed framework enables accurate terrain classification while simultaneously providing transparent 
explanations for model decisions. Such interpretability supports informed decision-making and increases 
confidence in AI-based systems used in defense logistics. The results demonstrate that integrating explainable 
methods with deep learning can significantly improve trust, usability, and operational efficiency in military supply 
chain planning. 
Keywords: Explainable Artificial Intelligence, Military Supply Chain, Synthetic Aperture Radar, Terrain 
Classification, Deep Learning, Convolutional Neural Networks, LIME, SHAP, Defense Logistics. 
 
Introduction 
Efficient logistics and supply chain management 
play a fundamental role in the success of modern 
military operations. Military supply chains are 
responsible for delivering critical resources such as 
ammunition, fuel, medical equipment, food 
supplies, and operational gear to combat and 
operational areas within strict time constraints. 
These activities are frequently conducted in complex 
and uncertain environments where terrain 
characteristics, environmental conditions, and 
infrastructure availability significantly influence 
transportation decisions. Consequently, accurate 
terrain evaluation and route planning are essential to 
minimize operational risks and ensure the timely and 
secure movement of resources.Advancements in 
Artificial Intelligence (AI) and Machine Learning 
(ML) have significantly improved the ability to 
process and analyze large volumes of imagery data. 

In particular, Convolutional Neural Networks 
(CNNs) have proven highly effective for image 
classification tasks. These deep learning models are 
capable of automatically learning complex spatial 
features from image data and can accurately 
categorize terrain types from Synthetic Aperture 
Radar (SAR) imagery. SAR technology offers a 
significant advantage over traditional optical 
imaging because it can capture high-resolution 
surface information regardless of weather 
conditions, lighting variations, or time of day. This 
capability makes SAR imagery particularly useful 
for military applications that require continuous 
environmental monitoring and reliable terrain 
assessment.Although deep learning models provide 
high predictive accuracy, they are often criticized for 
their lack of interpretability. Many AI systems 
operate as “black-box” models, where the reasoning 
behind predictions is not easily understandable by 
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human operators. In mission-critical military 
environments, where decisions may directly impact 
safety and operational outcomes, transparency and 
trust in automated systems are extremely important. 
To address this issue, Explainable Artificial 
Intelligence (XAI) techniques are incorporated into 
the system to make model predictions more 
interpretable.In this study, the Local Interpretable 
Model-Agnostic Explanations (LIME) technique is 
used to identify and highlight the specific regions of 
SAR images that influence the CNN model’s 
classification results. By visually indicating the 
areas responsible for a prediction, LIME helps 
analysts understand how the model interprets terrain 
features. In addition, SHapley Additive exPlanations 
(SHAP) are incorporated in the second phase of the 
system to further enhance interpretability. SHAP 
provides both local and global explanations by 
estimating the contribution of individual features to 
the final prediction, thereby offering a deeper 
understanding of model behavior.Integrating 
explainable AI methods with deep learning models 
not only improves analytical performance but also 
increases user confidence by providing transparent 
insights into the reasoning behind predictions. This 
transparency is particularly valuable in defense 
applications where accountability, reliability, and 
informed decision-making are essential. The 
proposed research focuses on integrating SAR 
image classification with explainable AI techniques 
to support military supply chain optimization. By 
combining CNN-based terrain classification with 
LIME and SHAP explanations, the system aims to 
provide both accurate predictions and interpretable 
insights that assist decision-makers in planning safe 
and efficient supply routes during military 
operations. 
Literature Survey 
Recent research has highlighted the growing 
importance of artificial intelligence and remote 
sensing technologies in military logistics and terrain 
analysis. Several studies have investigated the 
application of machine learning algorithms for 
interpreting Synthetic Aperture Radar imagery and 
improving decision-making processes in defense 

