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Abstract  
 

      Change detection in remote sensing imagery is an important part of Earth observation because it lets us keep an 

eye on land use, urban growth, environmental changes, disaster response, and infrastructure planning. The main 

purpose of change detection is to find and separate areas that have changed between two or more images taken at 

different times, which are often called bitemporal images. Pixel-level change detection looks at each corresponding 

pixel in temporal images to find even the smallest changes. Conventional techniques frequently depend on basic image 

differencing, thresholding, or standard convolutional neural networks (CNNs), which predominantly emphasise spatial 

disparities among pixels. These methods are good at finding big changes, but they often miss small or gradual ones, 

especially in complicated real-life situations, because they don't use enough feature information. 

Deep learning techniques have recently become a powerful way to find changes in remote sensing data. Convolutional 

neural networks and encoder-decoder architectures pull out hierarchical feature representations from bitemporal 

images, which makes segmentation more accurate than traditional methods. In this case, feature maps made by deep 

networks have both spatial and channel dimensions, and each one stores different information. The spatial dimension 

records the structure and position of objects, while the channel dimension records changes in meaning, spectrum, and 

high-level features. But most current change detection methods only look at differences in the spatial dimension and 

miss the important information that is stored in the channel dimension. As a result, small changes in the spectrum, the 

environment, or the structure may not be noticed, which limits the overall performance of traditional models. 

This study suggests a new deep learning framework called LENet that combines a Channel-Spatial Difference 

Weighting (CSDW) module and a Layer-Exchange decoding structure to improve pixel-level change detection. The 

CSDW module is made to find differences not just in the spatial dimension but also in the channel dimension. This 

module makes the model more sensitive to small, gradual, and large-scale changes by combining and sharing 

difference information from both sides. The channel-spatial weighting mechanism helps the network tell the difference 

between important changes and background noise and unimportant features. This makes it better at finding and 

distinguishing features. 

Also, bitemporal images naturally have strong correlations because they show the same place on Earth at different 

times. To be able to find changes, models need to be able to find these correlations between images and use temporal 

dependencies. LENet uses a Layer-Exchange decoding mechanism to do this. This lets feature maps from the two 

temporal images interact and share information across decoder layers. This mechanism improves the alignment of 

temporal features and makes the model better at using complementary information from both images, which helps it 

find changed areas more accurately. The proposed framework overcomes the limitations of traditional methods that 

only look at spatial differences or treat temporal features separately by combining channel-spatial difference learning 

with better inter-image feature interaction. 

We ran a lot of tests on four well-known benchmark datasets—CLCD, PX-CLCD, LEVIR-CD, and S2Looking—to 

make sure that the proposed LENet model works. The evaluation metrics encompassed Precision, Recall, F1-score, 

and Overall Accuracy, guaranteeing a comprehensive appraisal of model performance across various scenarios. 

Experimental results show that LENet works much better than other methods, such as traditional Siamese networks, 

encoder-decoder architectures, and attention-based models. The model is better at finding small, gradual, and large 

changes, while lowering the number of false negatives and making it more sensitive to complex changes. 
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In conclusion, the proposed LENet framework is a strong, accurate, and quick way to find changes at the pixel level 

in remote sensing images. The system gets both spatial and channel information, models how bitemporal images 

depend on each other over time, and works better than any other system on a wide range of datasets by combining 

channel-spatial difference weighting and layer-exchange decoding. This research enhances intelligent Earth 

observation systems and establishes a robust basis for future investigations in multi-temporal and high-resolution 

remote sensing change detection. 

 

Keywords: Remote Sensing Image Change Detection, Deep Learning, Convolutional Neural Networks (CNN), Layer-

Exchange Mechanism, Channel–Spatial Difference Analysis. 

 

      I.INTRODUCTION 

 

           Change detection in remote sensing images is a basic part of Earth observation that looks for 

differences between images taken at different times of the same place. This ability is very important for 

things like monitoring urban growth, assessing the environment, managing disasters, and planning 

infrastructure. Detecting changes at the pixel level with high accuracy helps people make better decisions 

about urban planning, farming, and managing natural resources. Simple image differencing, thresholding, or 

manual interpretation are common ways to find changes, but they aren't always very accurate or able to 

handle large amounts of data, especially when the data is high-resolution or covers a long period of time. 

Convolutional neural networks (CNNs) and encoder-decoder architectures have become the standard for 

detecting changes in remote sensing images as deep learning techniques have become more popular. Siamese 

networks and other models use shared-weight encoders to get spatial features from bitemporal images and 

find changes by comparing feature maps. These methods make segmentation more accurate than traditional 

methods, but they mostly look at differences in space and don't take into account the rich information that is 

often found in the channel dimension of feature maps. As a result, small changes in the spectrum or meaning 

of temporal images can be missed, which can cause false negatives or lower detection accuracy in 

complicated situations. 

