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UNIT-1

1. Introduction

Computer Vision (CV):

Computer Vision is a branch of Artificial Intelligence (Al) that enables computers to
understand and analyze images and videos, similar to human vision.

Image Processing (IP):

Image Processing is the process of improving or extracting useful information from digital
images using computer algorithms.

2. Scope and Applications

Scope of Computer Vision and Image Processing

1. Medical Image Analysis

e Used to analyze X-rays, CT scans, and MRI images.
o Helps doctors detect diseases accurately.

2. Face Recognition

o Identifies a person's face from images or videos.
e Used in mobile face unlock, attendance systems, and security.

3. Autonomous Vehicles

o Helps self-driving cars detect roads, traffic signals, pedestrians, and obstacles.
o Enables safe and automatic driving.

4. Robotics



o Allows robots to see and understand their surroundings.
e Used for navigation, object detection, and automation.

5. Security and Surveillance

e Used in CCTV cameras for monitoring people and activities.
o Helps detect intruders and suspicious behavior.

6. Satellite Image Analysis

o Processes satellite images for weather forecasting, agriculture, and mapping.
o Used in disaster monitoring and environmental studies.

7. Industrial Quality Inspection

o Detects defective products in factories.
e Improves product quality and reduces manufacturing errors.

Applications of Computer Vision and Image Processing

1. Face Unlock in Smartphone

e Recognizes a user's face to unlock the phone securely.
e Provides fast and secure authentication.

2. Number Plate Recognition (NPR)

o Detects and reads vehicle number plates automatically.
e Used in traffic management, toll plazas, and parking systems.

3. Fingerprint Recognition

o Identifies a person using their unique fingerprint.
e Used in mobile security, banking, and biometric attendance.

4. Disease Detection using X-rays and MRI

e Analyzes medical images to detect diseases.
o Helps doctors diagnose diseases quickly and accurately.

5. Traffic Monitoring

e Monitors traffic flow and detects congestion or accidents.
e Used in smart traffic management systems.

6. Object Detection

o ldentifies and locates objects in images or videos.
e Used in self-driving cars, CCTV surveillance, and robotics.



3. Historical Development

e 1950s-1960s: Basic image processing techniques were introduced.

e 1970s-1980s: Image processing expanded to medical imaging and satellite image
analysis.

e 1990s: Development of pattern recognition and machine vision systems.

e 2000s—Present: Rapid growth of Artificial Intelligence (Al), Deep Learning,
Convolutional Neural Networks (CNNs), and autonomous vehicles.

4. Image Formation and Representation

e Image formation and representation are fundamental concepts in computer vision and
image processing.

e Image formation refers to the process of capturing a real-world scene and converting
it into a digital image that can be processed by a computer.

e This process begins when light from a source illuminates an object, and the reflected
or emitted light enters a camera through its lens.

e The camera lens focuses the incoming light onto an image sensor, such as a CCD
(Charge-Coupled Device) or CMOS (Complementary Metal-Oxide-Semiconductor)
sensor.

e The image sensor contains millions of tiny sensing elements called pixels, which
detect the intensity of light falling on them.

e Each pixel converts the received light into an electrical signal, and these signals are
then converted into digital values through an Analog-to-Digital Converter (ADC).

e The collection of these digital values forms a digital image that can be stored,
displayed, and processed by a computer.

Image Formation and Representation in Computer Vision and Image Processing
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| Summary: Image formation captures light from the real world and converts it into a digital image using a camera. Image representation stores the image as a matrix of pixels
with intensity or color values, enabling a computer to process, analyze, and understand visual information for various applications.



The quality of image formation depends on several factors, including lighting
conditions, camera resolution, lens quality, focus, exposure, and sensor
characteristics.

Proper lighting improves image clarity, while poor lighting can produce dark or noisy
images. A high-quality lens ensures that the image is sharp and free from distortion.
The image resolution, measured by the number of pixels in the image, determines the
amount of detail that can be captured.

Higher-resolution images contain more information and are suitable for applications
requiring precise analysis, whereas lower-resolution images occupy less storage space
but provide fewer details.

Noise may also be introduced during image acquisition due to electronic interference
or poor lighting conditions, which can reduce image quality.

Therefore, image enhancement techniques such as filtering, contrast adjustment, and
brightness correction are often applied before further processing.

Image representation is the process of storing and organizing a digital image in a
format that computers can understand and manipulate.

A digital image is represented as a two-dimensional matrix consisting of rows and
columns of pixels. Each pixel has a specific numerical value that represents its
intensity or color.

In a grayscale image, each pixel contains a single intensity value ranging from O to
255, where 0 represents black, 255 represents white, and values in between represent
different shades of gray.

In a binary image, only two values are used, typically 0 for black and 1 for white,
making it suitable for applications such as document scanning and object
segmentation.

Color images are usually represented using the RGB (Red, Green, Blue) color model,
where each pixel consists of three separate intensity values corresponding to the red,
green, and blue color channels.

By combining different intensities of these three colors, millions of different colors
can be represented.

Image representation provides the foundation for performing various image
processing operations.

Once an image is stored digitally, it can be enhanced, restored, compressed,
segmented, and analyzed.

Image enhancement techniques improve visual quality by adjusting brightness,
contrast, and sharpness. Noise reduction filters remove unwanted disturbances from
the image, while edge detection algorithms identify object boundaries by detecting
sudden changes in pixel intensity.

Segmentation techniques divide an image into meaningful regions to separate objects
from the background.

Feature extraction methods identify important characteristics such as edges, corners,
textures, and shapes, which are then used for object recognition, face detection,
medical diagnosis, and autonomous navigation.

These operations enable computers to interpret visual information accurately and
efficiently.

Image formation and representation play a vital role in numerous real-world
applications. In medical imaging, they assist doctors in diagnosing diseases using X-
rays, MRI, CT scans, and ultrasound images.



e In satellite imaging, they help monitor weather conditions, natural resources,
agriculture, and environmental changes.

e Security and surveillance systems rely on digital images for monitoring and
identifying suspicious activities.

e Autonomous vehicles use cameras and computer vision techniques to detect roads,
traffic signs, pedestrians, and obstacles for safe navigation.

e Robotics uses image representation to recognize objects and interact intelligently with
the environment.

e Similarly, facial recognition systems, biometrissc authentication, industrial inspection,
remote sensing, augmented reality, and machine learning applications all depend on
accurate image formation and efficient image representation.

e Therefore, image formation and representation serve as the foundation of computer
vision and image processing, enabling computers to capture, store, analyze, and
understand visual information for a wide range of practical applications.

5. Image Acquisition

1. Introduction

e Image acquisition is the first and most important step in any computer
vision or image processing system.

e Itisthe process of capturing a real world scene and converting it into a
digital image that can be stored and processed by a computer.

2 Purpose of Image Acquisition

e To capture visual information of objects or scenes.

e To convert optical information into electrical signals.

e To digitize the signals for computer processing and analysis.

e To provide input for further image processing and computer vision tasks

3. Image Acquisition Process

e Scene Hlumination: Light (natural or artificial) illuminates the object or
scene.

e Reflection/Emission: Theobjects reflect or emit light in different directions.

e Sensing: The reflected light enters the imaging sensor through an optical
system.

e Signal Conversion: The sensor converts the light into electrical signals.

e Digitization: The analog electrical signals are converted into digital values.

e Image Formation: The digital values are arranged as pixels to form a digital
image.

e Storage/Transmission: The image is stored in memory or transmitted for
processing.

4 Components of an Image Acquisition System

e lllumination Source: Provides necessary light. Can be natural (sunlight) or
artificial (LED, lamp, flash). Proper illumination improves image quality.

e Optics (Lens): Focuses the light from the scene onto the image sensor. The
quality of the lens affects sharpness, field of view and distortion.
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Image Sensor: Captures the light intensity at each point and converts
it into electrical signals. Common sensors: CCD (Charge Coupled
Device) and CMOS (Complementary Metal Oxide Semiconductor).

Analog to Digital Converter (ADC): Converts analog signals from the
sensor into digital data.

Frame Grabber: Hardware device that acquires the digital image from the
ADC and transfers it to the computer.

Computer/Memory: Stores the acquired image for further processing.

5 Types of Image Sensors

CCD (Charge Coupled Device): High image quality, low noise but
more power consumption and cost.

CMOS (Complementary Metal Oxide Semiconductor): Low power,
high speed, cheaper and widely used in modern cameras.

6 Factors Affecting Image Acquisition

IHlumination: Poor lighting causes dark or noisy images.

Sensor Resolution: Higher resolution gives more detail.

Focus and Lens Quality: Affect sharpness and clarity.

Exposure Time: Too high causes overexposure; too low causes underexposure.
Noise: Caused by sensor, environment or electronic circuits.

Frame Rate: Number of frames captured per second, important for video.



7 Importance
e Goodimage acquisition ensures high quality input for accurate analysis.
e Poor acquisition leads to loss of information and affects the performance of

subsequent tasks like enhancement, segmentation, feature extraction and
recognition.

6. Sampling and Quantization

e Sampling and quantization are two fundamental processes in computer vision and
image processing.

e They are used to convert a continuous analog image into a digital image that can be
stored, processed, and analyzed by a computer.

e Before a computer can process an image, the image must first be converted into
digital form. This conversion is achieved through the processes of sampling and
quantization.

e Sampling determines the spatial resolution of the image, while quantization
determines the intensity or color resolution.

e Together, these two processes form the basis of digital image acquisition and
representation.