environments.Zhang et al. (2018) explored the use 
of deep learning techniques for SAR image 
interpretation and addressed challenges related to 
noise, complex textures, and geometric distortions 
commonly present in radar imagery. Their findings 
indicated that Convolutional Neural Networks 
significantly outperform traditional image 
processing methods in tasks such as terrain 
classification and object detection. These results 
demonstrate the potential of deep learning models 
for military surveillance and environmental 
monitoring.Roberts et al. (2019) introduced an 
artificial intelligence-based framework for 
optimizing military supply chain operations. Their 
research focused on areas such as demand 
prediction, route optimization, and risk assessment 
in uncertain operational environments. The study 
concluded that machine learning models can 
significantly improve logistics efficiency and 
strategic planning. However, the proposed 
framework lacked mechanisms to explain the 
reasoning behind AI-generated decisions, which 
remains a critical requirement in defense 
applications.The importance of interpretability in 
machine learning systems was emphasized by 
Samek et al. (2020), who conducted a 
comprehensive review of explainable AI techniques 
including LIME, SHAP, and Grad-CAM. Their 
work highlighted the necessity of transparent AI 
systems in safety-critical domains such as 
healthcare, transportation, and defense. According 
to their findings, explainability improves user trust 
and allows experts to validate AI-based decisions 
before implementing them in real-world 
scenarios.Kapoor and Sharma (2021) further 
demonstrated the value of SAR imagery for military 
intelligence and tactical analysis. Their research 
showed that SAR data can effectively support terrain 
monitoring, infrastructure mapping, and 
environmental assessment under various weather 
conditions. These capabilities make SAR imagery 
particularly useful for evaluating potential supply 
routes in military logistics operations. 
 
Software Requirements 

 
Fig:1 : Google Colab Desktop 
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Software requirements play a vital role in the 
development of any artificial intelligence–driven 
system because they determine how efficiently the 
system can process data, train models, and produce 
reliable outcomes. In the proposed research on 
Explainable Artificial Intelligence for Military 
Supply Chain Optimization using Synthetic 
Aperture Radar images, the software environment is 
designed to support the complete workflow of the 
system. This workflow includes SAR image 
acquisition, preprocessing, deep learning model 
development, explainability analysis, and 
visualization of results.Synthetic Aperture Radar 
imagery contains complex surface information that 
requires multiple stages of processing before 
meaningful insights can be obtained. SAR data often 
contains speckle noise and irregular signal patterns, 
which require preprocessing techniques such as 
noise filtering, normalization, and image resizing. In 
addition, feature extraction and terrain classification 
are essential steps for identifying regions that are 
suitable for military logistics operations. Therefore, 
the software environment must support efficient 
handling of large image datasets and 
computationally intensive deep learning 
algorithms.Python is selected as the primary 
programming language for implementing the system 
because of its simplicity, flexibility, and extensive 
ecosystem of libraries for machine learning, deep 
learning, and image processing. Python provides 
numerous open-source frameworks that allow 
researchers to develop and experiment with complex 
models quickly. Its large community support and 
compatibility with scientific computing tools make 
it a preferred choice for artificial intelligence 
research.The implementation of the system is 
performed using Google Colaboratory, a cloud-
based development platform that enables users to 
write and execute Python code through interactive 
notebooks. One of the major advantages of Google 
Colab is the availability of GPU and TPU 
acceleration, which significantly improves the speed 
of deep learning model training. Since training 
Convolutional Neural Networks requires substantial 
computational power, the use of cloud-based 
resources eliminates the need for expensive local 
hardware infrastructure.Several Python libraries are 
integrated into the system to perform different 
computational tasks. Libraries such as NumPy and 
Pandas assist in numerical computation and dataset 
management, while OpenCV is used for image 
preprocessing and feature extraction from SAR data. 
Deep learning frameworks such as TensorFlow and 
Keras enable the development of Convolutional 
Neural Network models for terrain classification. To 

improve interpretability, explainability tools 
including Local Interpretable Model-Agnostic 
Explanations and SHapley Additive exPlanations 
are incorporated. These tools help in analyzing 
model behavior and explaining the reasoning behind 
predictions.In addition to model development, 
visualization tools are employed to present 
analytical results in graphical formats. Visualization 
of model outputs, performance metrics, and 
explanation maps helps researchers and decision-
makers interpret results more effectively. Such 
transparency is particularly important in defense 
applications where decision reliability and clarity 
are critical. Overall, the selected software 
environment provides a scalable and efficient 
platform for implementing an explainable AI system 
capable of supporting military logistics planning 
through SAR image analysis. 

