
 

 

 

Assignmentkey- 4  

 

1. Compare and contrast regression and segmentation techniques in the 

context of object segmentation. How do supervised and unsupervised 

learning methods apply to each approach? 

1. Objective: Regression predicts continuous variables, while segmentation 

partitions images into discrete regions. 

2. Output: Regression predicts continuous values, segmentation outputs discrete 

image segments. 

3. Methodology: Regression uses mathematical models, segmentation employs 

image processing techniques. 

4. Supervised Learning: Regression can be supervised, while supervised 

segmentation trains on labeled images. 

5. Unsupervised Learning: Regression can utilize unsupervised techniques, while 

unsupervised segmentation clusters pixels without labels. 

6. Evaluation: Regression uses metrics like MSE, while segmentation uses IoU 

or Dice coefficient. 

7. Application: Regression is for predictive modeling, segmentation is used in 

object detection. 

8. Complexity: Regression is simpler compared to segmentation. 

9. Data Requirements: Regression needs labeled data, segmentation may require 

large annotated image datasets. 

10. Robustness: Regression can be sensitive to outliers, segmentation robustness 

varies with method and image conditions. 

 

2. Describe the importance of object segmentation in computer vision 

applications and how it aids tasks like image recognition and scene 

understanding. 

1. Enhances Precision: Object segmentation precisely delineates object 

boundaries in images, aiding in accurate localization and identification of objects. 

2. Improves Classification: By isolating objects from the background, 

segmentation provides cleaner inputs for image recognition algorithms, leading 

to improved classification accuracy. 

3. Facilitates Object Detection: Segmentation helps in detecting multiple objects 

in complex scenes by segmenting them individually, which is crucial for 

applications like autonomous driving and surveillance. 

4. Enables Instance Segmentation: Object segmentation assigns unique labels to 

each instance of an object within an image, enabling finer-grained analysis and 

tracking of multiple objects of the same class. 

5. Supports Semantic Understanding: Segmenting objects from backgrounds 

facilitates semantic understanding of images by providing context and 

relationships between different entities within the scene. 



 

 

6. Enhances Image Understanding: Segmentation aids in understanding scene 

layouts and spatial relationships between objects, which is essential for tasks like 

scene parsing and augmented reality. 

7. Assists in Medical Imaging: In medical imaging, segmentation helps in 

identifying and delineating anatomical structures and lesions, facilitating 

diagnosis and treatment planning. 

8. Boosts Visual Search: Object segmentation enables more effective visual 

search by focusing on relevant objects and filtering out irrelevant background 

clutter. 

9. Improves Augmented Reality: In augmented reality applications, segmentation 

provides accurate masks for virtual object placement and occlusion handling, 

enhancing the realism of rendered scenes. 

10. Facilitates Human-Computer Interaction: Object segmentation enables 

natural interaction with computer vision systems by allowing them to understand 

and respond to the spatial arrangement of objects in the environment, fostering 

intuitive interfaces and applications. 

 

3. Discuss the challenges encountered in object segmentation tasks, including 

variations in lighting conditions, occlusions, and background clutter. 

1. Variations in Lighting Conditions: Fluctuations in lighting across different 

environments or times of day can alter the appearance of objects. This variation 

can affect the color, texture, and contrast of objects, making it challenging for 

segmentation algorithms to consistently identify and separate them from the 

background. 

2. Occlusions: Objects in real-world scenes are often partially or fully occluded 

by other objects or elements in the environment. Occlusions can obscure parts of 

the object, making it difficult for segmentation algorithms to accurately delineate 

their boundaries. This can result in fragmented or incomplete segmentation 

masks, reducing the overall accuracy of the segmentation process. 

3. Background Clutter: Complex backgrounds with clutter, texture variations, or 

similar visual patterns to objects can confuse segmentation algorithms. The 

presence of background clutter can lead to misclassification of background 

elements as part of the object or failure to properly segment objects from their 

surroundings. This issue is particularly prevalent in scenes with dense foliage, 

intricate architectural details, or cluttered indoor environments. 

4. Object Scale and Size: Objects in images may vary significantly in scale and 

size, ranging from small, detailed objects to large, prominent ones. Segmentation 

algorithms must be able to adapt to these variations and accurately delineate 

objects of different sizes. Challenges arise when segmenting small or distant 

objects, where details may be lost or incorrectly segmented, as well as with large 

objects, where boundaries may be ambiguous or difficult to discern. 

