
             

 

 

 

  

Optimization of Geo-spatial Object Segmentation for 

High-Density Places Using Spatial Techniques 

Ms. Y. Divya, Dr. Shanmuga Sundari M*, Dugyala Ansika, Challa Pranavi,   

Kommu Sankruthi 

CSE, BVRIT HYDERABAD College of Engineering for Women, Hyderabad, 500080, Tel-

angana, India. 

sundari.m@bvrithyderabad.edu.in 

Abstract. The remote sensing imagery classification is a vital application of ma-

chine learning technology going beyond satellite-based platforms into aerial im-

agery. These techniques substitute for conventional manual categorization, al-

lowing for auto- mated detection of particular land features in geospatial images. 

Extraction and categorization of geospatial features, e.g., gravel deposits for con-

struction, water bodies, vegetation, and urban buildings, are vital for numerous 

applications, e.g., environmental surveillance, urban planning, and disaster relief. 

Geospatial image analysis also facilitates the management of resources such as 

water and air quality, traffic control optimization, and enhanced post-disaster re-

lief operations. Convolutional Neural Networks (CNNs), which fall under the 

broad category of deep learning, take a central part in feature extraction and clas-

sification with minimal need for human intervention. Advanced models such as 

ResNet50 and EfficientNetV2 improve the accuracy and integrity of image clas-

sification by learning sophisticated patterns from large data. Their use guarantees 

better decision-making in most geospatial applications, culminating in efficient 

and timely analysis. 

Keywords:CNN, Machine Learning, Deep Learning, ResNet50, Efficient-

NetV2. 

1 Introduction 

Geospatial object segmentation [1] is a crucial aspect of spatial data analysis, especially 

applied in urban planning, transport administration, and environmental monitoring. It 

is the identification of such geospatial objects as buildings, highways, vegetation, and 

water-bodies in geospatial datasets. Tasks such as these become more complex and 

troublesome in high-density regions, characterized by overlapping structures and dif-

ferent-object scales merged with complex spatial relationships. Conventional seg- men-

tation techniques are sometimes incapable of maintaining their precision in the field; 

thus, there is a need for something robust. 
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In addition, the combination of points from multiple data sources will promote ro-

bustness in the segmentation [2] approaches since each data class will represent some 

distinct information. For instance, satellite imagery might provide more sweep- ing aer-

ial views of the survey area, while Li- DAR data may provide extensive 3D information 

about the buildup forms under consideration. By recognizing each mix’s merits and 

addressing the drawbacks of any single data type, this flexible approach will enhance 

segmentation evidence, which is essential in high-density urban terrains of varying con-

tent. The goal of this research is to resolve the range of issues posed by geospatial object 

segmentation in high-density areas through optimized techniques for spatial represen-

tation. Coupled actions of advanced algorithms and contextual spatial analysis will 

achieve better accuracy, efficiency, and flexibility in segmentation. Such work helps 

realize enhanced comprehension of geospatial systems and render great solutions for 

maintaining the specifics in the highdensity environment [3]. With those advancements 

directed towards informed and reliable decisions in urban development, environmental 

protection, disaster management, etc. 

 

 

Fig. 1.An example of geospatial object segmentation in a high-density place 

2 Literature review 

Few research seek to enhance the segmentation accuracy of high-resolution remote 

sensing imagery by addressing inherent challenges such as dense object distribution, 

significant inter-class variability, and subtle intra- class differences. The authors put 

forth Uncertainty-Guided Segmentation Network, UGSNet, which formulates an un-

certaintyguided decoding mechanism for segmentation refinement. The model explic-

itly considers both epistemic (modelrelated) and aleatoric (data-related) uncertainties 

ensuring better segmentation of foreground objects. 

UGSNet employs a conventional encoder-decoder architecture [4] with the Pigment 

Vision Transformer backbone for feature extraction. Besides, the architecture is com- 
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plemented with two novel modules: the Aleatoric Uncertainty Quantification Module 

(AUQM) and the Epistemic Uncertainty Quantification Module (EUQM). 