SAMPLING

Sampling is the process of converting a continuous image into a discrete set of pixels.

1. Continuous Image

2. Sampling on a Grid

3. Low Sampling 4. High Sampling

Real World Scene
(Continuous Image)

Image divided into M x N grid.

Fewer samples (Low Resolution)
Loss of detail

More samples (High Resolution)
More detail and better quality

Each grid point is a sample (pixel).

Nyquist Sampling Theorem

« Fewer samples — Lower resolution and loss of detail. Sampling frequency should be at least

« Too low sampling causes aliasing (jagged edges, false patterns). | twice the highest frequency present in the image
I to avoid information loss (aliasing).
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Key Points Summary

* Quantization determines the intensity (or color) resolution.
* More bits — More intensity levels — Better quality.

« Fewer bits — Fewer intensity levels — Poor quality (banding effect).

Sampling decides HOW MANY PIXELS to use (spatial resolution).
Quantization decides HOW MANY INTENSITY LEVELS each pixel can have.
Both together form a digital image.




Sampling

Sampling is the process of converting a continuous image into a discrete set of pixels.
During sampling, the image is divided into a grid consisting of rows and columns, and
each grid point represents a pixel.

The number of pixels selected from the original image determines the image
resolution. If more samples are taken, the image contains more pixels and appears
sharper with greater detail.

On the other hand, if fewer samples are taken, the image contains fewer pixels and
loses fine details. Therefore, sampling controls the spatial resolution of a digital
image.

The resolution of an image is commonly represented by its width and height, such as
640 x 480, 1280 x 720, or 1920 x 1080 pixels.

Higher-resolution images provide better visual quality but require more storage space
and processing time.

The quality of sampling depends on the sampling frequency, which indicates how
many samples are taken from the continuous image.

According to the Nyquist Sampling Theorem, the sampling frequency should be at
least twice the highest frequency present in the image to avoid information loss.

If the sampling frequency is too low, distortion called aliasing occurs. Aliasing causes
jagged edges, missing details, and false patterns in the digital image.

Therefore, selecting an appropriate sampling rate is essential for preserving the
original image information.

Quantization

After sampling, the next step is quantization. Quantization is the process of assigning
a finite number of intensity values to each sampled pixel.

Since computers cannot represent an infinite number of brightness levels, each pixel
intensity is rounded to the nearest available digital value.

The number of intensity levels depends on the number of bits used to represent each
pixel. For example, a 1-bit image has only 2 intensity levels (0 and 1), representing
black and white.

A 2-bit image has 4 intensity levels, while an 8-bit grayscale image has 256
intensity levels (0-255). Similarly, a 24-bit color image uses 8 bits each for Red,
Green, and Blue channels, producing more than 16 million colors.

Quantization determines the gray-level resolution or color resolution of an image.
Images with more quantization levels have smoother brightness transitions and better
visual quality.

Images with fewer quantization levels show visible intensity jumps known as false
contouring or banding, where smooth color changes appear as distinct bands.
Increasing the number of bits improves image quality but also increases memory
requirements and storage space.

Therefore, an appropriate balance between image quality and storage efficiency must
be maintained.

Sampling and quantization work together during image digitization. First, sampling
determines where pixel values are measured, and then quantization determines what
intensity value is assigned to each pixel.



If sampling is poor, important image details may be lost even if quantization is
excellent. Similarly, if quantization is poor, the image may lose brightness details
despite having high spatial resolution.

Thus, both processes are equally important for obtaining high-quality digital images.
The importance of sampling and quantization can be observed in many real-world
applications. In medical imaging, high-resolution sampling and fine quantization
help doctors detect small abnormalities in X-ray, CT, and MRI images.

In satellite imaging, proper sampling captures detailed geographical information for
weather forecasting, agriculture, and environmental monitoring.

In digital photography, high-resolution cameras use millions of pixels and high bit-
depth sensors to produce detailed and realistic images.

In surveillance systems, appropriate sampling and quantization improve face
recognition and object detection.

Autonomous vehicles also rely on high-quality sampled and quantized images for lane
detection, obstacle recognition, and traffic sign identification.

Several factors influence sampling and quantization. These include camera resolution,
sensor quality, bit depth, image compression, storage capacity, and processing speed.
Increasing the number of pixels improves spatial resolution, while increasing the bit
depth improves intensity resolution.

However, both also increase memory usage and computational complexity. Therefore,
image acquisition systems are designed to achieve an optimal balance between image
quality, storage requirements, and processing efficiency.

Sampling and quantization are essential steps in converting analog images into digital
images.

Sampling divides a continuous image into discrete pixels and determines the image's
spatial resolution, whereas quantization assigns digital intensity values to those pixels
and determines the image's intensity resolution.

Together, they enable computers to store, process, analyze, and interpret visual
information accurately.

These processes form the foundation of computer vision and image processing and are
widely used in applications such as medical imaging, remote sensing, industrial
automation, robotics, surveillance, autonomous vehicles, and artificial intelligence.
Understanding sampling and quantization is essential for designing efficient image
acquisition systems and developing reliable computer vision applications.

. Color Spaces

Color spaces are an essential concept in computer vision and image processing. A
color space is a mathematical model used to represent colors in a standardized and
organized manner.

It defines how colors are described using numerical values so that computers can
capture, store, process, display, and analyze color images efficiently.

Since computers cannot understand colors directly, color spaces convert colors into
numerical components that can be manipulated using image processing algorithms.
Different color spaces are designed for different applications such as image
enhancement, object detection, color segmentation, compression, and image
recognition.



The most commonly used color space is the RGB (Red, Green, Blue) color space. It
is an additive color model in which colors are created by combining different
intensities of red, green, and blue light.

Each color channel typically uses 8 bits, giving intensity values from 0 to 255. By
combining these three channels, more than 16 million colors can be represented.

COLOR SPACES

Different way to represent colors in images
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For example, (255, 0, 0) represents pure red, (0, 255, 0) represents pure green, (0, 0,
255) represents pure blue, (255, 255, 255) represents white, and (0, 0, 0) represents
black.

RGB is widely used in digital cameras, computer monitors, televisions, and image
acquisition systems because display devices generate colors using red, green, and blue
light.

Another important color space is Grayscale. Unlike RGB, a grayscale image contains
only one intensity value for each pixel instead of three color components.

The intensity values range from 0 (black) to 255 (white), with intermediate values
representing different shades of gray.

Grayscale images require less memory than color images and are commonly used in
medical imaging, document processing, edge detection, and image segmentation
where color information is not essential.

The HSV (Hue, Saturation, Value) color space is another widely used model in
computer vision. It represents colors in a way that is similar to human perception.

Hue represents the actual color such as red, green, or blue. Saturation represents the
purity or intensity of the color, while Value represents the brightness of the color.
HSV separates color information from brightness, making it highly suitable for color-
based object detection, image segmentation, and tracking applications.




Since lighting conditions mainly affect the Value component, HSV provides better
performance than RGB in varying illumination conditions.

Another commonly used color model is HSI (Hue, Saturation, Intensity). Similar to
HSV, HSI separates color information from brightness.

The Intensity component represents the overall brightness of the image, while Hue
and Saturation describe the color properties.

HSI is frequently used in image enhancement, medical image analysis, and remote
sensing because it allows brightness adjustments without affecting color information.
The YCDbCr color space is widely used in digital image and video compression. In
this model, Y represents the luminance (brightness) component, while Cb and Cr
represent the blue-difference and red-difference chrominance components.

Since the human eye is more sensitive to brightness than color, YCbCr allows
efficient image compression by reducing the chrominance information without
significantly affecting visual quality.

It is commonly used in JPEG image compression, MPEG video compression, digital
television, and video streaming.

The CMYK (Cyan, Magenta, Yellow, Black) color space is mainly used in color
printing. Unlike RGB, which is an additive color model, CMYK is a subtractive color
model.

Colors are produced by subtracting light reflected from white paper using cyan,
magenta, yellow, and black inks.

This color space is widely used in printers, publishing, and graphic design industries
to produce high-quality printed images.

Different color spaces are selected depending on the application. RGB is suitable for
image display and acquisition.

HSV and HSI are preferred for color-based image analysis because they separate
color information from brightness.

Grayscale is used when color information is unnecessary, reducing computational
complexity. YCbCr is ideal for image and video compression, while CMYK is
specifically designed for printing applications.

Choosing the appropriate color space improves the accuracy and efficiency of image
processing algorithms.

Color space conversion is another important operation in computer vision. Images are
often converted from one color space to another depending on the application.

For example, an RGB image may be converted to HSV for object detection or to
Grayscale for edge detection. Similarly, RGB images are converted to YCbCr before
compression in JPEG or MPEG standards. These conversions enable image
processing algorithms to perform more effectively under different conditions.

Color spaces have numerous real-world applications. In face detection, HSV and
YCbCr are used to detect skin color.

In medical imaging, grayscale images simplify the analysis of X-rays, CT scans, and
MRI images. In autonomous vehicles, color spaces help identify traffic lights, road
signs, and lane markings.

