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Abstract. A number of disciplines rely heavily on satellite images, including 

those dealing with land use analysis, urban planning, agricultural monitoring, and 

the detection of environmental change. Nevertheless, because of differences in 

scale, illumination, and weather, distinguishing land features from satellite 

photos is a difficult undertaking. Convolutional neural networks and other deep 

learning techniques have lately become powerful image segmentation tools. This 

research applies the U-Net architecture to satellite land segmentation, a subset of 

convolutional neural networks (CNNs) designed for use in biomedical image 

segmentation. The research delves deeply into the U-Net architecture, exploring 

its adaptations for satellite photography, evaluating its performance on various 

datasets, and discussing its advantages and limitations in land segmentation tasks 

Keywords: Tools and Frameworks, Datasets and Evaluation, 

Optimization and Loss Functions, U-Net, and Image Processing 

 1.  INTRODUCTION 

As satellite technology has advanced, greatly improved our ability to monitor and 

study the Earth's surface. High- resolution satellite images offer critical insights into 

land use, vegetation cover, water bodies, and urban development. The precise 

division of these images into significant land categories is essential for a range of 

scientific and commercial purposes [9]. Traditional techniques for image 

segmentation frequently encounter challenges when addressing the complexity and 

diversity present in satellite imagery. Recent advancements in deep learning, 

particularly the development of U-Net, have shown considerable promise in 

enhancing segmentation accuracy (Wang et al. 2024).U- Net, developed by 

Ronneberger et al. in 2015 for biomedical image segmentation, has been successfully 

modified for a range of remote sensing applications because of its capacity to grasp 
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both local and global context. This study explores the use of the U-Net architecture 

for satellite land segmentation, focusing on its design, modifications, and 

effectiveness in processing various and intricate satellite images (Lilay and Taye 

2023). Aerial imagery utilized for a thorough evaluation of land parcel content holds 

significant economic importance for both agricultural sectors and public 

administration. The classification of parcel usage, such as plantations or buildings, 

influences the determination of taxes and government subsidies. Nonetheless, human 

actions lead to regular 

alterations in the visual characteristics and utilization of parcels. (Karila et al. 2023). 

New aerial orthophotos are essential to uncover these changes. Consequently, it is It 

is essential to identify and vectorize all objects that have either emerged or 

disappeared (Rao et al. 2022). For instance, public agencies providing subsidies must 

identify alterations in categories of objects that do not qualify for the payments. From 

a business perspective, structures, vegetation (including woodlands), bodies of water, 

and transportation networks are the most prevalent entities (Zhou et al. 2023). The 

dynamics of change over time also influence these classes. The change detection 

process is generally conducted through manual methods or basic image classification 

techniques.A significant array of tools is offered by most GIS-based programs [10]. 

The operator examines individual orthophoto images and physically marks the "new" 

objects. The entire procedure typically spans several months across the nation. Our 

experience indicates that for an area exceeding 312,000 km², this workflow is notably 

time-intensive and leads to a considerable margin of error, averaging over 30% 

across several years.As a result, manually encoding extensive land areas incurs 

significant costs. Consequently, it is essential to create an effective automated tool to 

reduce processing time and enhance accuracy. Satellite land cover datasets comprise 

high-resolution images that depict the Earth's surface. These datasets may consist of 

multi-spectral images, which gather information across multiple electromagnetic 

spectrum wavelengths, which include thermal, infrared, and visible light.The high-

resolution dataset, featuring pixel sizes of tens of centimeters, covers a range of rural 

landscapes and comprises images taken under different optical conditions and 

seasonal states of vegetation. In the future, we plan to enhance the dataset by adding 

more classes (Silva et al. 2020). To illustrate the dataset's effectiveness, we 

performed multiple baseline experiments utilizing DeepLabv3+, an advanced deep 

learning model. The results demonstrate that the dataset is suitable for creating neural 

network-driven tools for automated mapping, which will improve both the efficiency 

and accuracy of detecting changes in land use and land cover. As a result, this dataset 