Attention mechanisms and transformer-based architectures have been studied recently to find long-range 

dependencies and highlight important areas in space. These methods enhance sensitivity to minor changes 

and global context modelling; however, they frequently handle spatial and channel information separately 

instead of jointly modelling the variations across both dimensions. Furthermore, current methodologies 

seldom utilise the robust temporal and spatial correlations present in bitemporal images. The models cannot 

find gradual, small, or complicated changes because there are no ways for the feature maps of two time points 

to directly interact and share information with each other. 

This study suggests a new change detection framework called LENet that combines a Channel-Spatial 

Difference Weighting (CSDW) module with a Layer-Exchange decoding structure to get around these 

problems. The CSDW module calculates differences in both spatial and channel dimensions, which helps 

the model pick up on small, gradual, and large changes. The layer-exchange decoder makes it possible for 

features from different images to interact with each other. This lets the network use temporal dependencies 

and geographic alignment. The proposed framework achieves superior feature discrimination and enhances 

overall change detection performance by integrating dual-dimensional difference learning with advanced 

temporal correlation modelling. 

Extensive testing on benchmark datasets like CLCD, PX-CLCD, LEVIR-CD, and S2Looking shows that 

LENet is more accurate than traditional Siamese and encoder-decoder-based methods when it comes to 

precision, recall, F1-score, and overall accuracy. The model is strong enough to find small changes, deal 

with complicated real-life situations, and cut down on false negatives. The suggested method is a big step 

forward in intelligent remote sensing analysis because it gives a reliable and quick way to find changes over 

time. 

 

II.LITERATURE REVIEW 

 

    Remote sensing image change detection is very useful for a lot of things, like keeping an eye on the 

environment, figuring out how bad a disaster was, studying how cities grow, and managing land use. 
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Traditional change detection techniques primarily depend on pixel-based comparison methods, including 

image differencing, image ratioing, and change vector analysis. These methods are easy to use and don't take 

up a lot of computer power, but they often have problems like being sensitive to noise, changes in light, and 

misregistration between images taken at different times. Because of this, these methods don't work well with 

high-resolution satellite images that show complicated scenes. 

 

Because machine learning and deep learning are moving so quickly, convolutional neural networks (CNNs) 

are now widely used for analysing remote sensing images. CNN-based models can automatically find 

hierarchical features in images and learn complicated spatial patterns that other methods can't. There have 

been a number of proposals for deep learning architectures for change detection tasks, including fully 

convolutional networks (FCNs), encoder–decoder networks, and Siamese networks. Siamese networks are 

very popular because they let two temporal images be processed at the same time while using the same 

network parameters. 

 

But a lot of current deep learning models only look at the differences in space between images and don't pay 

much attention to the differences in features between channels. Channel features have semantic information 

that is important for correctly finding meaningful changes in remote sensing images. To mitigate this 

limitation, recent studies concentrate on integrating spatial and channel information in feature comparison. 

The method suggested in this paper adds a layer-exchange mechanism to channel-spatial difference analysis. 

This makes it easier for features taken from different temporal images to interact with each other. This 

method makes it easier for the network to pick up on small changes and complex variations in high-resolution 

satellite images, which makes change detection systems more accurate and reliable overall. 

 

III.METHODOLOGY 

 

1. Gathering Data 

 

Satellite datasets are used to get bi-temporal remote sensing images of the same area. These pictures show 

two different times that were used to find changes. 

 

2. Preprocessing of Images 

 

Resizing, normalising, and aligning the images are all steps in the preprocessing process. This makes sure 

that both temporal images are properly registered and have the same resolution. 

 

3. Making Data Normal 

 

Normalising pixel values makes training more stable and lessens the effects of changes in lighting. 

 

4. Using CNN to Get Features 

 

A convolutional neural network is used to get deep features from both input images. These features convey 

significant spatial and semantic information. 

 

5. Processing in Parallel Networks 

 

Both temporal images are processed through the same CNN branches at the same time to keep feature 

extraction consistent. 

 

6. The Layer-Exchange Mechanism 

 

The layer-exchange module lets the two branches share information about features. This makes the 
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interaction between time-based features better. 

 

7. Finding the Difference Between Channels 

 

To find semantic differences, we look at the differences between the channel features of both images. 

 

8. Analysing Differences in Space 

 

To find changes in the structure of objects and land patterns, spatial differences between feature maps are 

looked at. 

 

9. Making a change map 

 

The final change detection map, which shows changed areas, is made by passing the combined difference 

features through decoder layers. 

. 