Software Tools Used 
The development of the proposed system relies on 
several software tools and programming libraries 
that support machine learning, deep learning, and 
data visualization tasks. Python serves as the main 
programming language due to its versatility and 
strong support for scientific computing. Its extensive 
library ecosystem allows developers to implement 
complex algorithms with relatively simple code 
structures.Google Colaboratory is used as the 
primary development platform because it provides a 
cloud-based environment for writing and executing 
Python programs. The platform supports GPU 
acceleration and allows users to work through 
interactive notebooks, which simplifies 
experimentation and debugging. It also enables easy 
sharing and collaboration among 
researchers.NumPy is used for performing 
numerical computations involving arrays and 
matrices. Since deep learning models rely heavily on 
mathematical operations, NumPy plays an important 
role in efficient data processing. Pandas is employed 
for data management and analysis. It provides 
structured data representations such as DataFrames, 
which are useful for organizing datasets, metadata, 
and classification labels associated with SAR 
imagery.OpenCV is utilized for performing image 
preprocessing operations. These operations include 
resizing, filtering, normalization, and enhancement 
of SAR images. Preprocessing improves image 
quality and prepares the data for input into the deep 
learning model. TensorFlow and Keras are used to 
build and train Convolutional Neural Network 
models responsible for terrain classification. These 
frameworks provide flexible tools for designing 
neural network architectures and optimizing model 
performance.Scikit-learn is used for evaluating 
model performance through statistical metrics such 
as accuracy, precision, recall, F1-score, and 
confusion matrices. These metrics help determine 



  ISSN 2277-2685 

IJESR/April-June. 2026/ Vol-16/Issue-2/152-161 

I Ashwitha et. al., / International Journal of Engineering & Science Research 

155 
 

how effectively the model performs terrain 
classification tasks. Explainable Artificial 
Intelligence tools such as LIME and SHapley 
Additive exPlanations are integrated to interpret 
predictions generated by the deep learning model. 
LIME focuses on local explanations by highlighting 
image regions responsible for a prediction, while 
SHAP provides both local and global explanations 
by analyzing feature contributions. 
 
System Requirements 
System requirements describe the hardware and 
software configuration necessary to implement and 
execute the proposed system efficiently. Because the 
project involves SAR image processing, deep 
learning model training, and explainable AI 
analysis, adequate computational resources are 
required to ensure smooth execution and accurate 
results.From a hardware perspective, a computer 
equipped with a processor equivalent to an Intel 
Core i5 or higher is recommended. A minimum 
memory capacity of 8 GB RAM is required to 
manage dataset loading and processing, although 16 
GB RAM is preferable for handling larger SAR 
datasets more efficiently. Storage space of 
approximately 50 GB is recommended to store SAR 
images, trained models, intermediate files, and 
experimental results. While local GPU hardware can 
significantly accelerate deep learning training, it is 
not mandatory in this project because cloud-based 
GPU resources are available through Google 
Colab.The software requirements include an 
operating system such as Windows, Linux, or 
macOS along with Python as the primary 
programming language. The implementation 
environment utilizes Google Colab and Jupyter 
Notebook interfaces, which enable interactive 
coding and step-by-step execution of machine 
learning workflows. These environments simplify 
debugging and allow researchers to monitor 
intermediate results throughout the model 
development process.Multiple libraries are 
integrated to implement different functionalities of 
the system. NumPy and Pandas support data 
manipulation and numerical computation, while 
OpenCV performs image preprocessing tasks 
including filtering and normalization. TensorFlow 
and Keras enable the development of deep learning 
architectures used for terrain classification. Scikit-
learn provides evaluation tools to measure model 
performance using standard classification metrics. 
Explainability tools such as LIME and SHAP play a 
significant role in improving the transparency of the 
system. These techniques help identify the features 
and image regions that influence model predictions. 
LIME focuses on interpreting individual predictions, 
while SHAP analyzes feature importance across the 
entire dataset. Visualization libraries such as 
Matplotlib and Seaborn are used to present 

