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Abstract. This report details the development of a semantic segmentation model using the 

DeepLabV3+ architecture with a Mobile Net backbone, trained on the Pascal VOC2012 dataset. 

The objective was to create a computationally efficient model capable of generating accurate pixel-

wise segmentation masks (single-channel grayscale) for real-world applications. The project 

encompassed data preprocessing, model construction, training (utilizing Tensor Board for 

visualization), and inference. Key learning outcomes included managing segmentation data, 

designing/tuning neural networks, and optimizing training processes. 
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1. Introduction 

Semantic segmentation, a key task in computer vision, involves partitioning images into distinct 

regions to assign meaningful labels to each pixel. This report documents the development of a 

semantic segmentation model using the DeepLabV3+ architecture with a Mobile Net backbone, 

trained and evaluated on the Pascal VOC2012 dataset. The model's lightweight design and effective 

segmentation capabilities make it well-suited for real-world applications requiring computational 

efficiency. 

In this project, I worked on semantic segmentation using the DeepLabV3+ model with a Mobile 

Net backbone, leveraging the Pascal VOC2012 dataset. The goal was to develop a model capable of 

accurately segmenting images by predicting single-channel grayscale masks for each pixel. This 

involved multiple stages, including data preprocessing, model construction, training, and inference. 

I chose DeepLabV3+ with Mobile Net because of its balance between performance and efficiency, 

making it suitable for this task. Throughout the project, I learned to handle segmentation data, 

design and adjust a neural network, and optimize training processes. Using Tensor Board, I 

visualized the training and validation progress to better understand the model's performance. 

2 Problem Statement 

Semantic segmentation is a fundamental task in computer vision, aimed at assigning a semantic 

label to each pixel in an image. The challenge lies in accurately segmenting objects of varying 

shapes, sizes, and complexities while maintaining computational efficiency. For this project, the 

objective is to implement a semantic segmentation model using the Pascal VOC2012 dataset. 

The dataset includes labeled images for training and validation, as well as an additional test set 

without labels for evaluation. The primary goal is to assign a class label to each pixel in an image. 

This project focuses on performing semantic segmentation on the Pascal VOC2012 dataset, which 

contains images with 21 classes (20 object classes and 1 background class. And to process and load 

the dataset effectively, construct a compatible network architecture, select and apply a loss function, 

and train the model to optimize its performance. The evaluation metric for the project is mean 

Intersection over Union (mIoU), which measures the accuracy of the model's predictions on the test 

set. 

2.1 Dataset Description. The Pascal VOC2012 dataset is a widely used benchmark in computer 

vision tasks, particularly for semantic segmentation. It provides annotated images for training and 

validation, which include pixel-wise labels for 20 object classes and one background class. The 

dataset is designed to evaluate models on their ability to segment objects of varying sizes, shapes, 

and complexities in diverse real-world scenes. 
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For this project, the dataset is divided into the following components. 

Training Set: Consists of 1,465 labeled images. Includes corresponding segmentation masks. 

Validation Set: Comprises 1,450 labeled images with segmentation masks (used for validation). 

Used for model evaluation during training to monitor and fine-tune performance. Test Set: Includes 

400 additional images without annotations. These images are used to evaluate the model's 

segmentation performance. 

The predictions are saved as single-channel grayscale masks. Each pixel in the segmentation 

masks is labeled with one of the 21 classes, including objects like "person", "car", "dog," and 

"background". 

2.2 Environment specification. This project is developed in Google Collaboratory using the 

following tools and configurations: Jupyter Notebook: For interactive development and testing. 

PyTorch: As the primary deep learning framework. Tensor Board: For visualizing training metrics 

and model performance: Tesla T4 with 16GB of RAM for accelerated computation. 

3. Network model structure 

The proposed network for semantic segmentation integrates a lightweight and efficient design based 

on the DeepLabV3+ architecture. 

3.1. Input Image. The model accepts input images for semantic segmentation tasks, 

preprocessed to match the expected input size of the network. 

3.2. Backbone: MobileNetV2. MobileNetV2 serves as the feature extractor, leveraging its 

efficient inverted residual blocks. It captures multi-scale features while maintaining a lightweight 

structure. The stages of feature extraction progress through increasing channel dimensions, 

specifically: 24 → 32 → 64 → 96 → 160 → 320 channels. 

