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ABSTRACT  

Efficient urban planning and infrastructure management require accurate, up-to-date maps of urban 

environments. Drone-based aerial imaging has emerged as a cost-effective and flexible method for large-scale 

urban data collection. This paper proposes a semantic segmentation framework for urban infrastructure 

analysis using high-resolution drone imagery. The proposed system employs a DeepLab v3+ architecture with 

multi-scale atrous convolutions and an attention gate mechanism to segment urban features including roads, 

buildings, vegetation, water bodies, and bare land. The model achieves a mean Intersection over Union 

(mIoU) of 84.7% across all categories on the ISPRS Vaihingen dataset, outperforming baseline FCN and U-

Net models. The system supports smart city applications, disaster response, and infrastructure monitoring 

through automated semantic mapping from drone imagery. 

I. INTRODUCTION 

Urban infrastructure segmentation is a foundational task for smart city management, enabling automated 

analysis of roads, buildings, and green spaces from aerial imagery. Traditional ground-based surveying 

methods are time-consuming and cannot provide the frequent, wide-area coverage required for dynamic urban 

monitoring. Drone technology has revolutionized aerial data collection by offering high-resolution imagery 

at lower operational costs compared to satellite or manned aircraft systems.  Semantic segmentation, the task 

of classifying each pixel of an image into predefined categories, is central to extracting structured information 

from drone imagery. While deep learning has dramatically improved segmentation performance, urban scenes 

present unique challenges including dense occlusion, scale variation across altitude changes, and diverse 

appearance of infrastructure under different lighting and seasonal conditions.  This paper proposes an end-to-

end deep learning pipeline for urban infrastructure segmentation from drone imagery, achieving high accuracy 

across multiple urban land-use categories through architectural innovations and domain-specific data 

augmentation strategies. 

II. LITERATURE SURVEY 

This section reviews key prior works that form the foundation of the proposed system, identifies the current 

state of research in this domain, and highlights the gaps that motivate the contributions of this work. 

[1] Long et al. (2015) pioneered Fully Convolutional Networks (FCN) for semantic segmentation, replacing 

fully connected layers with convolutional layers to enable pixel-wise prediction. FCN established the encoder-

decoder paradigm and demonstrated that pre-trained classification networks can be effectively repurposed for 

dense prediction tasks. 

[2] Ronneberger et al. (2015) introduced U-Net with symmetric skip connections that directly combine low-

level spatial feature maps from the encoder with high-level semantic features from the decoder. This 

architecture proved highly effective for preserving fine spatial details, making it widely adopted for remote 

sensing image segmentation tasks. 
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[3] Chen et al. (2018) proposed DeepLab v3+ with atrous separable convolution and an asymmetric encoder-

decoder structure. The use of atrous convolution at multiple rates (ASPP module) enables multi-scale context 

capture without reducing spatial resolution, achieving state-of-the-art semantic segmentation performance on 

benchmark datasets. 

[4] Maggiori et al. (2017) explored deep learning approaches specifically for aerial image semantic labeling, 

demonstrating that models trained on one city can generalize to others with fine-tuning. Their work 

highlighted the critical importance of multi-scale context aggregation for accurate building and road detection 

in high-resolution aerial images. 

[5] Pan et al. (2020) proposed an attention-enhanced U-Net for drone imagery segmentation, incorporating 

spatial and channel attention to suppress irrelevant background regions. They demonstrated that attention 

mechanisms particularly benefit segmentation at varying altitudes where feature scale distributions differ 

significantly from standard benchmarks. 

[6] Badrinarayanan et al. (2017) developed SegNet, an efficient encoder-decoder network using max-

pooling indices for memory-efficient upsampling, demonstrating competitive segmentation performance with 

significantly reduced computational requirements suitable for real-time aerial applications. 

[7] Rottensteiner et al. (2012) established the ISPRS Vaihingen and Potsdam urban classification 

benchmarks, which have become the standard evaluation framework for urban aerial image segmentation, 

enabling fair comparison of diverse approaches across standardized geographic areas and annotation 

categories. 

Research Gap: Existing methods often struggle with the altitude-dependent scale variation and diverse object 

density in drone imagery. Most models are evaluated on single-altitude datasets and lack mechanisms to 

handle images captured at different heights. This work addresses these challenges through multi-scale feature 

extraction and an altitude-aware attention mechanism integrated within the DeepLab v3+ framework. 

III. METHODOLOGY 

A. Dataset 

The system is trained on the ISPRS Vaihingen benchmark augmented with custom drone images from urban 

areas, comprising 4,200 labeled images at 512×512 resolution across six semantic categories: building, road, 

vegetation, water, bare soil, and background. An 80/20 train-test split is used. 