In remote sensing, satellite images are analyzed using different color models to
classify land, water, and vegetation.

Industrial inspection uses color spaces to detect product defects and identify objects.
Robotics, surveillance systems, image retrieval, object recognition, augmented
reality, and artificial intelligence also rely on appropriate color spaces for accurate
image analysis.



Color spaces provide a systematic way to represent and process color information in
digital images.

They enable computers to capture, store, analyze, and manipulate colors efficiently.
Different color spaces are designed for different purposes, and selecting the
appropriate color space improves the performance of computer vision and image
processing algorithms.

Understanding color spaces is therefore essential for developing efficient applications
in medical imaging, surveillance, robotics, autonomous vehicles, multimedia, and
artificial intelligence.

8. Point Operations

Point operations are one of the simplest and most important image processing
techniques used in computer vision.

A point operation modifies the value of each pixel independently without considering
the values of neighboring pixels. In other words, the output value of a pixel depends
only on its corresponding input pixel value.

These operations are widely used for image enhancement, brightness adjustment,
contrast improvement, image thresholding, and intensity transformation.

Since each pixel is processed individually, point operations are computationally
efficient and suitable for real-time image processing applications.

The basic principle of a point operation is that a mathematical function is applied to
every pixel in the image. If the input image is represented as f(X, y) and the output
image as g(X, y), then the relationship can be expressed as:

a(x, y) = T[f(x, y)]

Where T is the transformation function applied to each pixel independently. The

transformation function changes the pixel intensity while keeping its position unchanged.
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Point Operations

8.1 Brightness Adjustment

e One of the most common point operations is brightness adjustment. Brightness
adjustment increases or decreases the intensity values of all pixels by adding or
subtracting a constant value.

e Increasing brightness makes the image appear lighter, while decreasing brightness
makes it darker. This operation is useful when images are captured under poor
lighting conditions or require illumination correction.

8.2 Contrast Adjustment.

e Another important point operation is contrast adjustment. Contrast refers to the
difference between the darkest and brightest regions in an image.

e Contrast enhancement improves the visibility of image details by stretching or
compressing the range of intensity values.



High contrast produces clearer and sharper images, while low contrast results in dull
and faded images. Contrast adjustment is widely used in medical imaging, satellite
imaging, and digital photography.

8.3 Image Negative Transformation

Image negative transformation is another commonly used point operation. In this
technique, each pixel intensity is replaced by its complement. For an 8-bit grayscale
image, the transformation is given by

s=255-r

Where r is the input pixel value and s is the output pixel value. Dark regions become
bright, and bright regions become dark.

Negative transformation is useful for enhancing white or gray details embedded in
dark regions, especially in medical images and X-ray analysis.

8.4 Thresholding

Thresholding is an important point operation used for image segmentation.

It converts a grayscale image into a binary image by selecting a threshold value.
Pixels with intensity values greater than the threshold are assigned one value (usually
255), while pixels below the threshold are assigned another value (usually 0).
Thresholding simplifies the image and makes object detection easier. It is widely used
in document scanning, character recognition, and industrial inspection.

8.5 Logarithmic Transformation

Logarithmic transformation is another point operation used to enhance dark regions
of an image.

It expands low-intensity pixel values while compressing high-intensity values. This
transformation improves the visibility of details present in dark areas without
excessively brightening already bright regions.

Log transformation is commonly used in medical imaging, astronomical image
processing, and scientific imaging.

8.6 Power-Law Transformation

Power-law transformation, also known as Gamma Correction, adjusts image
brightness according to a power function. It is represented by:

s=¢cXrv

Where y (gamma) controls the brightness of the output image. Gamma correction is
widely used in televisions, computer monitors, digital cameras, and display systems to
compensate for device characteristics and improve image appearance.

8.7 Gray-Level Slicing

Another useful point operation is gray-level slicing. This technique highlights a
specific range of intensity values while suppressing the remaining pixel values.
Gray-level slicing is useful for emphasizing particular features in medical images,
satellite images, and industrial inspection systems.



8.8 Bit-Plane Slicing

Bit-plane slicing is another point operation that separates an image into different
binary layers based on individual bits of the pixel values.

Each bit plane contains different levels of image information. Higher-order bit planes
contain the most important visual information, while lower-order bit planes mainly
contain fine details and noise.

Bit-plane slicing is wuseful in image compression, feature extraction, and
watermarking.

Applications of Point Operations

Point operations are computationally simple because they process each pixel
independently. They require less memory and execute quickly compared to
neighborhood operations that consider surrounding pixels.

However, point operations cannot remove complex noise or detect spatial
relationships because they ignore neighboring pixels. For such tasks, spatial filtering
techniques are preferred.

Point operations have numerous applications in computer vision and image
processing. They are used in medical imaging to improve X-ray, MRI, and CT scan
images.

In remote sensing, they enhance satellite images for land-use analysis and
environmental monitoring. In industrial inspection, they improve image quality for
defect detection and quality control.

Face recognition, biometric systems, document processing, optical character
recognition (OCR), surveillance systems, robotics, and autonomous vehicles also
use point operations to enhance images before further analysis.

The advantages of point operations include simplicity, fast execution, low
computational cost, and ease of implementation.

They effectively improve image appearance through brightness and contrast
enhancement. However, their main limitation is that they process each pixel
independently and do not consider neighboring pixel information.

As a result, they are not suitable for removing blur, reducing complex noise, or
detecting textures.

Point operations are fundamental image enhancement techniques in computer vision
and image processing.

They modify individual pixel values using mathematical transformations without
considering neighboring pixels.

Common point operations include brightness adjustment, contrast enhancement,
image negative transformation, thresholding, logarithmic transformation, gamma
correction, gray-level slicing, and bit-plane slicing.

These operations improve image quality and prepare images for higher-level
processing tasks such as segmentation, feature extraction, object recognition, and
classification.

Therefore, point operations serve as an essential preprocessing step in many computer
vision and image processing applications.



9. Histogram Processing

Histogram processing is one of the most important image enhancement techniques
used in computer vision and image processing.

A histogram is a graphical representation of the distribution of pixel intensity values
in a digital image.

It shows the number of pixels corresponding to each intensity level. Histogram
processing helps analyze the brightness, contrast, and overall quality of an image.

It is widely used to improve image appearance and prepare images for further
processing tasks such as segmentation, feature extraction, object recognition, and
classification.

A digital image consists of pixels, and each pixel has an intensity value. In an 8-bit
grayscale image, pixel values range from 0 to 255, where 0 represents black, 255
represents white, and the intermediate values represent different shades of gray.

A histogram plots these intensity values on the horizontal axis and the number of
pixels having each intensity value on the vertical axis.

By observing the histogram, one can determine whether an image is dark, bright, or
has good contrast.

Histogram processing helps identify the overall brightness of an image. If most of the
pixel values are concentrated near 0, the image appears dark.

If the pixel values are concentrated near 255, the image appears bright. If the pixel
values are spread across the entire intensity range from 0 to 255, the image has good
contrast. Therefore, histogram analysis provides valuable information about image
quality before applying enhancement techniques.
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9.1 Histogram Stretching

e One of the most common histogram processing techniques is Histogram Stretching,
also called Contrast Stretching.

e In this technigue, the range of intensity values is expanded to utilize the full available
intensity range.

e This increases the difference between dark and bright regions, thereby improving
image contrast.



e Contrast stretching is especially useful for images with poor lighting or low contrast.
It enhances image details without significantly changing the overall appearance.

9.2 Histogram Equalization

e Another important technique is Histogram Equalization. Histogram equalization
automatically redistributes pixel intensity values so that they are spread more
uniformly across the available intensity range.

e This improves the global contrast of the image and makes hidden details more visible.
Histogram equalization is widely used in medical imaging, satellite image analysis,
surveillance systems, and low-light photography.

e |t is particularly effective when the original image has poor contrast caused by
improper lighting conditions.

9.3 Adaptive Histogram Equalization (AHE).

e A more advanced version of histogram equalization is Adaptive Histogram
Equalization (AHE).

e Unlike ordinary histogram equalization, which processes the entire image, AHE
divides the image into small regions and enhances each region separately.

e This improves local contrast and reveals fine details in different parts of the image.
However, AHE may also amplify image noise in uniform regions.

9.4 Contrast Limited Adaptive Histogram Equalization

e To overcome this limitation, Contrast Limited Adaptive Histogram Equalization
(CLAHE) is used. CLAHE limits the amount of contrast enhancement to prevent
excessive noise amplification.

e It produces better image quality than ordinary AHE and is widely used in medical
image analysis, industrial inspection, and scientific imaging.

9.5 Threshold Selection.

e Histogram processing is also useful for threshold selection. The histogram helps
determine an appropriate threshold value for separating objects from the background
during image segmentation.

e Peaks in the histogram often represent different objects or regions, making threshold-
based segmentation easier and more accurate.