presents opportunities for utilization across various domains, such as administration, 

agriculture, forestry, and water resource management. The intricacy of the matter 

varies across images, depending on the specific task and the complexity associated 

with training the neural network. Semantic image segmentation seeks to produce 
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results that extend beyond simple labels and bounding box parameters [8].The 

consequence generated is a high- high-quality picture, generally aligned with the 

input dimensions, where each pixel is classified into specific categories.Computer 

vision, a field within computer science, aims to create intelligent applications that 

can interpret image data similarly to human perception. Image data can appear in 

multiple formats, such as video sequences, scenes captured from multiple cameras, 

and multidimensional data obtained from medical imaging devices. 

Important elements of computer vision consist of: 

 Recognition: The process of identifying objects that have been previously 

marked, frequently from various positions or angles. 

 Selection: Identifying a precise match for a designated object, such as 

distinguishing an individual's face, fingerprint, or a specific category of 

vehicle. 

 Inquiry: Analyzing image data to pinpoint a particular object, such as 

identifying diseased cells in medical images or recognizing vehicles on a 

highway. 

 Content-based image retrieval (CBIR): The process of obtaining images 

from a database by utilizing their content and underlying concepts, akin to 

executing database queries. A typical method for content-based image 

retrieval entails submitting an image to generate a collection of visually 

similar images as a result. 

 2. PREVIOUS STUDIES 

Image processing often utilizes semantic segmentation to achieve a thorough 

comprehension of a situation. In recent years, rapid advancements have led to deep 

learning architectures emerging as the primary solution for most semantic 

segmentation challenges. Among these, convolutional neural networks (CNNs) have 

demonstrated the highest levels of efficiency and accuracy (Silva & Santos, 2020). 

Since 2012, a range of CNN-based architectures, including VGG16, 

ResNet,MobileNet, U-Net, and the newly introduced EfficientNet, have surfaced, 

establishing new benchmarks in image classification [6]. Recent advancements in 

semantic segmentation have highlighted the effectiveness of utilizing these CNNs as 

feature extractors. One of the early endeavors in semantic segmentation utilizing 

convolutional neural networks was the implementation of Fully Convolutional 

Neural Networks (FCN). Nonetheless, the progressive down-sampling of the original 

image resolution by convolutional neural networks impedes the retention of spatial 

information for small and slender objects. To tackle this challenge, the idea of dilated 

convolution was proposed, enabling enhanced feature map resolution while 
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preserving the neuron's receptive field. Yu et al. introduced dilated residual networks 

to address the issue of gridding arti crafts. 

1.Groups: 

We decided to classify the images into four distinct categories: buildings, 

woodlands, bodies of water, and roads, taking into account their importance and 

relevance for public administration objectives. A permanent structure that is 

established in a specific location. Greenhouses are excluded. Given that our 

images do not qualify as true orthophotos, every building is designated with 

labels for both the roof and the visible walls, as demonstrated in the figure. A 

woodland is defined as a region characterized by a dense arrangement of trees in 

close proximity to one another. Single trees and plantations are not 

included.Water: Encompassing both dynamic and static forms, such as ponds and 

pools.Exclusions apply to ditches and riverbeds.Road: The framework for road 

transportation encompasses parking facilities and unpaved pathways, along with 

rail and transport systems like tracks. Context: Any domain that does not fit into 

the aforementioned classifications. This may encompass fields, grassy areas, 

sidewalks, and any objects not included in the earlier classifications. 

3. DATA SETS PREPARING 

The images included in the dataset have been selected from aerial shots used in 

the production of the digital orthographic in India. The images presented here are 

retrieved from the geodetic resource available to the public and have been 

compiled to enhance the Reference materials. The images were obtained at 

spatial resolutions of 20 cm per pixel, encompassing three RGB bands of 

spectroscopy. The images were captured during multiple flights from 2015 to 

2018. The gathered images showcase a wide array of optical conditions, 

featuring differences in saturation, angles of sunlight, and lengths of shadows. 