3.3. Low-Level Features. Early feature maps are extracted to retain fine details, crucial for 

accurate segmentation boundaries. These are processed through: A 3×3 convolution followed by 

inverted residual blocks that refine features progressively:32 → 16, 16 → 24, and 24 → 24 channels. 

3.4. High-Level Features and ASPP Module. High-level semantic features are extracted and 

processed through the Atreus Spatial Pyramid Pooling (ASPP) module, which captures contextual 

information across multiple scales using:3×3 convolutions with dilation rates of 6, 12, and 18, and 

global image pooling for contextual understanding. These features are concatenated and projected 

through a 1×1 convolution to fuse the multi-scale context. 

3.5. Decoder Module. The decoder refines segmentation predictions by merging high-level 

ASPP features with low level features. Key steps include: Concatenation of low- and high-level 

features to preserve both context and fine details. Further processing with 3×3 convolutions. Up 

sampling by a factor of 4 to match the input resolution. 

3.6. Output Segmentation. The final output is a segmentation map, highlighting object 

boundaries and classes for each pixel. 

4. Methodology 

The methodology for building the semantic segmentation model follows a structured approach to 

ensure modularity, scalability, and efficiency. Each component of the pipeline is designed to handle 

specific tasks, from data preparation to model training and evaluation and the test unseen dataset. 

The process is divided into distinct phases, each building upon the previous ones to create a 

comprehensive system. 

4.1 Data Processing and loading Methods. Data Loading: The next step was to load the dataset. 

I used the Pascal VOC dataset for segmentation. I created a custom dataset loader (VO 

Segmentation) to load both images and segmentation masks. This dataset class is based on 

PyTorch's Dataset class, allowing it to be easily used with Data Loader during training. Splitting the 

Dataset: The dataset was split into training, validation, and testing subsets. I used train_test_split: 

from scikit-learn to split the data. 
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4.2 The Principle of Model Design Architecture. Overview: The DeepLabV3+ architecture 

was used for the segmentation task. DeepLabV3+ is known for its effectiveness in semantic 

segmentation due to its Atreus Spatial Pyramid Pooling (ASPP) module, which helps in capturing 

multi-scale features. Backbone Selection: I used MobileNetV2 as the backbone because it’s 

efficient and lightweight, making it suitable for edge devices and computationally constrained 

environments. MobileNetV2 uses depth wise separable convolutions, which reduces the 

computational load significantly. ASPP Module: The ASPP module employs dilated convolutions 

with different dilation rates to capture multi-scale context. This is crucial for segmentation tasks 

where context from various   scales is necessary for accurate predictions. 

Decoder and Output Layer: The decoder upscales the output of the ASPP module to the original 

resolution of the input image, providing a refined segmentation map. The output is then passed 

through a final convolutional layer to produce pixel-wise predictions. 

4.3 Method of Adjusting Parameters. 

Cross-Entropy Loss (nn.CrossEntropyLoss) was chosen as the loss function for this model due to 

its effectiveness and widespread use in semantic segmentation tasks. As a standard loss function for 

classification, it measures the difference between predicted probabilities and ground truth labels, 

making it well-suited for pixel-wise classification. The ignore index=255 parameter ensures that 

undefined or invalid labels (often marked as 255) are ignored during loss computation, while 

reduction='mean' averages the loss over all valid pixels, providing a stable and interpretable metric. 

Cross-Entropy Loss is computationally efficient, simple to implement, and inherently handles class 

imbalance, making it a reliable choice for this task. 

The chosen learning rate of 0.01 is a standard starting point that balances the trade-off between 

convergence speed and stability. It allows the model to make steady progress in learning without 

overshooting the optimal point. 

The polynomial decay schedule ensures a gradual reduction in learning rate, preventing sudden 

changes that could destabilize the training. 

A batch size of 8 fits comfortably within GPU memory for high-resolution tasks like image 

segmentation and it ensures a good balance between computational efficiency and model 

accuracy.35,000 iterations, this value ensures the model has enough training time to converge 

effectively. Optimizer Momentum: 0.9, Weight Decay: 1e-4 SGD with momentum stabilizes the 

training process by dampening oscillations, ensuring steady convergence. • Weight decay reduces 

the risk of overfitting by adding regularization to the model parameters, leading to better 

generalization. Crop Size A crop size of 513 ensures that spatial details are preserved in the images, 

which is critical for segmentation tasks. 