performance metrics and explanation outputs 
through graphs and plots. Overall, the selected 
system requirements provide a stable and scalable 
environment for implementing the explainable AI 
framework. 
Working Environment 
The working environment of the proposed system is 
designed to facilitate efficient development, 
experimentation, and evaluation of deep learning 
models used for SAR image classification. The 
environment integrates multiple computational tools 
and frameworks that support the entire workflow, 
from data preprocessing to explainability 
analysis.Google Colab serves as the primary 
platform for executing the project. It provides a 
cloud-based computing environment where users 
can run Python code through Jupyter notebook 
interfaces. One of its key advantages is the 
availability of free GPU and TPU acceleration, 
which significantly improves training speed for 
computationally intensive models such as 
Convolutional Neural Networks. This capability 
allows researchers to process large SAR datasets 
without requiring specialized local hardware.The 
environment supports seamless integration of 
several Python libraries. NumPy and Pandas are 
used for data preparation and dataset management, 
while OpenCV performs image processing tasks 
including resizing, filtering, and normalization. 
TensorFlow and Keras provide the deep learning 
infrastructure necessary to construct and train CNN 
models. Scikit-learn is used to evaluate model 
performance using statistical metrics.Explainable AI 
tools such as LIME and SHAP are incorporated to 
interpret model predictions. These tools analyze 
how the CNN model processes input data and 
identify the features that influence classification 
results. By providing interpretable outputs, the 
system ensures transparency and reliability, which 
are essential in military applications.The notebook-
based interface of Google Colab allows code 
execution in a sequential and interactive manner. 
This makes it easier to monitor intermediate outputs, 
identify potential errors, and refine model 
parameters. In addition, integration with cloud 
storage services such as Google Drive allows 
researchers to store large datasets and trained models 
securely while enabling remote access and 
collaboration.Visualization tools such as Matplotlib 
and Seaborn further enhance the working 
environment by enabling graphical representation of 
experimental results. These visualizations assist in 
analyzing model performance and understanding 
classification behavior. Overall, the working 
environment provides a flexible and efficient 
infrastructure for implementing the explainable AI 
framework. 
 
System Architecture 
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Figure 2:System Architecture 

The architecture of the proposed system illustrates 
the interaction between different modules 
responsible for data processing and decision 
support. The workflow begins with the user 
providing SAR image data to the system through an 
input interface. The interface acts as a 
communication layer between the user and the 
computational components of the system.After 
receiving the input, the SAR images undergo 
preprocessing to improve image quality and prepare 
the data for deep learning analysis. Preprocessing 
steps include image resizing, normalization, and 
noise removal. The processed images are then 
passed to the feature extraction stage where 
important spatial characteristics are identified.The 
extracted features are processed by a Convolutional 
Neural Network model, which acts as the central 
intelligence of the system. The CNN learns patterns 
from labeled SAR datasets and performs terrain 
classification based on these learned features. The 
classification results help determine terrain 
suitability for military supply chain movement.Once 
classification is completed, explainability modules 
are activated to interpret the model’s predictions. 
LIME analyzes individual predictions and highlights 
the regions of the SAR image that influenced the 
model’s decision. SHAP further analyzes feature 
contributions and provides a broader understanding 
of the model’s behavior across the dataset. These 
explanations allow users to verify the reliability of 
predictions.Finally, the system presents the 
classification results and explanation maps through 
a visualization interface. This interface provides 
clear graphical outputs that assist military planners 
in evaluating terrain conditions and selecting 
optimal supply routes. 
Flowchart 
The system workflow begins when a user uploads a 
SAR image into the system. The uploaded image 
contains radar-based terrain information that is 
useful for analyzing environmental conditions and 
identifying potential supply routes.Once the image 
is uploaded, it undergoes preprocessing operations 
including resizing, normalization, and noise 
filtering. These preprocessing steps improve image 