 

       IV.SYSTEM ARCHITECTURE 

 

The proposed system architecture includes a deep learning framework that can find differences between two 

remote sensing images taken at different times. The architecture uses parallel convolutional neural networks 

to process bi-temporal images and get deep feature representations. To improve feature comparison, the 

architecture includes a layer-exchange mechanism and a channel-spatial difference module. Finally, a 

decoder network puts the feature maps back together to make a change detection map that is correct. 

 

A. Overview 

 

    The system architecture diagram shows how the proposed change detection model will work. It starts with 

two images that show different times. These pictures go through parallel CNN encoders that take out 

hierarchical feature representations. The layer-exchange module lets the two branches interact with each 

other's features. After that, the channel-spatial difference analysis finds the differences between the feature 

maps. A decoder network combines and processes the resulting features to make the final change detection 

output, which shows the areas that have changed. 

 

B. Architecture Diagram 
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The architecture diagram shows two input images entering parallel CNN networks. Feature maps extracted 

from each layer are exchanged using the layer-exchange module. The channel-spatial difference module 

calculates variations between the two feature sets. These different features are then fused and passed to a 

decoder network that reconstructs the final change detection map. The output highlights areas where 

significant changes have occurred between the two temporal images. 

 

 

V.EXPERIMENTAL SETUP 

 

The experimental setup consists of training and assessing the proposed deep learning model utilising remote 

sensing datasets that include bi-temporal satellite images. To see how well the model works, the dataset is 

split into training and testing sets. The experiments are done in a computing environment that has a GPU so 

that the deep neural network can be trained quickly. We use standard evaluation metrics like accuracy, 

precision, recall, and F1-score to see how well the proposed method works.A. Getting the Dataset Ready 

 

1. Choosing a dataset 

 

We choose remote sensing datasets with bi-temporal satellite images for training and testing. 

 

2. Preparing the Data 

 

We resize, normalise, and align the images so that the model gets the same input every time. 

 

3. Split between training and testing 

 

To see how well the model works, the dataset is split into training and testing sets. 

 

4. Starting the Model 

 

The deep learning model architecture starts with parameters that have already been set. 

 

5. Setting up the training 

 

We set the training parameters, like the learning rate, batch size, and number of epochs. 

 

6. The hardware environment 

 

The experiments are done on systems with GPUs that make calculations faster. 

 

7. Choosing a Loss Function 

 

During training, the model is improved by using a good loss function like cross-entropy loss. 

 

8. Metrics for Evaluation 

 

We use metrics like accuracy, precision, recall, and F1-score to see how well something works. 

 

9. Testing the Model 

 

We test the trained model on the test dataset to see how well it can find changes. 

 

https://ijnrd.org/
http://www.ijnrd.org/


INTERNATIONAL JOURNAL OF NOV.EL RESEARCH AND DEVELOPMENT (IJNRD) 
© 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | IJNRD.ORG 

 

IJNRD2604135 IJNRD - International Journal of Novel Research and Development (www.ijnrd.org)  

 

b263 

 

 VI.RESULT ANALYSIS 

 

The experimental results show that the proposed method achieves higher accuracy in detecting changes 

compared to traditional change detection methods. By integrating layer-exchange mechanisms and channel-

spatial difference analysis, the model effectively captures both spatial and semantic variations in remote 

sensing images. This improves the detection of subtle changes and reduces false detections, leading to better 

overall performance. A. Classification Performance 

 

 

 
 

The table compares the performance of different change detection approaches. Traditional CNN models 

provide moderate accuracy but struggle to detect subtle changes in complex scenes. Methods that focus only 

on spatial differences improve the performance slightly but still miss semantic information present in feature 

channels. The Siamese CNN model performs better by processing bi-temporal images simultaneously. 

However, the proposed method achieves the highest accuracy because it combines layer-exchange 

mechanisms and channel-spatial difference analysis, enabling the model to detect both spatial and semantic 

variations more effectively. 

 

 

VII.CONCLUSION 

 

             This paper introduces a remote sensing image change detection method that combines layer-

exchange and channel-spatial difference analysis. The suggested method makes deep learning models better 

at finding changes in multi-temporal satellite images by improving how features interact between temporal 

images. The layer-exchange mechanism lets you compare features in more depth between the two input 

images. The channel-spatial difference analysis, on the other hand, captures both structural and semantic 

changes. 

 

The experimental results show that the proposed architecture works better than standard change detection 

methods and standard CNN models. The system can find small changes that other methods might miss by 

combining spatial and channel information in a smart way. This means that the proposed method can be used 

in the real world for things like monitoring the environment, analysing urban development, managing 

disasters, and finding changes in land use. 

 

Future studies may concentrate on enhancing the model through the incorporation of sophisticated deep 

learning architectures, including transformer-based networks and multi-scale feature fusion methodologies. 

Also, testing the model on bigger and more varied remote sensing datasets can make it even stronger and 

better at generalising. In general, the suggested method is a quick and dependable way to find changes in 

remote sensing images. 
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