Validation Interval Every 100 epochs, Frequent validation provides timely feedback on model 

performance, allowing for better monitoring and early detection of potential overfitting. 

Checkpoints Checkpointing prevents loss of progress in case of interruptions, saving time and 

allows resumption of training. 

 

Figure 1.  DeepLabV3+ training parameter configuration 
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5. Training and Evaluation the model 

After creating all the required classes and parameters for training the model on the Pascal VOC    

2012 dataset, it’s now time to begin the training process. During training, we need to monitor the 

loss function after each iteration and the metrics after each epoch using TensorBoard for the entire 

training process. 

 

Figure 2.  DeepLabV3+ training loop core code implementation 

 

Figure 3.  Train/validate key metrics and model keeping records 

As observed, after completing some epoch, the weights are saved in. path format for the last 

model, along with the best model saved separately as shown in the code below. 

 

Figure 4.  Verification phase process code implementation 
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This process continues iteratively to obtain the best possible result. The training is set to run for 

35,000 iterations, equivalent to 192 epochs. 

 

Figure 5.  Real-time log of training progress 

After finishing all epochs, TensorBoard is used to review all the metrics recorded throughout the 

entire training period such as loss function curves and accuracy curves and Mean IoU for training 

and validation as shown below. 

6.Result 

In this section, present a detailed analysis of the results obtained after running the semantic 

segmentation model. The output from the model is stored in the form of single-channel grayscale 

masks, which are typically used for binary classification tasks, where each pixel is assigned, a value 

representing its classification. These grayscale masks allow us to visualize the model’s 

segmentation output effectively, as each pixel intensity corresponds to a specific class or category 

predicted by the model. The following random images, including both the single- channel grayscale 

masks and their corresponding original images. 

 

 

Figure 6.  Qualitative comparison of semantic segmentation results 
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7. Conclusion 

This project successfully implemented a semantic segmentation model using the DeepLabV3+ 

architecture with a MobileNetV2 backbone, applied to the widely used Pascal VOC2012 dataset. 

The goal was to develop a lightweight, efficient, and accurate model capable of assigning semantic 

class labels to each pixel in an image—a task that is both fundamental and challenging in computer 

vision. 

Throughout the project, a well-structured methodology was followed, starting from dataset 

preparation and environment setup, to model design, training, and final evaluation. A custom data 

loading pipeline was implemented to manage image and mask pairing, along with appropriate 

transformations and augmentations. The DeepLabV3+ architecture, known for its powerful 

segmentation capabilities, was enhanced with the MobileNetV2 backbone to ensure efficiency in 

terms of speed and resource usage—an important consideration for real-time and edge computing 

applications. 

The training process, conducted in Google Colab with TensorBoard integration, showed steady 

improvement across metrics such as loss and accuracy. The training loss decreased significantly 

from 1.89 to below 0.08, while the validation loss also showed consistent improvement. The final 

model achieved a high training accuracy of 98.5% and validation accuracy of approximately 91.5%, 

indicating strong generalization to unseen data. Furthermore, the model effectively generated 

grayscale mask predictions on the test dataset, visually confirming the accuracy of object 

segmentation across diverse classes. 

The model’s use of the Atreus Spatial Pyramid Pooling (ASPP) module enabled it to capture 

multi-scale context, which is crucial for segmenting objects of varying sizes and complexities.  The 

decoder module further refined the segmentation output by integrating low-level and high- level 

features, improving boundary precision. 

In conclusion, this project not only met its technical objectives but also provided a deep 

understanding of the entire semantic segmentation pipeline. It highlighted the importance of model 

architecture selection, training optimization, and evaluation techniques. The resulting system is 

robust, scalable, and suitable for real-world applications, including autonomous vehicles, medical 

imaging, and smart city systems. Future improvements could involve experimenting with different 

backbones, applying advanced data augmentation techniques, or exploring post-processing methods 

like Conditional Random Fields (CRFs) to further enhance segmentation accuracy. 
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