clarity and ensure compatibility with the deep 
learning model.The preprocessed image is then 
provided as input to the Convolutional Neural 
Network model. The CNN automatically extracts 
spatial and texture features that represent different 
terrain characteristics. Based on these features, the 
model predicts a terrain or route classification 
label.To enhance interpretability, LIME is applied to 
the predicted result. LIME identifies the specific 
regions of the image that contributed most strongly 
to the model’s prediction. The system then displays 
both the predicted terrain classification and the 
explanation map generated by LIME, enabling users 
to understand the reasoning behind the decision. 
Working Principle 
The operational workflow of the proposed system 
begins with the acquisition of Synthetic Aperture 
Radar images obtained from satellite platforms or 
publicly available SAR datasets. These images 
contain detailed information about surface 
characteristics and are widely used in defense 
applications because they can capture terrain data 
under all environmental conditions.After 
acquisition, the SAR images undergo preprocessing 
procedures that enhance their suitability for deep 
learning analysis. These procedures include resizing 
the images, normalizing pixel values, and reducing 
noise. Preprocessing ensures that all images have 
consistent dimensions and quality before they are 
used for training the model.The processed images 
are then fed into a Convolutional Neural Network 
architecture. The CNN extracts hierarchical features 
from the images through convolutional layers, 
pooling layers, and fully connected layers. These 
layers collectively learn patterns associated with 
different terrain types and enable the model to 
perform accurate classification.To improve 
transparency, explainable AI techniques are applied 
after classification. LIME provides explanations for 
individual predictions by identifying image regions 
responsible for the classification result. SHAP 
further analyzes the influence of input features and 
assigns contribution scores that indicate their impact 
on the final prediction. By combining these two 
techniques, the system offers both detailed local 
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explanations and overall insights into model 
behavior.The final output includes the classified 
terrain category along with visual explanation maps. 
These outputs assist military planners in evaluating 
terrain suitability and selecting efficient supply 
routes. The integration of deep learning and 
explainable AI ensures that the system provides both 
accurate predictions and transparent reasoning. 
Results and Discussion 
This section presents the experimental outcomes 
obtained from the implementation of the proposed 
explainable artificial intelligence framework for 
Synthetic Aperture Radar (SAR) image 
classification. Although the Convolutional Neural 
Network (CNN) model provides accurate 
predictions for terrain classification, additional 
explainability techniques are incorporated to 
interpret how these predictions are generated. In this 
study, two major Explainable Artificial Intelligence 
(XAI) techniques—Local Interpretable Model-
Agnostic Explanations (LIME) and SHapley 
Additive exPlanations (SHAP)—are applied to 
analyze and interpret the CNN model’s decision-
making process.LIME functions by dividing an 
input image into multiple smaller segments known 

as superpixels. Each segment represents a cluster of 
neighboring pixels with similar visual 
characteristics. The technique selectively masks or 
modifies these regions and evaluates how the 
model’s prediction changes in response. Through 
this process, LIME identifies the regions that 
significantly influence the classification result and 
visually highlights them. These highlighted areas 
provide insight into the specific spatial structures or 
textures that guided the CNN model’s decision.The 
integration of these explainability techniques 
enables visualization of the most influential regions 
and features present in SAR images. In most cases, 
these highlighted areas correspond to meaningful 
spatial and texture patterns associated with different 
terrain categories. By revealing how the CNN model 
processes SAR imagery, the explainability methods 
help ensure that predictions are based on relevant 
terrain characteristics rather than irrelevant noise or 
artifacts. Consequently, this improves the reliability, 
transparency, and trustworthiness of the system. 
This section therefore evaluates both the 
classification performance and the interpretability of 
the proposed approach. 
Results 