However, all Lakehouse systems so far have been deprived of native support for 

geospatial data management [6]. To change that, researchers have recently developed 

GeoLake-geospatial data rooms in the Lakehouse. GeoLake goes ahead to allow Lake- 

house systems to natively support geospatial data by allowing them to store and manage 

location-based data, e.g. coordinates and polygons. Further, this simple query language 

known as Spatial SQL allows the analysis of geospatial data. 

Significant novelty introduced by the HQ-sLSM Tree is its spatial filters that, in 

range and kNN query processing, achieve performance by reducing I/O requests. The 

process improves performance via finely tuned flushing and merging as data increases. 

Experimentation with both real GPS data from South Korea and synthetic data sets 

showed that HQsLSM Trees perform better than R-trees and zLSM trees with more 

efficient insertions and query processing, reducing disk I/O costs while still being ac-

curate. 

This paper attempts to solve the computational problems of Gaussian Processes 

(GPs) with geospatial analyses that use larger datasets such that traditional methods 

become cumbersome due to the cubic complexity of covariance matrix computation. 

As a way out, the authors offer a GPU accelerated Vecchia approximation, which vastly 

reduces some compilation associated with maximum likelihood estimates. Their pro- 

cedure, utilizing NVIDIA GV100, A100, and H100 GPUs, makes use of KBLAS and 

CUDA routines inside a batched matrix computation with a maximum speedup factor 

ranging up to 1380X against exact MLE methods. 

The impact of urbanization on vegetation patterns [7] in Dhofar, Oman, is under 

scrutiny in this study over 40 years (1978-2018). Dhofar has more than two-thirds of 

Oman’s plant diversity, including 50 endemic species, making it at high risk of biodi-

versity loss due to rapid expansion. The study makes use of remote sensing and GIS to 

assess the change in the vegetation cover and correlate it with climatic variables such 

as temperature and precipitation. 

Using depthwise separable convolutions, the lightweight U-Net [8] can further de-

crease the per-parameter counts and floating-point operations without impairing seg-

mentation performance too much. Experimental results show the lightweight U-Net to 

achieve a cloud segmentation performance of more than 90.00% in pixel accuracy while 

working about five times faster than standard U-Net. The overall model param- eter 

count and complexity involved in computations were reduced to approximately 12.40% 

and 12.80% of the original U-Net, respectively. 



 

 Preprocessing 

 EfficientNetV2 Architecture 
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3 Flowchart 

 

Fig. 2.Flowchart of the Geospatial Object Segmentation Process. 

Image Classification Workflow for Remote Sensing Data Using Deep Learning The 

flowchart describes the process of image classification for remote sensing 

data using deep learning techniques. The following steps outline the workflow: 

 Dataset 

 Class Distribution 

 Resize 

 

 

 Visualize Batch 

4 EfficientNet Architecture 

4.1 DatasetPreparation 

Dataset Description. 

The EuroSAT dataset is a fully represented dataset containing 27,000 high-res-

olution satellite images acquired from the satellites in the Sentinel- 2 series. Which 

are RGB images, as three channels of color describe an essential characteristic for 

land cover interpretation [10]: Red, Green, and Blue. All the images are of uniform 

resolution set tobe64× 64pixels,soeachwillbeeffectivelyusedwithoutscalingwhen-

training a machine learning model. The dataset contains ten classes of land cover, 

including types with Annual Crop, Permanent Crop, Forest, Residential areas, In-

dustrial areas, andmuchmore.Eachclassismeanttodenoteaparticu-

lartypeoflandusageorcover andprovideavalidattempttocoverarangeofscenariosfor-

classificationtasks.  
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4.2 ModelSelectionandDesign 

ResNet50 Architecture. 

Convolutional Layers: Convolutional layers in ResNet50 serve the purpose of 

feature extraction, where these layers apply many filters on the input image to ex-

tract infor- mationsuchasedges,textures,andshapes.Theconvolutiontakesplaceus-

ingasliding mechanism that produces feature maps that highlight prominent details 

in the input. As we go deeper into the network, these feature maps would become 

finely refined. 

Batch Normalization: Each convolutional layer is followed by batch normal-

iza- tionthatnormalizestheoutputfeaturemapsareadjustedsothateveryfeatureis distrib-

uted similarly throughout the network. Batch normalization stabilizes and speeds up the train-

ing process by modulating internal covariate shifts. The batch normalization process can be 

mathematically expressed as : 

ˆ𝑥 =  
√𝑥−𝑈

𝜎+𝜖
                     (1) 

here x is the input feature, µ is the batch mean, σ2 is the batch variance, and ϵis a 

small constant added to ensure numerical stability. 