9.6 Histogram Specification

e Histogram matching, also known as histogram specification, is another useful
histogram processing technique.

e In this method, the histogram of one image is transformed so that it matches the
histogram of a reference image.

e Histogram matching is commonly used in remote sensing, medical imaging, and
image normalization to maintain consistent image appearance across multiple images.

e Histogram processing provides several advantages. It improves image brightness and
contrast, enhances hidden details, simplifies image analysis, and prepares images for
further processing.



e It is computationally efficient, easy to implement, and suitable for real-time image
processing applications.

e Since histogram operations are based on pixel intensity distributions, they can be
applied to both grayscale and color images.

e Despite its advantages, histogram processing has certain limitations. Standard
histogram equalization enhances the entire image uniformly and may over-enhance
some regions while under-enhancing others.

e It may also increase image noise in low-light images. For color images, histogram
equalization must be applied carefully because processing each color channel
independently may produce unrealistic colors.

e Therefore, color spaces such as HSV or YCbCr are often used when applying
histogram enhancement to color images.

e Histogram processing plays an important role in many computer vision applications.
In medical imaging, it improves the visibility of X-ray, MRI, CT scan, and
ultrasound images for accurate diagnosis.

e In remote sensing, it enhances satellite images for environmental monitoring,
agriculture, and land-use analysis.

e Inindustrial inspection, histogram processing improves defect detection and quality
control.

e Insurveillance systems, it enhances images captured under poor lighting conditions.

e Itis also widely used in face recognition, autonomous vehicles, robotics, document
processing, biometric systems, and digital photography to improve image quality
before further analysis.

e Modern computer vision systems frequently use histogram processing as a
preprocessing step before applying advanced techniques such as edge detection,
segmentation, feature extraction, object detection, and machine learning algorithms.

e High-quality histogram enhancement improves the accuracy of these operations by
increasing image clarity and visibility.

e Histogram processing is a powerful image enhancement technique that analyzes and
modifies the distribution of pixel intensity values in an image.

e It helps improve brightness, contrast, and image quality while preserving important
visual information.

e Common histogram processing techniques include histogram stretching, histogram
equalization, adaptive histogram equalization (AHE), contrast-limited adaptive
histogram equalization (CLAHE), and histogram matching.

e These techniques are widely used in computer vision and image processing for
medical imaging, surveillance, remote sensing, industrial inspection, robotics,
autonomous vehicles, and many other applications.

e Understanding histogram processing is essential for developing efficient image
enhancement systems and improving the performance of computer vision algorithms.

10. Spatial Filtering

e Spatial filtering is one of the most important image enhancement techniques used in
Computer Vision and Image Processing.

e It is used to improve image quality by reducing noise, sharpening image details, and
detecting important features such as edges and boundaries.

e Unlike point operations, which process each pixel independently, spatial filtering uses
the values of neighboring pixels to determine the new value of a pixel.



This helps preserve local image characteristics and produces more meaningful image
enhancement. Spatial filtering is widely used as a preprocessing step before image
segmentation, feature extraction, object detection, and pattern recognition.

Spatial filtering is performed by moving a small matrix called a filter, kernel, or
mask across the image.

At each position, mathematical operations are performed on the pixels covered by the
kernel, and the computed value replaces the original pixel value. The most commonly
used kernel sizesare 3 x 3,5 x5, and 7 x 7.

The size and values of the kernel determine the type of filtering operation.

Spatial filters are mainly classified into Smoothing Filters and Sharpening Filters.
Smoothing filters, also known as Low-Pass Filters (LPFs), are used to reduce image
noise and smooth intensity variations.

The Mean Filter replaces each pixel with the average value of its neighboring pixels,
effectively reducing random noise but slightly blurring edges.

The Gaussian Filter assigns higher weights to pixels near the center of the kernel,
producing better smoothing while preserving edges more effectively than the Mean
Filter.

The Median Filter replaces the center pixel with the median value of neighboring
pixels and is highly effective in removing salt-and-pepper noise while preserving
sharp edges.

Sharpening filters, also called High-Pass Filters (HPFs), are used to enhance edges
and fine image details.

The Laplacian Filter uses second-order derivatives to detect rapid intensity changes
and highlight object boundaries.

The Sobel Filter calculates image gradients in the horizontal and vertical directions to
detect edges and is widely used in edge detection and object recognition.

The Prewitt Filter is similar to the Sobel filter but uses a simpler kernel, while the
Roberts Cross Operator detects edges along diagonal directions.

Spatial filtering is based on the mathematical operation called convolution. During
convolution, the filter kernel slides over the image, and the output pixel value is
obtained by multiplying corresponding image and kernel values and then summing
the results.

Convolution is also the foundation of Convolutional Neural Networks (CNNs) used
in deep learning and modern computer vision applications.

Spatial filtering offers several advantages. It effectively removes noise, improves
image quality, enhances edge visibility, and prepares images for advanced processing
tasks. However, excessive smoothing may blur important image details, while
excessive sharpening may amplify image noise.

Therefore, selecting an appropriate filter and kernel size is essential for achieving
high-quality results.

Spatial filtering has numerous applications in medical imaging, satellite image
processing, remote sensing, industrial inspection, surveillance systems, digital
photography, robotics, autonomous vehicles, face recognition, biometric systems,
document processing, and artificial intelligence.

Because of its simplicity, efficiency, and ability to improve image quality, spatial
filtering remains one of the most fundamental and widely used techniques in modern
computer vision and image processing.

It provides high-quality images for accurate analysis, feature extraction, object
recognition, and decision-making, making it an essential topic for image processing
applications.



11. Fourier Transform (DFT)

The Discrete Fourier Transform (DFT) is one of the most important mathematical
techniques used in Computer Vision and Image Processing.

It converts a digital image from the spatial domain (pixel values) into the frequency
domain, where the image is represented by different frequency components.

In the frequency domain, low-frequency components represent smooth regions and
gradual intensity changes, while high-frequency components represent edges,
textures, fine details, and noise. By separating these frequency components, the DFT
makes image analysis and processing more effective.

The two-dimensional DFT is mathematically represented as:

F(u,v)=)x=0M—1> y=0N—-11(x,y)e—j2n(uxM+vyN)F(u,v)=\sum_{x=0}{ M-
1Hsum_{y=0}{N-1}(x,y)e{-
j2\piNleft(\frac{ux}{M}+\frac{vy}{N}Hright) } F(u,v)=x=0> M—1y=03 N—1
f(x,y)e—j2n(Mux+Nvy)

where f(x, y) is the input image, F(u, v) is the frequency-domain representation, M
and N are the image dimensions, and j is the imaginary unit.

The output of the DFT is called the Fourier Spectrum, which consists of the
magnitude spectrum and the phase spectrum.

The magnitude spectrum indicates the strength of different frequencies, while the
phase spectrum preserves the structural information of the image.

To reconstruct the processed image, the Inverse Discrete Fourier Transform
(IDFT) is applied.

One of the major applications of DFT is frequency-domain filtering. A Low-Pass
Filter (LPF) removes high-frequency components to reduce noise and smooth the
image.

A High-Pass Filter (HPF) removes low-frequency components and highlights edges
and fine details. A Band-Pass Filter (BPF) allows only a selected range of
frequencies to pass, making it useful for specific image analysis tasks.

The Fast Fourier Transform (FFT) is an efficient algorithm that computes the DFT
much faster, reducing computational time and making real-time image processing
possible.

The DFT offers several advantages. It simplifies image filtering, enhancement,
restoration, compression, and feature extraction.

It is highly effective for removing periodic noise, detecting textures, and identifying
repetitive patterns that are difficult to observe in the spatial domain.

However, the DFT requires more computational resources than spatial-domain
methods, and improper filtering may introduce artifacts into the restored image.

The DFT is widely used in medical imaging, satellite image processing, digital
photography, industrial inspection, face recognition, fingerprint analysis,
surveillance systems, and robotics.

It also plays an important role in image compression, where only significant
frequency components are stored to reduce file size while maintaining image quality.
Modern Artificial Intelligence (Al) and Deep Learning systems also use DFT-based
preprocessing to improve image quality and enhance the accuracy of image
classification and object detection.

Therefore, the Discrete Fourier Transform (DFT) remains one of the most powerful
and widely used tools in modern computer vision and image processing.



12. Image Restoration

e Image restoration is an important technique in Computer Vision and Image
Processing that aims to recover the original image from a degraded or distorted
image.

e During image acquisition, transmission, or storage, images may become blurred,
noisy, or damaged due to camera motion, poor focus, sensor noise, atmospheric
conditions, or transmission errors.

e Unlike image enhancement, which improves the visual appearance of an image,
image restoration attempts to recover the original image by modeling the degradation
process.

e The main causes of image degradation are noise and blur. Noise introduces random
variations in pixel intensity due to electronic sensors or communication channels.

e While blur occurs because of camera movement, object motion, incorrect focus, or
atmospheric turbulence. Other degradations include compression artifacts, dust,
scratches, and missing pixels, which reduce image quality and make image analysis
difficult.

e The objective of image restoration is to remove unwanted distortions while preserving
important image details. A general image degradation model is represented as:

e g(x,y) =h(x,y) * f(x, y) + n(x, y)

e Where f(x, y) is the original image, h(x, y) is the degradation (blur) function, n(x, y)
is noise, * denotes convolution, and g(x, y) is the degraded image.

e The restoration process estimates the original image from the degraded image.

Noise Reduction Filtering

e Several restoration techniques are commonly used. Noise Reduction Filtering
applies Mean, Median, and Gaussian filters to remove different types of noise.