 
Figure 3 Lime Explanation for Flooded Area Class 

 

Figure 4 Lime Explanation for street 
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Figure 5 SHAP Explanation for Flooded Area Class 

The experimental evaluation of the proposed system 
was carried out using a Convolutional Neural 
Network combined with explainable AI techniques 
to classify SAR images representing different terrain 
types. The trained model was tested on previously 
unseen SAR images in order to examine its 
prediction capability and interpretability. The 
system integrates three primary components: the 
CNN classification model, the LIME explanation 
framework, and the SHAP interpretability 
method.The CNN model successfully learned spatial 
and texture-based patterns present in SAR imagery 
and was able to categorize images into various 
terrain classes such as urban areas, forests, flooded 
regions, roads, and barren land. The classification 
results demonstrate that the model can effectively 
differentiate between these terrain categories by 
analyzing radar signal patterns present in the dataset. 
Experimental observations indicate that the model 
achieves stable and consistent performance across 
multiple test samples, reflecting its ability to 
generalize well to new data.To ensure transparency 
in the decision-making process, explainability 
techniques were applied after classification. LIME 
was used to generate local explanations for 
individual SAR images. The technique highlights 
specific regions of an image that strongly influence 
the model’s classification decision. These 
highlighted areas represent the most significant 
spatial features identified by the CNN model during 
prediction.The explanation results obtained through 
LIME reveal that the CNN model primarily focuses 
on distinctive structural patterns and texture 
characteristics present in SAR imagery. For 
instance, in urban regions the model concentrates on 
dense and irregular structural textures, whereas for 
water bodies it emphasizes smoother regions with 
uniform radar reflections. These observations 
indicate that the model is learning meaningful 
patterns associated with terrain characteristics rather 
than relying on irrelevant image artifacts. 

Discussion 
Analysis of SAR Classification Results 
The classification results obtained from the SAR 
image dataset demonstrate the capability of the 
proposed Convolutional Neural Network model to 
identify complex terrain patterns from radar 
imagery. The model was trained using preprocessed 
SAR images and evaluated on separate test data to 
assess its predictive performance and ability to 
generalize to unseen samples.SAR images possess 
unique radar reflection patterns that represent 
different land surface characteristics. These patterns 
vary significantly depending on terrain type, 
allowing the model to distinguish between classes 
such as urban areas, vegetation regions, water 
bodies, and barren land. The CNN architecture 
effectively captures these spatial and textural 
features through multiple convolutional layers, 
enabling accurate terrain classification.The 
integration of explainable AI techniques further 
strengthens confidence in the model’s predictions. 
The LIME visualization highlights the most 
influential regions within each SAR image that 
affect the classification decision. Observations from 
these explanations indicate that the CNN model 
focuses primarily on meaningful structural and 
texture patterns that correspond to real terrain 
characteristics. This confirms that the model is 
learning relevant features rather than relying on 
random correlations within the data.SHapley 
Additive exPlanations provide additional insight by 
quantifying the importance of different features. 
SHAP analysis demonstrates that the model 
consistently relies on key features when making 
predictions across various samples. This consistency 
suggests that the learned representations are stable 
and reliable. Furthermore, SHAP provides both local 
explanations for individual predictions and global 
insights into overall model behavior.The combined 
use of deep learning and explainable AI improves 
both the accuracy and interpretability of the system. 