5. Object Shape and Complexity: Objects in real-world scenes exhibit diverse 

shapes and levels of complexity, ranging from simple geometric forms to 



 

 

irregular or intricate structures. Segmentation algorithms must be robust enough 

to handle this variability and accurately delineate object boundaries, even in cases 

of complex shapes or fine details. Challenges arise when segmenting objects with 

irregular contours, occlusions, or overlapping structures, where traditional 

segmentation techniques may struggle to produce accurate results. 

6. Semantic Ambiguity: Some objects may have ambiguous or multiple 

interpretations, making it challenging for segmentation algorithms to accurately 

classify them. For example, objects with similar visual appearances but different 

semantic meanings (e.g., a person holding a phone versus a person holding a 

remote control) can lead to segmentation inconsistencies or errors. Resolving 

semantic ambiguity requires context-aware segmentation approaches that 

consider both visual and contextual cues to accurately segment objects. 

7. Sparse Object Instances: In some scenarios, certain object classes may be 

relatively rare or occur sparsely within the dataset used for training segmentation 

models. This lack of sufficient training data for rare object instances can impact 

the model's ability to generalize and accurately segment such objects in real-

world scenes. Sparse object instances pose challenges for segmentation 

algorithms, as they may struggle to learn representative features or characteristics 

of these objects from limited training examples. 

8. Computational Complexity: Segmentation algorithms can be computationally 

intensive, especially when dealing with high-resolution images or complex 

scenes. The process of analyzing and segmenting each pixel in an image requires 

significant computational resources, which can impact processing speed and real-

time performance, particularly in resource-constrained environments or 

applications. Optimizing segmentation algorithms for efficiency and scalability 

is essential to ensure practical deployment across various platforms and devices. 

9. Labeling and Annotation: Annotating training data for segmentation tasks 

typically involves manually delineating object boundaries or regions of interest 

in images. This process can be time-consuming, labor-intensive, and subjective, 

as it relies on human annotators to accurately label objects. Inconsistencies or 

inaccuracies in labeling can introduce biases or errors into the training data, 

affecting the performance of segmentation models. Addressing labeling 

challenges requires careful quality control, annotation guidelines, and potentially 

the use of semi-automated or crowd-sourced annotation techniques to improve 

efficiency and accuracy. 

10. Generalization to Diverse Scenes: Segmentation models trained on specific 

datasets may struggle to generalize to new or unseen environments with different 

scene characteristics or object compositions. Variations in lighting conditions, 

object appearances, backgrounds, and scene layouts can pose challenges for 

segmentation algorithms, as they may encounter scenarios not represented in the 

training data. Ensuring robustness and generalization requires training 

segmentation models on diverse datasets that capture a wide range of scene 

variations, as well as employing techniques such as data augmentation, domain 



 

 

adaptation, or transfer learning to improve model performance across diverse 

real-world environments. 

 

4. Develop a Python script to implement object segmentation using a pre-

trained CNN model such as Mask R-CNN or U-Net. Use a dataset of images 

with labeled objects and evaluate the segmentation performance using 

Intersection over Union (IoU) metric. 

import numpy as np 

import matplotlib.pyplot as plt 

import cv2 

import os 

import random 

import tensorflow as tf 

from tensorflow.keras.models import load_model 

from sklearn.metrics import confusion_matrix 

 

# Define IoU function 

def calculate_iou(y_true, y_pred): 

    intersection = np.logical_and(y_true, y_pred) 

    union = np.logical_or(y_true, y_pred) 

    iou_score = np.sum(intersection) / np.sum(union) 

    return iou_score 

 

# Load pre-trained Mask R-CNN model 

model = load_model('path_to_mask_rcnn_model.h5')  # Replace 

'path_to_mask_rcnn_model.h5' with actual path 

 

# Load dataset of images with labeled objects 

dataset_path = 'path_to_dataset_folder'  # Replace 'path_to_dataset_folder' with 

actual path 

image_files = os.listdir(dataset_path) 

 

# Randomly select an image for evaluation 

image_name = random.choice(image_files) 

image_path = os.path.join(dataset_path, image_name) 

image = cv2.imread(image_path) 

 