Inverse Filtering

e Inverse Filtering restores images by applying the inverse of the degradation function
but is sensitive to noise.

Wiener Filter

e The Wiener Filter reduces both blur and noise by minimizing the Mean Square Error
(MSE), making it one of the most effective restoration methods.

Blind Image Restoration

e Blind Image Restoration estimates both the blur function and the original image
when the degradation function is unknown.

Motion Blur Restoration

e Motion Blur Restoration removes blur caused by camera or object movement.



Image Deconvolution

Image Deconvolution restores images by estimating the Point Spread Function
(PSF).

Image restoration can be performed in the Spatial Domain, where pixel values are
directly modified, or in the Frequency Domain, where techniques such as the
Discrete Fourier Transform (DFT) are used to remove blur and periodic noise.

The advantages of image restoration include improved image quality, reduced noise,
sharper images, and increased accuracy of computer vision algorithms.

However, accurate restoration requires knowledge of the degradation model, and
some methods are computationally expensive.

Image restoration is widely used in medical imaging, satellite and remote sensing,
digital photography, surveillance systems, astronomy, robotics, autonomous
vehicles, industrial inspection, biometric systems, and forensic image analysis.
Modern Artificial Intelligence (Al) and Convolutional Neural Networks (CNNs)
have further improved image restoration by achieving high accuracy in image
denoising, deblurring, super-resolution, and image in painting.

Therefore, image restoration is an essential process for improving image quality and
enhancing the performance of modern computer vision systems.

Unit-1: Computer Vision and Image Processing

Short Answer Questions

CoNoOR~wWNE

Define Computer Vision and Image Processing.

Differentiate between Computer Vision and Image Processing.
Mention the scope and applications of Computer Vision.

Write a short note on the historical development of image processing.
What is image acquisition? List different image acquisition methods.
Define digital image and pixel.

What is image representation?

Define sampling in digital image processing.

What is quantization? Why is it important?

. Differentiate between sampling and quantization.

. What is a color space? Give examples of color models.

. Explain the RGB color model briefly.

. What are point operations in image processing?

. Define histogram processing and mention its applications.

. What is the Discrete Fourier Transform (DFT)? Mention its applications in frequency

domain processing.

Long Answer Questions

1.

w

Define Computer Vision and Image Processing. Explain their scope, objectives, and
differences with suitable examples.

Discuss the historical development and major applications of Computer Vision and
Image Processing.

Explain image formation and representation in detail with a neat diagram.

Describe various image acquisition methods used in digital image processing systems.



10.

11.

12.

Explain sampling and quantization and discuss their importance in converting an
analog image into a digital image.

What are color spaces and color models? Explain RGB, HSV, CMY, and YCbCr
color models with applications.

Explain point operations in image processing, including brightness adjustment and
contrast enhancement techniques.

Define histogram processing. Explain histogram equalization and histogram
specification with suitable examples.

Discuss spatial filtering techniques in detail. Explain smoothing and sharpening
filters.

Explain the Discrete Fourier Transform (DFT) and discuss its properties and
applications in image processing.

Explain filtering in the frequency domain and discuss low-pass and high-pass filters
with suitable diagrams.

Explain the concept of image restoration and discuss various image degradation and
restoration techniques.



UNIT-2

1. Edge Detection and Feature Extraction

Edge Detection and Feature Extraction are two of the most fundamental concepts in

Computer Vision and Image Processing. They help computers identify and understand the
important parts of an image while ignoring unnecessary information. These techniques are
widely used in applications such as object detection, image segmentation, face recognition,
medical imaging, robotics, autonomous vehicles, and surveillance systems. By detecting
significant image features, computers can analyze images more accurately and perform
various vision-based tasks efficiently.

Edge Detection

Edge Detection is the process of identifying the boundaries of objects within an
image. An edge is formed wherever there is a sudden change in pixel intensity,
brightness, or color.

These intensity changes usually indicate the border between two different objects or
regions.

Detecting edges is one of the first steps in image analysis because edges contain
valuable information about the shape and structure of objects.

Instead of processing every pixel, edge detection focuses only on object boundaries,
reducing the amount of data while preserving important image details.

Edge detection works by calculating the intensity differences between neighboring
pixels.

Before detecting edges, smoothing techniques such as the Gaussian filter are often
applied to remove image noise.

After smoothing, gradient-based operators calculate intensity changes in horizontal
and vertical directions to identify edge locations.

Common edge detection operators include Sobel, Prewitt, Roberts, Laplacian, and
Canny.

Among these, the Canny Edge Detector is considered the most accurate because it
uses Gaussian smoothing, gradient calculation, non-maximum suppression, double
thresholding, and edge tracking to produce thin, continuous, and accurate edges while
minimizing false edge detection.

A good edge detection algorithm should detect all meaningful edges, avoid false
edges caused by noise, accurately locate edge positions, and produce thin and
continuous edge lines.

These characteristics improve image quality and make further image analysis more
reliable.



Example Image for edge detection

Original Image Edge Detection Result

Feature Extraction

e Feature Extraction is the process of identifying and extracting meaningful
information from an image for analysis, recognition, and classification.

e A feature is any distinctive characteristic such as an edge, corner, texture, shape, or
contour.

e Instead of using raw pixel values, feature extraction converts an image into a compact
set of numerical descriptors that represent its important characteristics.

e This reduces data size while preserving useful information for computer vision tasks.

e Feature extraction is essential in machine learning because algorithms perform better
with meaningful features than with raw image data.

e Good features should be unique, repeatable, resistant to noise, and stable under
changes in illumination, rotation, and scale.

e Popular feature extraction techniques include Harris Corner Detection, SIFT
(Scale-Invariant Feature Transform), SURF (Speeded-Up Robust Features), and
ORB (Oriented FAST and Rotated BRIEF).

e These methods are widely used for object recognition, image matching, image
stitching, 3D reconstruction, and visual tracking.

e Edge detection and feature extraction are closely related because detected edges
provide the basis for extracting higher-level image features such as corners, textures,
and shapes.

e Together, they enable computers to understand image content more effectively and
improve the performance of computer vision systems.



e These techniques have numerous applications in face recognition, fingerprint
identification, medical image analysis, autonomous vehicles, robotic navigation,
industrial inspection, satellite image analysis, surveillance, and pattern recognition.

e In modern deep learning systems, neural networks automatically learn image features
during training.

e However, traditional edge detection and feature extraction methods remain
fundamental concepts in Computer Vision and Image Processing and continue to play
an important role in many practical applications.

1.1 Gradient Operators (Sobel and Prewitt)

1.1.1 Sobel Operator

e The Sobel Operator is a popular edge detection technique used in Computer Vision

and Image Processing.

e It is used to identify the boundaries of objects in an image.
The Sobel operator is based on the image gradient concept.
It measures the change in pixel intensity between neighboring pixels.
A large intensity change indicates the presence of an edge.
The Sobel operator uses two 3 x 3 convolution kernels.
One kernel detects horizontal edges (Gx).
The other kernel detects vertical edges (Gy).
These kernels are applied to the input image separately.
The image is usually converted to grayscale before applying the Sobel operator.
Convolution is performed between the image and each kernel.
The horizontal kernel calculates the horizontal gradient.
The vertical kernel calculates the vertical gradient.
e The gradient values indicate the strength of edges.
e The overall edge magnitude is calculated using both gradients.
e The edge magnitude is computed using G = V(Gx? + Gy?).
e An approximate formula is G = |Gx| + |Gy|.
Pixels with higher gradient values represent stronger edges.
The Sobel operator also performs slight smoothing, reducing small amounts of noise.
It is simple and easy to implement.
It is computationally efficient and fast.
The Sobel operator detects edges in different directions.
It is widely used in object detection.
It is also used in image segmentation.
Medical image analysis uses the Sobel operator to detect organ boundaries.
It is useful in face detection and biometric systems.
Satellite image analysis also uses Sobel edge detection.
One limitation is that it produces relatively thick edges.
It is more sensitive to noise than the Canny edge detector.
Overall, the Sobel Operator is an effective and widely used method for detecting
edges and extracting image features in Computer Vision and Image Processing.
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1.1.2 Prewitt Operator

e The Prewitt Operator is a gradient-based edge detection technique used in Computer
Vision and Image Processing.

e |t is used to detect the boundaries of objects in an image.

e The Prewitt operator calculates the intensity change between neighboring pixels.

e A large intensity change indicates the presence of an edge.

e Ituses two 3 x 3 convolution kernels.

e One kernel detects horizontal edges (Gx).

The other kernel detects vertical edges (Gy).

The input image is usually converted into a grayscale image.

The horizontal kernel is applied to calculate the X-direction gradient.

The vertical kernel is applied to calculate the Y-direction gradient.

The X-direction kernel is:

[-1 0 1
-1 01
-1 01]

e The Y-direction kernel is:




Each kernel is convolved with the input image.

The horizontal kernel detects left-to-right intensity changes.

The vertical kernel detects top-to-bottom intensity changes.

The gradient magnitude is calculated using G = V(Gx? + Gy?).

An approximate formula is G = |Gx| + |Gy|.

Strong gradient values represent strong edges.

Weak gradient values represent weak edges.

The Prewitt operator is simple and easy to implement.

It requires less computational cost.

It detects both horizontal and vertical edges effectively.

