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Configuration Manual
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x23331666

1 Introduction

The Configuration manual serves the purpose of documenting the technical details of the
research project. It includes information about the tools, code outline and the software
environment used for this study. It also highlights the specific requirements and fine-
tuning in the code through snippets of the implemented code. This manual can be
used for reproducing similar work in the future to extend the research scope. Section
2 discusses the hardware specifications and software environment used for executing the
project. Section 3 includes information about the data collection and layout. Section 4
contains details about the installation’s dependencies and library imports for the code
base. Section 5 discusses the data loading process and Section 6 discusses the Data
cleaning and processing performed for the dataset. Section 7 shows the code snippets of
the 5 implemented models in the study. Section 8 mentions the training performed for
the dataset and Section 9 discusses the testing and evaluation done in the research.

2 Environment

Figure 1 shows the hardware details of the system used in the study of this project.
The system is a Lenovo IdeaPad S540-14IML, with an Intel i5-10210U (1.6–2.11 GHz)
processor having 8 GB RAM and 477 GB storage. Graphics memory is 2 GB (integrated)
as shown.

To aid the system computation and increase the speed of execution, use of Google
Colab 1 was done as an integrated development environment.

3 Data Collection

Figure 2 shows the dataset location and structure. The cityscapes data/ contains two
folders: train/ (2975 files) and val/ (500 files). Each file is a side-by-side pair: left =
camera image, right = segmentation map.

4 Library and Package installation

Figure 3 shows all the python packages installed in Colab. These cover PyTorch, data
processing/visualization, and ready-made segmentation architectures. Figure 4 shows the

1Google Colab .

1

https://colab.research.google.com/


Figure 1: System Configuration

Figure 2: Dataset Location
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code imports standard libs (os, glob, zipfile, cv2, numpy), PyTorch core/APIs, tqdm, sk-
learn metrics, matplotlib, and segmentation models pytorch as smp. It sets the compute
device: device = torch.device(’cuda’ if torch.cuda.is available() else ’cpu’) This makes the
rest of the code run on GPU if available, else CPU.

Figure 3: Installed Packages

Figure 4: Imported Libraries

5 Data Loading

Figure 5 shows the zipped dataset uploaded via google.colab.files.upload(). It extracts
the dataset to /content/data. This makes the dataset accessible in the Colab filesystem.

6 Data Cleaning and Processing

Custom data generator classes were formed to load and prepare the data for each model.
Figure 6 shows the Dataset classes (PyTorch) wherein constant image sizes (full: 512×256;
model input: 256×256) are loaded. SegmentationDataset(Dataset) is declared for train/val
to store file paths and target resize. Also, len is implemented to report dataset size.

Figure 7 shows Dataset classes (PyTorch) wherein SegmentationDataset. getitem
helps read an image path with OpenCV. The pair is split into left (camera) and right
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Figure 5: Loading Dataset

Figure 6: Dataset classes(a)
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(segmentation) halves. It normalizes to [0,1], resizes both to the model input size, converts
to torch.float32 tensors with shape [C,H,W] and returns (camera tensor, mask tensor).
TestDataset is handled in a similar manner, but returns (camera tensor, file path) for
inference/visualization.

Figure 7: Dataset classes(b)

Figure 8 shows collected file paths built DataLoaders (PyTorch). Glob is used to
gather *.png/*.jpg/*.jpeg under train/, val/, and testing/ (if present). DataLoaders with
batch size=8, shuffle=True for train, and num workers=2 are created with the purpose
of efficient mini-batch loading for training/validation/testing.

Figure 8: Build DataLoaders

7 Implementation of Models

1. U-Net model definition (TensorFlow/Keras) Figure 9 defines a double conv block
and build full unet() in Keras. Classic encoder–decoder with skips; output layer
has 3 channels with sigmoid.
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Figure 9: UNet Model
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2. Metrics + SegNet model (TensorFlow/Keras) Figure 10 shows implemented cus-
tom metrics like Dice coefficient, IoU, and pixel accuracy (Keras/TensorFlow).
It defines a SegNet-style encoder–decoder and compiles it with Adam and bin-
ary crossentropy, tracking the above metrics and calls model.summary() to print
the architecture.

Figure 10: SegNet Model

3. PSPNet Model Definition (TensorFlow/Keras) Figure 11 shows the implemented
PSPNet (Pyramid Scene Parsing Network) for semantic segmentation where Res-
izeLayer class resizes pooled feature maps back to target dimensions and pyr-
amid pooling block() performs pooling at multiple bin sizes (e.g., 1×1, 2×2, 3×3,
6×6) to capture multi-scale context, then upsamples and concatenates them. Also,
build pspnet() builds the encoder, applies pyramid pooling, then a decoder with
upsampling and convolution layers.

4. Load Pre-trained SegFormer from Hugging Face Figure 12 demonstrates the in-
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Figure 11: PSPNet Model
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stalled transformers library. SegformerForSemanticSegmentation and Segformer-
ImageProcessor are imported and nvidia/segformer-b0-finetuned-ade-512-512 pre-
trained model is loaded. Image processor (no rescaling, resizing, or normalization
here) are configured and model instance with num labels=3 for segmentation output
are created.

Figure 12: SEGFormer Model

5. Model Initialization (PyTorch SMP) Figure 13 shows Segmentation Models PyTorch
(smp) library to create a U-Net model with encoder backbone as mit b2 (Mix
Transformer from SegFormer family) with Pre-trained ImageNet weights for the
encoder as it Input channels - 3 (RGB images) and Output classes - 3 segmentation
classes defining optimizer as AdamW with learning rate 1e-4.

Figure 13: UNETr Model

8 Training and Evaluation Functions

1. Training and Evaluation Functions (PyTorch): Figure 14 shows the code maintains
a metrics history dictionary to store accuracy, IoU, and Dice for both train/val.
The function train one epoch() loops over batches in training DataLoader, moves
images/masks to device, predicts masks, computes binary cross-entropy loss and
thresholds predictions at 0.5 to get binary masks. It also calculates Pixel Accuracy,
IoU, and Dice for the epoch and stores results in metrics history. The function
evaluate() is similar to training loop but without gradient updates and runs on
validation set to compute the same metrics.

2. Training Loop Execution: Figure 15 shows the training loop with 20 epochs set. The
code loops over each epoch, running train one epoch() then evaluate() for validation
metrics, then prints epoch number and metrics to track performance over time.
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Figure 14: Training and Evaluation Functions
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Figure 15: Training Loop Execution

9 Testing and Evaluation

1. Testing Visualization: Figure 16 shows the code that puts model in eval() mode,
iterates over the test DataLoader, generates predictions, resizes them to match ori-
ginal size, applies sigmoid + threshold, displays side-by-side plots of - Left: Original
camera image, Right: Predicted segmentation mask and then stops after showing
5 examples.

Figure 16: Testing & Visualization

2. Plotting Evaluation Metrics: Figure 17 shows the code where it uses Matplotlib to
plot Pixel Accuracy, Mean IoU, and Dice Score for both train and validation sets.
It creates subplots for each metric with legends, grid lines, and epoch ticks. It helps
visually assess training progress and overfitting/underfitting of the results.

11



Figure 17: Plotting Evaluation Metrics
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