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Case Study Objectives 

• To study change/development in a particular land area which is important to 

analyze the growth and problems in that area with Time Series Analysis 

 

• To continuously inspect the change in land area images by implementing 

machine/Deep learning techniques with ExpAI 
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Conceptual Diagram - 2 



Methodology 
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Model Architecture 

Shapley Additive Explanations (SHAPs) Integration 

Training 

Evaluation 

Results Analysis 

Performance Comparison 

 

 

 



Techniques 
• Deep Learning Architectures 

• ResNet 50 and 101 

• VGG16 

• 4.Densenet121 

• InceptionV3 

• GeoNet 

• GoogleNet 

• Shallow CNN 

• SHAP 

• Modified SHAP 

• SARIMA Model 

• STL-AR 

 



Dataset 
• Experimental data set is retrieved from sentinel-2 hub .which of location 

Hyderabad, Andhra Pradesh . and time line 01-01-2017 to 01-01-2024 

with 12 points of time per year .Total 84images experimental data image 

resolution:  150 m with image size: (512,512) 
• https://drive.google.com/drive/folders/1UKahSHn4TX23SC845W5D9RDArBkqdW4q?u

sp=drive_link 

• The dataset covers cities are distributed over the 34 European countries and 

India  

• Each image is 64x64 pixels with high spatial resolution (10 m to 60 m) over 

land and coastal waters. 

• EuroSAT dataset is based on Sentinel-2 satellite images covering 13 spectral 

bands and consisting of 10 classes with 27000 labeled and geo-referenced 

samples.  
• https://www.kaggle.com/datasets/apollo2506/eurosat-dataset 

• https://zenodo.org/records/7711810#.ZAm3k-zMKEA 
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Existing Models:  
1 : RESNET50 Model  
  ResNet-50 is a 50-layer convolutional neural network (48 convolutional  layers, one MaxPool 
layer, and one average pool layer).  

  

  



2.Resnet101 Model 

 ResNet-101 is a convolutional neural network that uses residual learning and 
skip connections to train deeper models. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



3. VGG16 model  
 VGG16 refers to the VGG model, also called VGGNet.  
 It is a convolution neural network (CNN) model supporting 16 layers. 



4.Densenet121 
 

 DenseNet-121 is a model from Densely Connected Convolutional Networks  
(DenseNet). It's a variant of the convolutional neural network (CNN) 
architecture DenseNet  



5.Inception V3 
 Inception v3 is a convolutional neural network (CNN) model that helps with 

image analysis and object detection.  
 It is a 48-layer model that uses symmetric and asymmetric building blocks, 

including pooling, convolutional, and auxiliary classifiers. 



Proposed Model Architecture 



Model Execution / Usage 
 Tirupati Region  Our new testing dataset has 64 images belonging to different classes. 

  



Output 



Proposed Model Results 



 Model Comparison 
MODEL ACCURACY(IMPLEMENTED) 

ResNet50 56(n_epochs =10) 

ResNet101 15(n_epochs =2) 

DenseNet121 36(n_epochs =2) 

Inception V3 46(n_epochs =2) 

VGG16 62(n_epochs =2) 

Proposed Model 56(n_epochs=10) 



With Minimal 2 Epochs 



 In conclusion , the project introduces Temporal Convolutional Networks (TCN) and Liquid 

Neural Networks (LNN) as effective tools for analyzing multi-spectral imagery, with LNN 

emerging as a less complex alternative requiring less labeled data. 

The project aims to compare these models, integrating TCN elements and LNN's for land area 

image segmentation. 

The study seeks to determine the model best suited for predicting land use and land class 

changes. 

Evaluation: Time dimension evaluation using RMSE (Root Men Square Error) and PCC 

(Pearson Correlation Coefficient) into account and one model will be considered to be better 

for the task 

Expected  Results 



Result Analysis 
 In Conclusion, the comparative analysis of various CNN models, encompassing a compact 

CNN specifically designed for land use and land cover classification.  

The study underscores not only the efficiency of the proposed framework but also its 

interpretability, particularly through the integration of Shapley Additive Explanations 

(SHAPs).  

This interpretability aspect is crucial for understanding the decision-making processes of the 

models, enhancing transparency in land use predictions. The findings emphasize the 

framework's applicability in resource-constrained environments.  

Deep Convolutional Neural Networks (CNNs) have proven instrumental in the accurate 

classification of remote sensing images, leveraging their capacity to automatically learn and 

extract hierarchical features.  

Various well-established architectures have been applied to address the unique challenges 

posed by remote sensing data.  
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