It is widely used for edge detection in digital images.

It is useful in image segmentation applications.

It is used in object detection and pattern recognition.

It is also used in medical image processing.

The Prewitt operator is sensitive to image noise.

It produces thicker edges than the Canny edge detector.

It is less accurate than the Sobel operator because it gives equal weight to neighboring
pixels.

Overall, the Prewitt Operator is a simple and effective edge detection method used
for extracting object boundaries and important features in Computer Vision and
Image Processing.

1.2 Canny Edge Detector

The Canny Edge Detector is one of the most accurate and widely used edge
detection algorithms in Computer Vision and Image Processing.

It was developed by John F. Canny in 1986 to detect object boundaries while
minimizing the effects of image noise.

Unlike simple gradient operators such as Sobel and Prewitt, the Canny algorithm uses
multiple processing stages to produce thin, continuous, and well-defined edges.

It is considered the standard edge detection technique because it provides high
detection accuracy and excellent localization of edges.

The Canny Edge Detector is widely used in image segmentation, object recognition,
medical imaging, autonomous vehicles, robotics, and surveillance systems.

The Canny Edge Detection algorithm consists of five main steps.

The first step is Noise Reduction, where a Gaussian filter is applied to smooth the
image and remove unwanted noise. This step is important because noise can create
false edges and reduce detection accuracy.

The second step is Gradient Calculation, where the intensity changes in the
horizontal and vertical directions are calculated using gradient operators such as
Sobel. The gradient magnitude and direction are then computed to identify potential
edge pixels.

The third step is Non-Maximum Suppression, which removes unnecessary edge
pixels and keeps only the strongest edge points. This process produces thin edges by
suppressing pixels that are not local maxima.



The fourth step is Double Thresholding, where two threshold values, a high
threshold and a low threshold, are used to classify pixels into strong edges, weak
edges, and non-edge pixels. Strong edges are immediately accepted, while weak edges
require further analysis.

The final step is Edge Tracking by Hysteresis, where weak edges connected to
strong edges are preserved, and isolated weak edges are removed. This process
ensures continuous and accurate edge detection.

The Canny Edge Detector satisfies three important criteria for good edge detection.
First, it provides high detection accuracy by identifying most of the real edges in an
image.

Second, it offers good localization, meaning the detected edges are very close to the
actual object boundaries.

Third, it produces single-pixel-wide edges, making the output clear and easy to
analyze.

The Canny algorithm has several advantages. It provides excellent noise immunity
because of Gaussian smoothing.

It detects weak and strong edges effectively using double thresholding. It produces
thin, continuous, and accurate edges with fewer false detections than other edge
detection methods.

It is reliable under different lighting conditions and works well for complex images
containing multiple objects.

However, the Canny Edge Detector also has some limitations. It is computationally
more complex than Sobel and Prewitt operators because it involves multiple
processing stages.

The performance depends on selecting appropriate threshold values and Gaussian
filter size. If the thresholds are not chosen correctly, important edges may be missed
or unnecessary edges may appear.

It also requires more processing time, making it less suitable for very high-speed
applications with limited computational resources.

Applications

The Canny Edge Detector is widely used in image segmentation, object detection,
face recognition, medical image analysis, fingerprint recognition, industrial
guality inspection, satellite image processing, autonomous vehicles, robotics,
machine vision, and surveillance systems.

It helps computers accurately identify object boundaries, making subsequent image
analysis more reliable. Because of its high accuracy, strong noise resistance, and
excellent edge localization,.

the Canny Edge Detector is considered one of the best edge detection algorithms
in Computer Vision and Image Processing and remains one of the most widely
used techniques in modern image analysis applications.

1.3 Corner and Interest Point Detection

Corner and Interest Point Detection is an important feature extraction technigue in
Computer Vision and Image Processing.

It is used to identify distinctive points in an image that can be detected and matched
reliably under different viewing conditions.



e Unlike edges, which represent intensity changes in one direction, corners are points
where the image intensity changes in two or more directions.

e These points contain rich visual information and are useful for recognizing and
tracking objects.

e Therefore, corner and interest point detection plays a key role in image matching,
object recognition, image stitching, motion tracking, and 3D reconstruction.

e A corner is formed where two or more edges meet or where the direction of an edge
changes sharply.

e An interest point is any unique image location that can be repeatedly detected and
used for matching objects in different images.

e These points remain stable even when the image undergoes changes in rotation, scale,
or illumination, making them reliable features for computer vision applications.

e Corner detection algorithms examine the intensity variation around each pixel. If the
intensity changes significantly in both horizontal and vertical directions, the pixel is
identified as a corner.

e If the intensity changes in only one direction, it is classified as an edge, while little or
no intensity change indicates a flat region.

e Several algorithms are available for corner and interest point detection.

e The Harris Corner Detector is one of the most popular methods and detects corners
by measuring intensity variations in different directions.

e The Shi-Tomasi Corner Detector is an improved version that identifies stronger and
more reliable corners.

e Modern techniques such as SIFT (Scale-Invariant Feature Transform), SURF
(Speeded-Up Robust Features), and ORB (Oriented FAST and Rotated BRIEF)
detect interest points that are resistant to changes in scale, rotation, and lighting.

e These methods also generate feature descriptors for accurate image matching.

e Corner and interest point detection offers several advantages.

e |t identifies unique and repeatable image features, improves object recognition
accuracy, supports image registration and panorama creation, and reduces the amount
of data required for image analysis.

e However, detection accuracy may decrease in noisy or blurred images, and some
advanced methods require higher computational resources.

e These techniques are widely used in face recognition, fingerprint identification,
medical image analysis, robot navigation, autonomous vehicles, surveillance
systems, industrial inspection, augmented reality, image stitching, and pattern
recognition.

e Overall, corner and interest point detection is a fundamental technique in Computer
Vision and Image Processing, providing reliable image features for accurate
recognition, matching, tracking, and analysis.

2. Image Segmentation

e Image Segmentation is the process of dividing an image into multiple meaningful
regions or segments.

e Itis one of the most important techniques in Computer Vision and Image Processing.

e The main objective is to separate objects from the background and simplify image
analysis. Segmentation groups pixels that have similar characteristics such as
intensity, color, or texture.



Each segmented region represents a specific object or part of the image. This process
reduces image complexity and makes object detection easier.

Common  segmentation techniques include Thresholding, Region-based
Segmentation, Edge-based Segmentation, K-Means Clustering, Mean-Shift
Clustering, and Watershed Segmentation.

Image segmentation improves the accuracy of feature extraction and object
recognition. It is widely used in medical imaging to identify organs and tumors.

It is also used in satellite image analysis, face recognition, autonomous vehicles,
robotics, surveillance systems, and industrial inspection.

Although segmentation accuracy may be affected by noise and poor lighting, selecting
an appropriate algorithm produces reliable results.

Overall, image segmentation is a fundamental step in Computer Vision because it
enables computers to identify and analyze different objects within an image
accurately and efficiently.

2.1 Thresholding Methods

Thresholding is one of the simplest and most widely used image segmentation
techniques in Computer Vision and Image Processing.

It is used to separate the foreground object from the background based on the intensity
values of pixels.

The basic idea of thresholding is to compare each pixel value with a predefined
threshold value.

If the pixel intensity is greater than the threshold, it is assigned to the foreground;
otherwise, it is assigned to the background.

This process converts a grayscale image into a binary image, making object detection
and image analysis easier.

Thresholding is simple to implement, computationally efficient, and suitable for real-
time applications.

It works best when there is a clear contrast between the object and the background.
The output image consists of only two intensity levels, usually black (0) and white
(255), representing the background and foreground, respectively.

Because of its simplicity and speed, thresholding is often used as the first step in
many image processing applications.

There are several types of thresholding methods. Global Thresholding uses a single
threshold value for the entire image and is suitable for images with uniform lighting
conditions.

Local or Adaptive Thresholding computes different threshold values for different
regions of the image, making it effective for images with uneven illumination.

Otsu's Thresholding is an automatic threshold selection method that determines the
optimal threshold by minimizing the variance within image classes and maximizing
the variance between classes.

Since it automatically selects the threshold value, Otsu's method is widely used in
practical image segmentation tasks.

The thresholding process generally involves four steps. First, the input image is
converted into a grayscale image if it is a color image. Second, an appropriate
threshold value is selected manually or automatically.



Third, each pixel intensity is compared with the threshold value. Finally, pixels are
classified as foreground or background, producing a segmented binary image that
clearly separates the object from its surroundings.

Thresholding offers several advantages. It is easy to understand and implement,
requires less computational time, and provides fast segmentation results.

It is particularly effective for images with high contrast between the object and the
background.

It is widely used in document image processing, barcode detection, optical character
recognition (OCR), medical image analysis, industrial quality inspection, and object
detection.

However, thresholding also has some limitations. Its performance decreases when the
image contains noise, shadows, poor illumination, or overlapping intensity values.

A single global threshold may not produce accurate results for complex images with
varying lighting conditions. In such situations, adaptive thresholding or other
advanced segmentation techniques provide better performance.

Thresholding methods are widely used in medical imaging, fingerprint recognition,
license plate detection, satellite image analysis, quality inspection, robotics,
surveillance systems, and pattern recognition.