The images illustrate various phases of the vegetation season. The variety present 

strengthens the dataset's reliability and expands its potential uses. Computer 

vision systems display a remarkable variety, spanning from extensive, large-scale 

systems intended for general applications to more compact, specialized systems 

tailored for particular functions. Nonetheless, the majority of computer systems 

generally include the essential components:  

Obtaining images entails the collection of images from a range of sensors, such 

as light-sensitive cameras, radar, ultrasonic cameras, radiography equipment, 

distance sensors, and more. The generated photos might be in a series, 2D, or 3D 

format of images, contingent upon the type of sensor utilized. The pixel values in 

these images can indicate levels of light intensity (applicable to both grayscale 
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and color images) or other physical measurements, including electromagnetic 

wave absorption, reflection, distance. 

Pre-processing: Prior to the application of computer vision algorithms, it is essential 

to verify that the data adheres to certain criteria. This phase entails fine-tuning 

resolution and clarity to ensure precise image coordinate systems, minimizing noise 

to avoid misleading data from sensors, and amplifying variance to aid in the retrieval 

of pertinent information. 

Feature extraction: This aspect entails obtaining characteristics of the image at 

various resolutions from the identical image data. The features are organized into 

overarching attributes, including aspects like hue and form. Additionally, intricate 

characteristics concerning hue and form present in the image can be derived. 

A. The framework of segmentation : 

Picture segmentation represents a vital step in the realm of digital image processing, 

where images are partitioned into connected and uniform regions according to 

defined color parameters. The integrated areas ought to recreate the initial image. 

This crucial phase facilitates the extraction of qualitative image information, 

providing a comprehensive overview. Every region is linked to its adjacent 

counterparts within a node framework, with distinct nodes symbolizing image 

regions. The nodes encompass qualitative information regarding the region, including 

aspects like size, color, shape, and orientation. The relationships between nodes can 

be annotated with details regarding adjacent area interactions, including containment 

or relative positioning. The complexity of the network configuration is influenced by 

the selected segmentation technique. 

B. Networks using full convolution: 

Notable advancements were made in the area of image segmentation with the 

introduction of FCN, which is a version of CNN [19]. Convolutional neural networks 

(FCNs) differentiate themselves from standard CNNs by converting the fully 

connected layers at the end of the network into convolutional layers. A network that 

processes a nonlinear filter for the output vectors of each layer is the result of this 

change which leads to the network. Therefore, the completed network is able to 

process inputs of varied sizes and generate outputs that correspond to the same 

spatial dimensions. This is a consequence of the network's inherent flexibility. A heat 

map for the selected item class may now be generated by the classification network, 

which is now capable of doing so. The construction of an efficient machine for end-

to-end dense learning is the consequence of the incorporation of additional layers 

into the network as well as a spatial loss. 
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Fig.1: Encoder-decoder for convolutional neural networks that operate in the U-net 

architecture 

4. PROPOSED METHOD 

A. Administration of the U-Net 

Ronneberg presented the U-Net, which is fundamentally dependent on data for 

effective image processing. The model's effectiveness was first assessed through the 

analysis of 50 satellite images for semantic segmentation, with results benchmarked 

against CNN performance. The structure consists of: 

1. A mechanism that reduces the dimensionality of the input image's feature 

representation. 

2. A decoder utilizing in order to make the feature map more extensive, 

deconvolutional layers to correspond with the dimensions of the input image. 

3. An important advancement is the implementation of shortcut connections, 

which tackle the problem of information loss that occurs during down sampling 

in fully convolutional networks, thereby preserving intricate details while 

ensuring low computational demands. 

The structure comprises two pathways: Initially, the encoder (contraction path) 

captures image context utilizing traditional convolutional and max pooling 

layers. Secondly, the decoder, characterized by a symmetric expanding path, 

facilitates accurate localization through the use of transposed convolutions. 
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B. Segmentation Loss Function 

The loss function plays an important part in influencing the outcome of hash 

outputs. Three unique loss functions are employed during the training process. 