ReLU Activation: After batch normalization, the Rectified Linear Unit (ReLU) ac-

tivation function is introduced to add non-linearity to the model. This allows the net-

work to learn complex relationships in the data. The ReLU function is defined as: 

(2) 𝑓(𝑥)  =  𝑚𝑎𝑥(0, 𝑥) 

wherex is the input. ReLU ensures that only positive activations are propagated, 

reducing computational complexity. 

ShortcutConnection:Actsasanantidotetothevanishinggradientproblemin deep 

networks. These connections directly add the input of a block to its output, bypass-

ing one or more layers. This design enables straight-through information flow, even 

in the deepest architectures. The output of a residual block is calculated as follows: 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝐹(𝑥) + 𝑥         (3) 

whereF(x)isthelearnedresidualmapping,andxistheblock’s input. 

5 ExperimentalAnalysis 

5.1 ModelEvaluation 

Accuracy. 

Accuracymeasurestheoverallcorrectnessofamodel’spredictionas:  

Accuracy= Total.Number.of.Predictions/Number.of.Correct.Predictions. 

Confusion Matrix. 

The confusion matrix provides a summarized view of classification performance 

across all classes. It is a square matrix where each row represents the true class, and 

each column represents the predicted class. For an N -class classification problem, the 
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con- fusion matrix is of size N  N . Each element Cij indicates the number of samples 

of class i that were predicted as class j. 

 

Fig. 3.Normalized confusion matrix for ResNet50 on the EuroSAT dataset. 

Thediagonalentriesclearlysuggesthighpredictionaccuraciesovermostclasses, being 

so close to unity-in the range of 1-in some most notable categories like Annual 

Crop (98%), Forest (98%), Residential (99%). Small numbers of off-diagonal en-

tries meanraremisclassifications,suchasminorconfusionbetweenHerbaceousVege-

tation and other classes like Permanent Crop. 

Visualization. 

The training and testing trends for loss and accuracy, visualized in the graphs, 

demon- strate the performance and generalization of the geospatial image classifi-

cation model over 25 epochs. The loss curve shows a steady decline for the training 

set, indicat- ing effective optimization, while the testing loss initially decreases but 

spikes briefly around the fifth epoch before stabilizing. 

 

Fig. 4.AccuracyandlosscurvesforResNet50ontheEuroSATdataset. 

6 Results 

The performance results of training accuracy attained by the ResNet50 and Ef-

ficientNet models indicate that each has a good ability to classify geospatial images.  
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Table 1.Model Training Accuracy 

Model Training Accuracy 
EfficientNet 97% 

ResNet50 99% 

ResNet50 was trained extremely well at 99% accuracy because of its ability to 

learn intricate patterns and features from the dataset.  

ComparisonsaremadeintermsoftrainingaccuraciesgainedbybothResNet50 and Effi-

cientNet with respect to their performances. Upon evaluation, conclusions are 

drawnconcerningwhichofthetwooutperformedbetterontheEuroSATdataset. 

 

Fig. 5.Accuracy comparison between ResNet50 and EfficientNet on the EuroSAT-

dataset. 

7 Conclusion 

Thisstudydemonstratedtheeffectivenessofdeeplearningmodelsinclassifyingremote 

sensing imagery. By fine-tuning pre-trained models like ResNet50 and Efficient-

NetV2 on a large-scale remote sensing dataset, we achieved promising results. Our 

approach leveraged transfer learning, allowing us to utilize the knowledge these 

models gained from training on vast natural image datasets. Through metrics like 

accuracy and detailed analysis using a confusion matrix, we gained a deeper under-

standing of the model’sperformance.Inconclusion,thisresearchhighlightsthepoten-

tialofdeeplearn- ing in addressing challenges in remote sensing image classifica-

tion. Moving forward, efforts can focus on resolving class imbalance, exploring 

more diverse datasets, and incorporating techniques like ensemble learning to en-

hance accuracy and robustness in practical applications. 
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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