# Preprocess image for model input 

input_image = cv2.resize(image, (224, 224))  # Resize image to match model 

input size 

input_image = input_image / 255.0  # Normalize pixel values 

 

# Perform object segmentation 



 

 

predictions = model.predict(np.expand_dims(input_image, axis=0)) 

 

# Extract segmentation mask 

mask = predictions['masks'][0] > 0.5  # Threshold mask probabilities 

 

# Visualize original image and segmentation mask 

plt.figure(figsize=(12, 6)) 

plt.subplot(1, 2, 1) 

plt.imshow(cv2.cvtColor(image, cv2.COLOR_BGR2RGB)) 

plt.title('Original Image') 

plt.axis('off') 

 

plt.subplot(1, 2, 2) 

plt.imshow(mask, cmap='gray') 

plt.title('Segmentation Mask') 

plt.axis('off') 

 

plt.show() 

 

# Evaluate segmentation performance using IoU metric 

# Load ground truth mask (assuming ground truth masks are available in the 

dataset) 

ground_truth_mask_path = 'path_to_ground_truth_mask_folder'  # Replace 

'path_to_ground_truth_mask_folder' with actual path 

ground_truth_mask_name = image_name.replace('.jpg', '_mask.jpg')  # 

Assuming ground truth masks have same filename with '_mask' suffix 

ground_truth_mask_path = os.path.join(ground_truth_mask_path, 

ground_truth_mask_name) 

ground_truth_mask = cv2.imread(ground_truth_mask_path, 

cv2.IMREAD_GRAYSCALE) > 0 

 

iou_score = calculate_iou(ground_truth_mask, mask) 

print(f'Intersection over Union (IoU) Score: {iou_score}') 

 

 

5. Write a Python function to build a decision tree regression model from 

scratch. Given a dataset with numerical features and a continuous target 

variable, implement the algorithm to recursively split nodes based on feature 

values to minimize mean squared error. 

import numpy as np 

 

class DecisionTreeRegressor: 

    def __init__(self, max_depth=None, min_samples_split=2): 



 

 

        self.max_depth = max_depth 

        self.min_samples_split = min_samples_split 

 

    def fit(self, X, y): 

        self.root = self._build_tree(X, y, depth=0) 

     

    def _build_tree(self, X, y, depth): 

        num_samples, num_features = X.shape 

        variance = np.var(y) 

        best_split = {} 

         

        # Stopping criteria 

        if depth == self.max_depth or num_samples < self.min_samples_split or 

variance == 0: 

            return {'leaf': True, 'value': np.mean(y)} 

         

        # Find best split 

        best_variance_reduction = 0 

        for feature_idx in range(num_features): 

            feature_values = X[:, feature_idx] 

            unique_values = np.unique(feature_values) 

            for value in unique_values: 

                left_indices = X[:, feature_idx] <= value 

                right_indices = X[:, feature_idx] > value 

                left_variance = np.var(y[left_indices]) 

                right_variance = np.var(y[right_indices]) 

                weighted_variance = (left_variance * len(y[left_indices]) + 

right_variance * len(y[right_indices])) / num_samples 

                variance_reduction = variance - weighted_variance 

                if variance_reduction > best_variance_reduction: 

                    best_variance_reduction = variance_reduction 

                    best_split = {'feature_idx': feature_idx, 'value': value, 'left_indices': 

left_indices, 'right_indices': right_indices} 

         

        # Recursive splitting 

        if best_variance_reduction > 0: 

            left_child = self._build_tree(X[best_split['left_indices']], 

y[best_split['left_indices']], depth+1) 

            right_child = self._build_tree(X[best_split['right_indices']], 

y[best_split['right_indices']], depth+1) 

            return {'leaf': False, 'feature_idx': best_split['feature_idx'], 'value': 

best_split['value'], 'left_child': left_child, 'right_child': right_child} 

        else: 



 

 

            return {'leaf': True, 'value': np.mean(y)} 

     

    def predict(self, X): 

        return np.array([self._predict_tree(x, self.root) for x in X]) 

     

    def _predict_tree(self, x, node): 

        if node['leaf']: 

            return node['value'] 

        else: 

            if x[node['feature_idx']] <= node['value']: 

                return self._predict_tree(x, node['left_child']) 

            else: 

                return self._predict_tree(x, node['right_child']) 

 

 