Let p denote the output value for each image pixel; the loss functions under 

investigation are defined as follows: 

Cross-Entropy Loss: The logarithmic loss logarithmic value of the output is 

computed using this function for every pixel within the output. The alpha term 

functions as a weight factor specific to each class, effectively balancing the loss 

in scenarios with uneven class distributions. The final weighted entropy loss 

formula is presented in Equation 1: 

CE=−αc.logŷi 

Focal Loss: Focal loss effectively tackles the challenges posed by imbalanced 

datasets by introducing an additional factor that reduces the influence of correct 

predictions while highlighting the importance of incorrect examples. The gamma 

hyperparameter defines the intensity of this reduction. This loss function influences 

network training on unbalanced datasets and can enhance segmentation outcomes. 

After the text edit has been completed, the paper U-Net is a specific type of 

convolutional neural network (CNN) architecture, mainly used for image 

segmentation tasks. It can be implemented in PyTorch (or other deep learning 

frameworks like TensorFlow). U-Net’s architecture is particularly effective for 

biomedical and other segmentation tasks, and accuracy will depend on how well it 

suits your data and how it's trained. 

PyTorch: It is a deep learning framework, not a model itself. It provides the tools 

and libraries to build, train, and evaluate various neural network architectures, 

including UNet. ready for the template. Utilize the Save As command to create a 

copy of the template file, ensuring you adhere to the naming convention specified 

by your conference for your paper's title. In this newly created file, select all of the 

contents and import the text file you have prepared. It is time to apply the 

appropriate styling to your document; utilize the dropdown menu located on the 

left side of the MS Word Formatting toolbar. 

 FL = −αC(1 − ŷ i)y. log ŷ I    (2) 
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 Fig.2 : U-Net architecture 

The IoU Loss serves as a viable option for addressing imbalanced segmentation, 

offering a streamlined approach with fewer hyperparameters than other methods. 

This can be represented as indicated in equation  (3) 

IOU=      Area of overlap 

 

    Area of Union    (3) 

This equation illustrates that the numerator signifies the overlap between the predicted 

and ground truth masks, whereas the denominator denotes their combined area. The 

IoU is determined by dividing the former by the latter, where values nearing one 

suggest greater prediction accuracy. 

The goal of the optimization is to attain a more accurate IoU of the image, which 

varies from 0 to 1. As a result, the loss function is articulated as 

 IOU Loss = 1 – IOU                                  (4) 

We applied U-Net training using all three loss functions on the aforementioned 
dataset. 

Data collection: 
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The dataset comprises images chosen from aerial photographs utilized in the 

creation of the India digital orthophoto. The images displayed here are sourced 

from the general public and have been assembled to improve the reference data 

for the land parcel identification system (LPIS). The images were captured at 

spatial resolutions of 20 or 40 cm per pixel, highlighting RGB spectral bands. 

The images were obtained through a series of flights conducted between 2015 

and 2018. The collected images illustrate a range of optical conditions, 

highlighting variations in angles of sunlight and lengths of shadows. The images 

depict different stages of the vegetation season. The addition of this variety 

enhances the dataset's reliability and broadens its potential applications 

 

 

 Fig.3: Sample Image 

5. RESULTS AND ANALYSIS 
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This investigation explores the complexities associated with semantic 

segmentation in the context of imbalanced binary masks of the kind. The 

utilization of As loss functions, focused loss and mIoU for the optimization of 

parameter for the networks is examined in this discussion. The study culminates in 

the application of U-Net within the PyTorch framework, specifically trained on 

aerial imagery to achieve semantic segmentation objectives. Initially, we divided 

41 images along with their matching masks into 511×511 tiles, discarding the 

smaller ones on the bottom and right edges, after which we shuffled them.. 

Subsequently, we structured it in the following manner: A total of 15% (1602) of 

the tiles were given to the test set, an additional 15% (1602) were designated for 

the training set, and the remaining 70% (7470) for the validation set. 