  ISSN 2277-2685 

IJESR/April-June. 2026/ Vol-16/Issue-2/152-161 

I Ashwitha et. al., / International Journal of Engineering & Science Research 

159 
 

Visual explanations generated by LIME and SHAP 
allow users to understand the reasoning behind 
predictions, which increases trust and usability in 
real-world applications. These characteristics make 

the proposed system suitable for applications such as 
terrain monitoring and decision-support systems in 
military logistics planning. 
Confusion Matrix Analysis 

 
Figure : 6 Confusion matrix 

The confusion matrix is an important evaluation tool 
used to measure the performance of classification 
models. In the context of SAR image terrain 
classification, it provides a detailed representation of 
how accurately the CNN model distinguishes 
between different land-cover categories such as 
agricultural areas, barren land, flooded regions, 
forests, and urban environments.A confusion matrix 
compares the actual class labels with the predicted 
labels generated by the model. In binary 
classification problems, the matrix consists of four 
components: True Positive (TP), True Negative 
(TN), False Positive (FP), and False Negative (FN). 
True Positive represents cases where the model 
correctly predicts a particular class, while True 
Negative represents correct identification of samples 
that do not belong to that class. False Positive occurs 
when the model incorrectly assigns a class label to a 
sample that belongs to another class, whereas False 
Negative occurs when the model fails to identify a 
sample that actually belongs to a specific class.In 
multi-class classification scenarios, the confusion 
matrix expands into a larger table where rows 
correspond to actual classes and columns correspond 
to predicted classes. This representation allows 
researchers to evaluate the model’s performance 
across all terrain categories simultaneously. 
Several important performance metrics can be 
derived from the confusion matrix. Accuracy 
measures the proportion of correctly classified 
samples relative to the total number of samples. 
Precision evaluates how many predicted positive 
instances are actually correct, while recall measures 
how effectively the model identifies all relevant 
samples. The F1-score represents the harmonic 
mean of precision and recall and provides a balanced 
measure of classification performance.By analyzing 
these metrics, researchers can determine the 
strengths and weaknesses of the classification model 
and identify potential areas for improvement. 

LIME-Based Explainability Analysis 
Deep learning models such as Convolutional Neural 
Networks often achieve high prediction accuracy but 
are frequently criticized for their lack of 
interpretability. Because these models involve 
complex internal computations, understanding how 
they reach a particular decision can be challenging. 
To address this issue, the Local Interpretable Model-
Agnostic Explanations method is applied in this 
study to explain the predictions produced by the 
CNN model.LIME generates explanations for 
individual predictions by analyzing how small 
changes in input data affect the model’s output. The 
method divides a SAR image into several 
superpixels, each representing a group of 
neighboring pixels with similar characteristics. By 
selectively masking or modifying these superpixels 
and observing changes in prediction probabilities, 
LIME identifies which regions have the greatest 
influence on the classification result.The 
explanation output is typically presented as a 
visualization where the most influential regions are 
highlighted while less significant areas remain faded 
or blurred. These highlighted regions correspond to 
important spatial patterns that guided the CNN 
model’s decision. For example, when identifying 
flooded areas, LIME often highlights smooth 
reflective surfaces and water-covered regions that 
are characteristic of flood conditions.The use of 
LIME offers several advantages. It enhances 
transparency by allowing users to visually interpret 
model decisions and verify whether the model is 
focusing on meaningful terrain features. It also 
supports error analysis by revealing instances where 
the model may misinterpret certain patterns. By 
providing clear visual explanations, LIME improves 
confidence in the model’s predictions and helps 
ensure that the system behaves reliably in practical 
applications. 
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Applications 
The proposed explainable artificial intelligence 
framework for SAR image analysis has a wide range 
of practical applications across multiple domains. 
One important application is disaster monitoring, 
where satellite imagery can be analyzed to detect 
and assess regions affected by natural disasters such 
as floods, earthquakes, and landslides. By accurately 
classifying terrain and identifying abnormal patterns 
in SAR images, the system can assist authorities in 
locating affected areas quickly and planning 
emergency response operations.Another significant 
application is environmental monitoring. The 
system can be used to study variations in land cover, 
detect environmental changes, and analyze 
vegetation patterns over time. SAR imagery enables 
continuous monitoring of environmental conditions 
regardless of weather or lighting constraints, which 
makes it highly suitable for long-term ecological 
analysis and sustainability studies.The approach can 
also support urban planning and infrastructure 
development. By identifying built-up regions, 
transportation networks, and other structural 
features from SAR images, the system can assist 
planners in analyzing urban expansion, managing 
land use, and planning future infrastructure projects. 
Accurate terrain classification can also help in 
monitoring the growth of cities and identifying areas 
suitable for development.In the field of agricultural 
analysis, SAR-based classification can be used to 
monitor crop distribution, evaluate soil conditions, 
and identify agricultural land patterns. These 
insights can support precision agriculture practices 
and improve decision-making related to crop 
management and land utilization.The system also 
has important applications in military surveillance 
and strategic analysis. SAR imagery can provide 
reliable terrain information under all weather 
conditions, which is crucial for analyzing 
operational environments and planning logistics 
routes. The integration of explainable AI ensures 
that predictions made by the system are transparent 
and interpretable, enabling defense analysts to trust 
and validate AI-generated insights. 
 