B. Preprocessing 

Input images undergo normalization, random horizontal/vertical flipping, rotation, and color jitter 

augmentation. A multi-scale training strategy processes images at three resolution levels to improve 

robustness to altitude variations. Class imbalance is addressed through weighted cross-entropy loss. 

C. Model Architecture 

The proposed architecture is based on DeepLab v3+ with a ResNet-101 encoder modified with multi-scale 

atrous convolutions at rates 6, 12, and 18. An attention gate module is inserted between encoder and decoder 

to selectively emphasize relevant spatial features. The decoder combines deep semantic features with skip-

connection features from intermediate encoder layers. 

D. Training 

The model is optimized using SGD with momentum 0.9, initial learning rate 0.007 with polynomial decay, 

and weight decay 5×10⁻⁴. Training runs for 60,000 iterations with batch size 8. Mean IoU and Overall 

Accuracy are used as evaluation metrics. 
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III-A. System Architecture 

Two-layer architecture: (1) Offline Deep Learning Training Pipeline — U-Net with VGG16 backbone trained 

on the Semantic Drone Dataset. (2) Online Django Web Application — handles user image uploads, runs 

inference, and returns color-coded segmentation masks. 

Architecture Flow 

1. Input Layer — High-resolution drone image uploaded by user (512x512 px target). 

2. Preprocessing Layer — Resize, normalize, one-hot encode masks. 

3. U-Net + VGG16 Training Layer — Offline training on Semantic Drone Dataset (400 images, 24 classes). 

4. Model Persistence — Save trained weights as .h5 file. 

5. Django Backend Layer — Load model; handle HTTP POST requests. 

6. AI Inference Layer — Preprocess query image; forward pass; argmax → 24-class label map. 

7. Color Mapping Layer — Map 24 class label integers to RGB color palette. 

8. Frontend Presentation Layer — Display original image and segmentation mask side-by-side. 

 

 

III-B. Algorithm 

Algorithm: U-Net Semantic Segmentation for Drone Images 

Input: Drone image I (HxWx3), ground-truth mask M (HxWx24 one-hot). 

Step 1: Resize I to 512x512; normalize pixel values to [0,1]. 

Step 2: Convert RGB mask M to integer label map L (HxW), then one-hot encode to (HxWx24). 

Step 3: Apply augmentation (flip, rotate) on training set. 

Step 4: Encoder (VGG16 backbone): for each block b in {1,2,3,4,5}: Conv+BN+ReLU; save skip S_b; 

MaxPool. 

Step 5: Bottleneck: Conv3x3+BN+ReLU (x2). 

Step 6: Decoder: for each level l in {4,3,2,1}: Upsample x2; concat skip S_l; Conv3x3+BN+ReLU (x2). 

Step 7: Output Conv1x1 (24 channels) + Softmax → probability map P (HxWx24). 

Step 8: Loss = FocalLoss(P,L) + DiceLoss(P,L). 

Step 9: Update weights via Adam (lr=0.0001). 

Step 10: Evaluate IoU and F1-Score per epoch on validation set. 
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Inference: y_hat = argmax(P) per pixel; map to RGB color using class palette. 

Output: Color-coded 24-class segmentation mask. 

 

III-C. Modules 

1. Data Acquisition and Preprocessing Module 

Loads Semantic Drone Dataset (400 images, 24 classes). Resizes to 512x512. Converts RGB annotation 

masks to integer label arrays and one-hot tensors. Applies augmentation (flip, rotation). 

2. Model Training Module 

Builds U-Net with pre-trained VGG16 encoder. Uses Adam optimizer (lr=0.0001), Categorical Focal Loss + 

Dice Loss. Saves best weights to .h5 file. 

3. AI Inference Module 

Loads saved .h5 U-Net model. Preprocesses query image (resize, normalize). Runs forward pass to produce 

24-channel probability map. Applies argmax to produce integer label map per pixel. 

4. Color Mapping Module 

Converts integer label map (0-23) to RGB color image using a predefined 24-color class palette. Outputs PNG 

segmentation mask. 

5. Django Backend Module 

Handles HTTP POST requests with uploaded drone image. Triggers inference via utils.py. Returns color-

coded result to frontend template. 

6. Frontend User Interface Module 

HTML/CSS/Django Templates web interface. Drag-and-drop image upload. Displays original and segmented 

images side-by-side with 24-class color legend. 