 

 

 

 

 

 

 

 

 

 

 

 Fig.4: Masked Image 

Training Model: 

U-Net vs. CNN: An Analysis for Semantic Segmentation Semantic segmentation 

focuses on assigning the correct class labels to each pixel within an image. This study 

adopts an initial image size of 128x128x3, in contrast to the original U- Net paper, 

which utilized a dimension of 572x572x3. Each model was trained for a total of 100 

epochs, utilizing 500 patches extracted from 72 distinct images. In the case of "Aerial 

Segmentation," sum of 8 pictures were designated for testing, whereas 65 pictures 

utilized for training. The subsequent hyperparameters were applied: Three number 

channels, six number classes, Adam optimize, a pace of learning of 0.1, and a size of 

the batch of 17. 
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 Fig.5: Original image vs Predicted Image 

TABLE 1. Outcomes from model training using U-NET 

Accuracy Loss Validation 

Loss 

Validation 

Accuracy 

0.76 0.54446 0.52 0.7 

0.77 0.52756 0.51 0.6 

0.76 0.53875 0.53 0.7 

TABLE 2. Results Training the model using CNN 

 

 

Accuracy Loss Validation 

Loss 

ValidationAccuracy 

 0.9613 0.4892 0.45 0.96 

 0.9659 0.4539 0.44 0.97 

 0.9676 0.4397 0.43 0.97 
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 Fig.6: Training Vs Validation Loss 

The simultaneous decline of both training and validation losses over time indicates 

that the model is successfully acquiring knowledge and generalizing its 

understanding. This suggests progress on both known (training) and unknown 

(validation) datasets. A decrease in lack of training accompanied by a plateau or 

increase in loss of validity clearly indicates overfitting. This happens when the model 

becomes excessively focused on identifying patterns within the training data, 

including irrelevant details, yet struggles to utilize this understanding with new, 

unfamiliar information. In these instances, the training loss consistently decreases, 

while the validation loss starts to rise after a specific threshold.When the instruction 

and verification losses show a similar downward trend, It shows that the model is 

successfully regularized and expected to generalize well to unseen data. In uncommon 

cases where validation loss remains consistently lower than training loss, it could 

suggest an overapplication of regularization or that the validation dataset is not as 

demanding as the training dataset. 
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 Fig.7: Training Vs Validation IOU 

Training IoU: Assesses the model's performance on the training data. If the training 

IoU significantly exceeds the validation IoU, it may indicate that the model is 

overfitting. 

Validation IoU: Assesses the model's effectiveness on previously unobserved 

validation data, offering insights into its ability to generalize. A low validation 

IoU in comparison to the training IoU indicates that the model may be overly 

tailored to the training data, failing to capture patterns that can generalize 

effectively. The validation IoU represents the IoU metric computed on an 

independent validation dataset that wasn't included in the training phase of the 

model. 
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6.CONCLUSION 

This study presents a new RGB-only Land dataset that includes the airborne 

imagery typical of India, complete with manual annotations for four categories: 

structures, woods, and waterways. The high-resolution dataset, featuring pixel 

sizes of tens of centimeters, covers a range of rural landscapes and comprises 

images taken under different optical conditions and seasonal vegetation states 

[8]. To illustrate the dataset's effectiveness, we performed multiple baseline 

experiments utilizing DeepLabv3+, an advanced deep learning model. The 

results suggest that the dataset is suitable for creating neural network-driven 

tools for automated mapping, which will improve both the effectiveness and 

precision of identifying changes in land cover and usage. As a result, this dataset 

holds significant potential for application across several fields, including water 

resource management, forestry, agriculture, and administration.In the future, we 

plan to enhance the dataset by adding new classes, including fields and ditches, 

while also breaking down current broad categories ,Water may be divided into 

more specific categories, such as lakes, rivers, ponds, and pools. The purpose of 

making this dataset publicly available is to promote its ongoing usage and 

development. 
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