They provide a simple and efficient method for separating objects from the
background and serve as the foundation for many advanced image segmentation
techniques.

Because of their simplicity, speed, and effectiveness, thresholding methods remain
one of the most important image segmentation techniques in Computer Vision and
Image Processing.

2.2 Region-based Segmentation

Region-based segmentation is an image segmentation technique that divides an image
into meaningful regions based on similarity properties.

It groups neighboring pixels that have similar intensity, color, texture, or other
characteristics.

The main objective is to separate objects from the background effectively.

Unlike edge-based methods, region-based methods focus on pixel homogeneity.
These methods assume that pixels belonging to the same object have similar
properties.

Region-based segmentation is widely used in medical imaging and object recognition.
It produces connected and continuous regions in an image.

One common approach is Region Growing.

In region growing, the process starts from selected seed points.

Neighboring pixels are added if they satisfy similarity criteria.

The growth continues until no more similar pixels are found.

Proper selection of seed points greatly affects segmentation accuracy.

Another important technique is Region Splitting.

Region splitting divides an image into smaller regions recursively.

It is usually based on intensity variance or homogeneity measures.

The image is repeatedly split until each region becomes homogeneous.

Region Merging is another segmentation approach.

In region merging, adjacent similar regions are combined into larger regions.



Similarity measures may include color, texture, or gray-level differences.

The Split-and-Merge algorithm combines both splitting and merging operations.
Quad-tree representation is commonly used in split-and-merge methods.
Region-based methods are less sensitive to noise compared to edge-based methods.
They provide better object representation with closed boundaries.

These methods are useful in satellite image analysis and medical diagnosis.
Applications include tumor detection, face recognition, and industrial inspection.
Region-based segmentation can handle complex image structures effectively.
However, computational complexity may increase for large images.

Incorrect similarity criteria can lead to over-segmentation or under-segmentation.
The performance depends on image quality and parameter selection.

Therefore, region-based segmentation is an important technique for identifying and
analyzing meaningful regions in computer vision and image processing.

2.3 Clustering Techniques (K-Means, Mean-Shift)

Clustering is an unsupervised learning technique used to group similar pixels or data
points into clusters.

It plays an important role in image segmentation and pattern recognition.

Clustering methods divide image data based on similarity measures such as color,
intensity, or texture.

The two widely used clustering techniques are K-Means and Mean-Shift clustering.
These methods help in identifying meaningful regions in an image.

K-Means Clustering

K-Means is a simple and popular partition-based clustering algorithm.
It divides data into K predefined clusters.

The value of K must be specified before the clustering process begins.
Initially, K cluster centers (centroids) are selected randomly.

Each pixel is assigned to the nearest centroid based on distance measures.
Euclidean distance is commonly used for measuring similarity.

After assigning pixels, new centroids are calculated.

The assignment and centroid update steps are repeated iteratively.

The process stops when centroids no longer change significantly.
K-Means minimizes the within-cluster variance.

It is computationally efficient and easy to implement.

K-Means is widely used for image segmentation and color quantization.
However, the algorithm is sensitive to the initial choice of centroids.

It may converge to a local optimum instead of the global optimum.
Choosing an incorrect value of K can affect segmentation accuracy.

Mean-Shift Clustering

Mean-Shift is a non-parametric clustering technique.

It does not require specifying the number of clusters in advance.

The algorithm considers data points as samples from a probability density function.
It identifies clusters by locating high-density regions in the feature space.



A window called the kernel window is placed around each data point.
The mean of points inside the window is computed.

The window shifts toward the region of maximum data density.

This process is repeated until convergence occurs.

Pixels converging to the same mode are grouped into one cluster.
Mean-Shift can effectively detect arbitrarily shaped clusters.

It provides better segmentation results for complex images.

The algorithm is robust to noise and outliers.

However, it is computationally more expensive than K-Means.
Mean-Shift is widely used in object tracking, image filtering, and image
segmentation.

Therefore, K-Means and Mean-Shift are important clustering techniques in computer
vision and image processing for grouping similar image regions and extracting
meaningful information.

3. Morphological Image Processing

Morphological image processing is a technique used to analyze and process the
shapes and structures of objects in an image.

It is mainly applied to binary and grayscale images.

The method uses a small predefined pattern called a structuring element.
Morphological operations modify the geometrical structure of image objects.

The two basic operations are Erosion and Dilation.

Erosion removes boundary pixels and shrinks the objects in an image.

Dilation adds pixels to object boundaries and enlarges the objects.

Combining erosion and dilation produces advanced operations such as Opening and
Closing.

Opening removes small noise and smooths object boundaries.

Closing fills small holes and gaps inside objects.

Morphological processing is useful for object extraction and image enhancement.

It helps in separating connected objects and removing unwanted regions.

These techniques are widely used in medical imaging, document processing, and
industrial inspection.

Morphological operations improve segmentation and feature extraction results.
Therefore, morphological image processing is an important tool in computer vision
and image processing for analyzing image shapes and structures.

3.1 Erosion and Dilation

Erosion and dilation are the fundamental operations of morphological image
processing.

These operations are mainly applied to binary and grayscale images.

They use a predefined shape called a structuring element or kernel.

The structuring element determines how the image will be modified.

Erosion and dilation help in analyzing the shape and structure of objects.

Erosion



e Erosion removes pixels from the boundaries of objects in an image.

e |t causes objects to shrink in size.

During erosion, a pixel remains white only if all neighboring pixels under the
structuring element are white.

Otherwise, the pixel is converted to black.

Erosion removes small noise and unwanted details from images.

It can separate connected objects that are joined by thin regions.

It is useful for eliminating small isolated pixels.

However, excessive erosion may remove important image information.

Erosion is commonly used in preprocessing and object extraction tasks.

Dilation

e Dilation adds pixels to the boundaries of objects.

e |t causes objects to grow or expand in size.

During dilation, a pixel becomes white if at least one neighboring pixel under the
structuring element is white.

Dilation fills small holes and gaps in objects.

It can connect broken parts of an object.

Dilation is useful for enhancing object visibility.

It helps in restoring objects that became smaller due to erosion.

Excessive dilation may merge nearby objects unintentionally.

Applications

e Erosion and dilation are often combined to form opening and closing operations.

e They are widely used in image segmentation and feature extraction.

e These operations are important in medical image analysis.

e They are also used in document processing and character recognition.

e Industrial inspection systems use these techniques for defect detection.

e Object counting and shape analysis also depend on erosion and dilation.

e Morphological operations improve the quality of segmented images.

e Therefore, erosion and dilation are essential techniques in computer vision and image
processing for modifying and analyzing image structures.

3.2 Opening and Closing Operations

1. Opening and closing are advanced morphological operations used in image
processing.

They are performed by combining erosion and dilation operations.

These operations are mainly applied to binary and grayscale images.

They use a predefined structuring element to modify image structures.

Opening and closing help improve image quality by removing noise and enhancing
object shapes.

agkrwn

Opening Operation

e Opening is performed by applying erosion followed by dilation.



It removes small objects and noise from an image.

The operation smooths the boundaries of larger objects.

Opening breaks narrow connections between objects.

It eliminates thin protrusions and small isolated regions.

The size and shape of major objects are generally preserved.

Opening is useful in preprocessing before segmentation.

It helps in improving object detection accuracy.

This operation is widely used in medical and satellite image processing.

Closing Operation

Closing is performed by applying dilation followed by erosion.
It fills small holes and gaps present inside objects.

Closing connects nearby objects separated by small breaks.

It smooths object boundaries and removes small dark regions.
The operation preserves the size of major image structures.
Closing is useful for repairing broken object regions.

It enhances the continuity of object boundaries.

This operation improves the quality of segmented images.

Applications

Opening and closing are important tools in morphological image processing.

They are used for image enhancement and noise removal.

These operations improve feature extraction and pattern recognition results.

They are widely used in optical character recognition (OCR).

Medical imaging uses them for tumor and cell analysis.

Industrial inspection systems apply them for defect detection.

They are also useful in object tracking and image segmentation tasks.

Therefore, opening and closing operations are essential techniques for refining image
structures and improving computer vision applications.

4. Applications in Shape Analysis

Shape analysis is an important area of computer vision that studies the geometric
properties of objects in images.

It helps in identifying, classifying, and understanding objects based on their shapes.
Shape information is often invariant to color and texture changes.

Shape analysis plays a vital role in object recognition systems.

It uses features such as boundaries, contours, area, perimeter, and moments.

The technique helps in distinguishing different objects present in an image.

One major application is object detection and recognition.

Computers can identify objects by comparing their shapes with stored templates.
Shape analysis is widely used in face recognition systems.