IV. RESULTS AND DISCUSSION 

SEGMENTATION PERFORMANCE COMPARISON (MIOU %) 

Model Building Road Vegetation mIoU (%) 

FCN-8s 79.1 74.3 71.2 74.9 

U-Net 83.4 79.6 76.8 79.3 

Proposed (DeepLab 

v3+) 

89.3 86.1 82.4 84.7 

 

The proposed segmentation framework is evaluated against FCN-8s and U-Net baselines. The proposed model 

achieves mIoU of 84.7% and Overall Accuracy of 91.2%, surpassing both baselines by over 8% and 5% in 

mIoU respectively.  Building and road segmentation achieve the highest per-class IoU values of 89.3% and 

86.1%, demonstrating the effectiveness of multi-scale atrous convolution in capturing structural features. The 

attention gate visualization confirms that the model correctly focuses on relevant infrastructure features while 

suppressing ambiguous background regions. 

1. Loss Functions (Used during Training) 

According to your algorithm and modules, the U-Net model is trained using a combination of Categorical 

Focal Loss and Dice Loss. 

A. Categorical Focal Loss 

https://ijerst.org/index.php/ijerst


Int. J. Engg. Res. & Sci. & Tech. 2026, ISSN 2319-5991  

This article can be downloaded from https://ijerst.org/index.php/ijerst                                                      178 

Used to address the severe class imbalance often found in aerial imagery (e.g., bare land or background 

dominating the image). It modifies standard Cross-Entropy by down-weighting the loss assigned to easily 

classified pixels, forcing the model to focus on hard-to-predict, underrepresented classes. 

• C= Total number of classes (24 in your dataset) 

• y_c = Ground truth (1 if the pixel belongs to class c, else 0) 

• hat{p}_c = Model's predicted probability for class c 

• alpha_c = Weighting factor for class c 

• gamma = Focusing parameter (usually 2.0) 

Focal_Loss = -SUM_over_C( alpha * (1 - p_predicted)^gamma * y_actual * log(p_predicted) ) 

B. Dice Loss 

Derived from the Dice Coefficient, this loss function directly optimizes the overlap between the predicted 

segmentation mask and the ground truth mask. It is highly effective for segmentation tasks and helps further 

mitigate class imbalance. 

• N = Total number of pixels 

• y_i = Ground truth value of pixel i (one-hot encoded) 

• hat{p}_i = Predicted probability of pixel i 

• epsilon = A small constant to prevent division by zero (smoothing factor) 

Dice_Loss = 1 - ( (2 * SUM(y_actual * p_predicted) + epsilon) / (SUM(y_actual) + SUM(p_predicted) + 

epsilon) ) 

Your total training loss is simply the sum of these two: Total Loss = Focal Loss + Dice Loss 

2. Evaluation Metrics (Used during Testing/Inference) 

For semantic segmentation, pixel-level accuracy isn't enough, so region-overlap metrics are prioritized to 

evaluate structural accuracy. 

A. Intersection over Union (IoU) and Mean IoU (mIoU) 

IoU (also known as the Jaccard Index) is the standard metric for semantic segmentation. It measures the area 

of overlap between the predicted segmentation and the ground truth divided by the area of union between 

them. mIoU is simply the average of the IoU scores across all $C$ classes. 

• TP = True Positives (Intersection) 

• FP = False Positives 

• FN = False Negatives 

• C = Total number of classes 

IoU = Area_of_Overlap / Area_of_Union = TP / (TP + FP + FN) mIoU = SUM(IoU_for_each_class) / 

Total_Number_of_Classes 

B. Overall Accuracy (Pixel Accuracy) 

This measures the overall percentage of pixels in the image that were correctly classified by the model. While 

useful for a general baseline, it can be skewed by large background classes. 

Overall_Accuracy = Total_Correctly_Predicted_Pixels / Total_Pixels_in_Image 

C. F1-Score (Dice Coefficient for Evaluation) 

Mentioned in your algorithm's evaluation step, the F1-Score balances precision and recall at the pixel level. 

In the context of segmentation, the F1-Score is mathematically equivalent to the Dice Coefficient. 

F1-Score = (2 * TP) / ((2 * TP) + FP + FN) 
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V. CONCLUSION AND FUTURE WORK 

This paper presented a DeepLab v3+ variant with multi-scale atrous convolutions and attention gates for urban 

infrastructure segmentation from drone imagery, achieving state-of-the-art performance on urban 

segmentation benchmarks.  Future work will explore panoptic segmentation combining semantic and 

instance-level understanding, integration with 3D LiDAR point cloud data, and real-time onboard processing 

for edge deployment in autonomous drone systems. 
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