Conclusion 
This research presents the development of an 
explainable artificial intelligence framework for 
analyzing Synthetic Aperture Radar imagery using 
deep learning techniques. The study focuses on 
designing a Convolutional Neural Network model 
capable of accurately classifying terrain categories 
by learning spatial and texture-based patterns 
present in SAR images. Because SAR sensors can 
capture detailed surface information under various 
environmental conditions, including poor lighting 
and adverse weather, the proposed system is well 
suited for continuous monitoring applications.To 
address the challenge of model transparency, 
explainable AI techniques were integrated into the 

system. Methods such as Local Interpretable Model-
Agnostic Explanations and SHapley Additive 
exPlanations were applied to interpret the 
predictions generated by the CNN model. LIME 
provides localized explanations by highlighting the 
image regions that most strongly influence the 
classification result, while SHAP offers a broader 
understanding of feature contributions by generating 
both local and global explanations. These techniques 
allow users to better understand the reasoning 
behind model outputs and verify whether the model 
is focusing on relevant terrain characteristics.The 
results demonstrate that combining deep learning 
models with explainable AI techniques significantly 
improves the transparency and reliability of SAR 
image analysis systems. The developed approach 
not only achieves effective terrain classification but 
also provides interpretable explanations that 
enhance user trust in automated decision-making 
systems. Overall, the study confirms that integrating 
CNN-based classification with explainability 
methods can produce accurate and interpretable 
results, making the framework suitable for various 
satellite image analysis applications. 
 
Future Scope 
Although the proposed system demonstrates 
promising results in SAR image classification and 
explainability, several improvements and extensions 
can be explored in future research. One potential 
direction is the integration of multiple satellite data 
sources. Combining SAR imagery with optical 
satellite data or other remote sensing sensors could 
enhance classification accuracy and provide more 
comprehensive environmental insights.Another area 
for improvement is the adoption of advanced 
explainability techniques. Future studies may 
incorporate additional interpretability methods such 
as Gradient-weighted Class Activation Mapping 
(Grad-CAM), attention-based models, or hybrid 
explanation frameworks to provide deeper insights 
into model behavior.The system can also be 
enhanced by enabling real-time processing of 
satellite data. Implementing real-time SAR image 
analysis would allow faster monitoring and quicker 
decision-making in applications such as disaster 
management and surveillance.Further research may 
focus on improving deep learning architectures and 
optimization techniques. Exploring advanced neural 
network models, transfer learning strategies, and 
hyperparameter tuning approaches could improve 
classification performance and computational 
efficiency.Another important direction involves 
expanding the system using larger and more diverse 
SAR datasets. Training models on datasets from 
multiple geographical regions can improve model 
generalization and robustness, allowing the system 
to perform effectively across different 
environments. 
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