Facial features such as eyes, nose, and mouth are analyzed using shape descriptors.



e Itis extensively applied in medical image analysis.

e Doctors use shape analysis to detect tumors, cells, and abnormalities in organs.

e It helps in measuring the size and structure of biological tissues.

e Shape analysis is important in handwriting and character recognition systems.

e Optical Character Recognition (OCR) uses character shapes to recognize text.

e Itisused in fingerprint identification and biometric systems.

e The ridge patterns and shapes of fingerprints help identify individuals.

e Shape analysis also plays a major role in industrial inspection systems.

e Manufacturing industries use it to detect defects in products.

e It helps in quality control by comparing product shapes with standard models.

e In remote sensing and satellite imaging, shape analysis identifies roads, rivers, and
buildings.

e Itassists in land-use classification and environmental monitoring.

e Shape analysis is useful in robotics and autonomous navigation.

e Robots recognize obstacles and objects by analyzing their shapes.

e Itis used in traffic monitoring systems to detect vehicles and pedestrians.

e Shape-based methods are applied in surveillance and security applications.

e They help in tracking moving objects in video sequences.

e Shape analysis is important in document image processing.

e It helps in symbol recognition and document classification.

e Itisalso used in gesture recognition systems and human-computer interaction.

e Shape features enable computers to understand hand movements and body poses.

e Archaeology and biology also use shape analysis for classification purposes.

e The accuracy of shape analysis depends on proper segmentation and feature
extraction.

e Advanced machine learning methods further improve shape-based recognition
systems.

® Therefore, shape analysis has numerous applications in computer vision and image
processing, enabling efficient object detection, classification, and decision-making.

5. Texture Analysis

e Texture analysis is the study of patterns and surface properties present in an image.

e It helps in describing the visual appearance of objects and regions.

e Texture represents characteristics such as smoothness, roughness, regularity, and
coarseness.

e Itis an important feature used in computer vision and image processing.

Texture analysis helps differentiate regions having similar colors but different

patterns.

Common texture features include contrast, entropy, homogeneity, and correlation.

Gray Level Co-occurrence Matrix (GLCM) is a popular method for texture analysis.

Local Binary Pattern (LBP) is another widely used texture descriptor.

Texture analysis plays a major role in image segmentation and classification.

It is used in medical imaging to detect tissues and abnormalities.



In remote sensing, it helps identify land, water, and vegetation regions.

Industrial inspection systems use texture analysis to detect surface defects.
Texture features are also useful in face recognition and object recognition.
Machine learning techniques improve texture-based image classification accuracy.

Therefore, texture analysis is an important technique for understanding and
interpreting image patterns in computer vision and image processing.

5.1 Statistical Methods (Co-occurrence Matrix)

Statistical methods are important techniques used for analyzing image textures and
patterns.

They describe the statistical distribution of pixel intensities in an image.

These methods help in extracting meaningful texture information from images.

One of the most widely used statistical methods is the Gray Level Co-occurrence
Matrix (GLCM).

GLCM is also known as the co-occurrence matrix.

It represents the frequency of occurrence of pairs of gray-level values.

The matrix considers the spatial relationship between neighboring pixels.

It measures how often two pixels with specific intensity values occur together.

Pixel relationships are calculated for a particular distance and direction.

Common directions used are 0°, 45°, 90°, and 135°.

Different pixel distances can also be selected depending on the application.

The co-occurrence matrix provides detailed information about image texture.

It is especially useful for analyzing repetitive patterns and structures.

Several texture features can be derived from the GLCM.

One important feature is Contrast, which measures intensity variation.

Another feature is Correlation, which measures the dependency between neighboring
pixels.

Energy measures the uniformity or regularity of texture patterns.

Homogeneity measures the closeness of pixel distributions in the matrix.

Entropy can also be calculated to measure randomness in textures.

These statistical features are used for texture classification and recognition.

GLCM is widely applied in image segmentation techniques.

It is extensively used in medical imaging for tumor and tissue analysis.

Remote sensing applications use GLCM for land-use and land-cover classification.
Industrial inspection systems use it to detect surface defects and cracks.

Texture-based object recognition systems also depend on co-occurrence matrices.

The accuracy of GLCM depends on proper selection of distance and direction
parameters.

Noise in images may affect the quality of extracted texture features.

Preprocessing techniques are often applied before computing the co-occurrence
matrix.

Machine learning algorithms frequently use GLCM features as input for classification
tasks.

Therefore, the Gray Level Co-occurrence Matrix is an important statistical method for
texture analysis in computer vision and image processing.



5.2 Transform-Based Methods (Gabor Filters)

Transform-based methods are techniques used to analyze image features in different
frequency domains.

These methods help in extracting texture, edge, and orientation information from
images.

One of the most important transform-based methods is the Gabor Filter.

Gabor filters are widely used for texture analysis and feature extraction.

They are based on the concept of sinusoidal waves modulated by a Gaussian function.
A Gabor filter can analyze both spatial and frequency information simultaneously.

It provides excellent localization in both space and frequency domains.

Gabor filters are sensitive to specific orientations and frequencies.

Different Gabor filters can be designed for different scales and directions.

A bank of Gabor filters is often used to capture multiple texture patterns.

These filters respond strongly to edges and textured regions in an image.

They are effective in detecting local image features.

Gabor filters can represent image textures similar to the human visual system.

They are widely used in texture segmentation and classification tasks.

Gabor features provide robust information even under varying illumination
conditions.

They are extensively used in face recognition systems.

Fingerprint recognition systems also use Gabor filters for ridge enhancement.

They play an important role in iris recognition applications.

Gabor filters are useful for edge detection and object recognition.

They are also applied in medical image analysis and pattern recognition.

Remote sensing applications use Gabor features for land-cover classification.

The filters can effectively capture directional texture information.

However, using multiple filters increases computational complexity.

The selection of filter parameters greatly affects performance.

Gabor filters are often combined with machine learning algorithms for classification.
They provide high discrimination capability for texture-based applications.

Noise reduction techniques may be applied before Gabor filtering.

Deep learning methods sometimes use Gabor features as preprocessing inputs.

Gabor filters significantly improve feature extraction and image interpretation
accuracy.

Therefore, Gabor filters are powerful transform-based methods in computer vision
and image processing for texture analysis, feature extraction, and pattern recognition.

6. Applications in Pattern Recognition

Pattern recognition is the process of identifying and classifying patterns or objects in
digital images.

It is one of the most important applications of computer vision and image processing.
Pattern recognition enables computers to automatically interpret visual information.

It uses image features such as shape, color, texture, and edges for classification.

The main objective is to recognize objects and make intelligent decisions.

Pattern recognition is widely used in object recognition systems.



It helps identify and classify different objects present in images and videos.

One major application is face recognition.

Face recognition systems identify individuals using facial features and patterns.
Pattern recognition is extensively used in biometric systems.

Fingerprint, iris, and palm-print recognition systems depend on pattern recognition
techniques.

It plays an important role in Optical Character Recognition (OCR).

OCR systems recognize handwritten and printed characters from documents.
Pattern recognition is used in speech and handwriting analysis applications.
Medical imaging uses pattern recognition to detect tumors and diseases.

It assists doctors in identifying abnormalities in X-ray, MRI, and CT images.
Pattern recognition is important in remote sensing and satellite image analysis.
It helps classify land, water, vegetation, and urban areas.

Industrial inspection systems use pattern recognition for quality control and defect
detection.

It is widely used in traffic monitoring systems.

Vehicle detection, number plate recognition, and pedestrian identification rely on
pattern recognition.

Pattern recognition also plays a major role in robotics and autonomous vehicles.
Robots use visual patterns to recognize objects and navigate environments.
Surveillance and security systems use pattern recognition for tracking suspicious
activities.

Gesture recognition and human-computer interaction systems also depend on pattern
recognition.

It is applied in document classification and image retrieval systems.

Machine learning and deep learning techniques have significantly improved pattern
recognition accuracy.

Feature extraction and classification are important stages in pattern recognition
systems.

Pattern recognition helps automate decision-making processes in various applications.
Therefore, pattern recognition is a fundamental application of computer vision and
image processing for object identification, classification, and intelligent analysis.

Short Answer Questions

CoNoOR~WNE

Define edge detection in image processing.

What is feature extraction? Mention its importance.

What is a gradient operator?

Differentiate between Sobel and Prewitt operators.

List the steps involved in the Canny edge detection algorithm.
Define corner detection and interest point detection.

What is image segmentation?

Define thresholding and mention its types.

What is region-based segmentation?

10 Explain the K-means clustering algorithm briefly.
11. What is Mean-Shift clustering?
12. Define mathematical morphology in image processing.



13.
14.

15.

What are erosion and dilation operations?

What is a Gray Level Co-occurrence Matrix (GLCM)? Mention any two texture
features obtained from it.

What are Gabor filters? Mention their applications in pattern recognition.

Long Answer Questions

1.

2.

10.

Explain edge detection and feature extraction techniques in computer vision and
image processing. Discuss their importance and applications.

Describe the Sobel and Prewitt gradient operators with mathematical expressions and
compare their performance in edge detection.

Explain the Canny edge detection algorithm in detail with a neat block diagram and
mention its advantages.

Discuss corner and interest point detection techniques and explain their applications
in computer vision.

Define image segmentation and explain various thresholding methods used for image
segmentation.

Explain region-based segmentation techniques, including region growing and region
splitting and merging methods, with suitable examples.

Discuss clustering techniques for image segmentation and explain the K-means and
Mean-Shift algorithms in detail.

Describe morphological image processing and explain erosion, dilation, opening, and
closing operations with suitable examples.

Explain texture analysis using statistical methods. Discuss Gray Level Co-occurrence
Matrix (GLCM) and its texture features such as contrast, correlation, energy, and
homogeneity.

Explain transform-based texture analysis using Gabor filters and discuss the
applications of texture analysis and pattern recognition in computer vision and image
processing.
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