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Abstract: Computer vision is a critical artificial intelligence component that enables machines to
interpret and make decisions based on visual data. As we move towards an era where machines
are increasingly responsible for decision-making, vision becomes a fundamental sensory modality
for machines to perceive and understand their environment. The ability of machines to "see" and
comprehend the world through visual input raises the question of whether they can truly grasp
complex situations based on the objects and interactions within their surroundings. This paper
provides a comprehensive exploration of the core concepts and algorithms underlying computer
vision, starting from its early stages of development. It delves into foundational techniques, discussing
their evolution and innovations shaping the field. Additionally, the paper addresses the inherent
limitations of these foundational concepts and explores how they have influenced the development of
current technologies. A critical analysis of present-day technologies is also provided, highlighting their
challenges and limitations despite significant advances. Finally, the paper explores the wide-ranging
applications of machine vision across various domains and the promising future prospects for the
continued advancement of computer vision technologies.

Keywords: computer vision; deep learning; machine learning; artificial intelligence

1. Introduction
What is artificial intelligence (AI)? To understand AI, we first need to know what intelligence is.

In short, we can say that intelligence is to make a beneficial decision by perceiving the environment [1].
The human brain is naturally born intelligent, and human can learn from their decision while growing
up. Artificial is what humans create and not natural. Artificial Intelligence stands for a created model
or machine that can make decisions based on the environment and objects in the environment [2]. Can
machines think? This question was asked by Alan Turing [3] when he tried to find if the machine
could think. Machines may not think automatically, but they can make beneficial decisions based
on the environment and rewards. We have come a long way from that. Nowadays, machines can
recognize patterns and images and make decisions. But can we tell that machines have already gained
intelligence like humans? Human decision-making is a very complex and arguable subject. Still, a
decision is usually made by observing the environment and based on the objects they find around or the
senses humans get by interacting with other objects. Humans have many senses, but one of the most
important is vision [4]. By vision or observation, humans develop their brains by making decisions
and learning. Computer vision was created by looking through cameras based on human vision. The
early development of computer vision [5] was not far from now. Still, it is a subject of improvement. It
is an essential and very important part of the decision-making approach of a machine. Vision is a sense
that can visualize the objects of the environment by the reflection of light [6]. Human eyes see objects
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when light reflects off objects. Without lights or a very small amount of reflection, the human eye
loses its ability to visualize objects. Computer vision trains machines to perform object identification,
distance, and movement using cameras, data, and algorithms instead of retinas, optic nerves, and the
visual cortex. This system can analyze thousands of products or processes per minute, surpassing
human capabilities. Computer vision began in the late 1960s to mimic the human visual system and
enable robots to behave intelligently. It aimed to extract three-dimensional structures from images
for full scene understanding. Early studies in the 1970s formed the foundations for many computer
vision algorithms today. The next decade saw more rigorous mathematical analysis and quantitative
aspects of computer vision, such as scale-space, shape inference, and contour models. By the 1990s
[5], research focused on projective 3-D reconstructions, camera calibration, sparse 3-D reconstructions,
dense stereo correspondence, and image segmentation. The field of computer graphics and computer
vision also increased, leading to the resurgence of feature-based methods and the advancement of
deep learning techniques. Computer vision is a crucial tool in various fields, including medicine[7][8],
industry[9], military[10], and autonomous vehicles[12][11]. In medicine, it is used for diagnosing
patients, enhancing images interpreted by humans, and supporting research. In industry, it is used for
quality control, inspection of final products, and agricultural processes. In military applications, it is
used for detecting enemy soldiers or vehicles and for missile guidance. Advanced systems use image
data to target specific areas, reducing complexity and increasing reliability. Autonomous vehicles,
including submersibles, land-based vehicles, aerial vehicles, and unmanned aerial vehicles (UAV), use
computer vision for navigation, obstacle detection, and task-specific events. Computer vision is a vital
tool in various fields, including medicine, industry, and space exploration. This paper explores the core
concepts of computer vision, key algorithms, and recent advancements in the field. Additionally, it
examines future trends and addresses ethical considerations. The discussion section highlights current
computer vision methods’ limitations and provides insights into future research directions.

2. Computer Vision: Enabling Visual Perception in Machines
A computer system uses visual data to recognize objects, such as a cat image. The image is

preprocessed and analyzed for details like edges, shapes, or colors. The system then trains the model
using thousands of positive and negative cat pictures to learn unique patterns. The system then
classifies the object in a new image based on the learned patterns, predicting its classification. The
system outputs the result by highlighting the cat or labeling it as a cat. To analyze the image, the system
first needs to know what an image is. An image is like a grid of tiny squares (pixels); each square has a
color or shade. For black-and-white images, the squares are either black or white. For grayscale images,
each square is a shade of gray, ranging from black to white. Each square has a mix of three colors for
color images: red, green, and blue (RGB) [13]. In short, we can say that an image is a 2-dimensional
function f (x, y), where x and y are spatial (plane) coordinates, and h represents the amplitude (e.g.,
intensity or color) at each point. There are two types: analog images, represented as continuous real
numbers, and digital images, defined as discrete integers with quantized amplitude values, such
as digital photographs and bitmap graphics. Computer vision processes digital images using an
algorithm. Digital image processing involves processing digital images using a digital computer. These
images consist of finite elements, known as picture elements, image elements, pels, or pixels, with
pixels being the most commonly used term. Its data needs to be converted into digital data to process
the analog images. Figure 1 explains an image with the original image, its 2D visualization of grayscale
image 3D visualization of intensity, and the matrix of pixel values of the digital image.

Computerized processes can be classified as low-, mid-, or high-level [14]. Low-level processes
involve image preprocessing, which reduces noise and enhances contrast. Mid-level processes involve
segmentation, description, and classification of objects. High-level processing makes sense of an
ensemble of recognized objects and performs cognitive functions associated with vision. Examples
include automated text analysis, which involves acquiring an image, preprocessing it, extracting
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individual characters, describing them, and recognizing them. Digital image processing encompasses
these processes.

Figure 1. Simple representation of a digital image and grayscale of the original image, 3D visualization of intensity,
and the matrix overlay of pixel values of the image.

2.1. Foundational Techniques

Computer Vision is built on mathematical concepts and algorithms that process and interpret
visual data. Below are some foundational techniques, their mathematical principles, and examples.

2.1.1. Edge Detection

Edges are the lines where colors or brightness change sharply in an image, like the outline of a
building against the sky. Detecting these edges helps computers understand the shapes of objects in an
image[15]. For instance, Figure 2 shows the outline of a statue. In this image, it is clear to see the edges
of the statue, the edges of the beads, and the edges of the pot put in front of the feet of the statue.

Figure 2. Visualizing the edges of an digital images by Canny[16] edge detection.

Edge detection identifies regions with high-intensity gradients using:

G(x, y) =
√

G2
x + G2

y (1)
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Where,

Gx =
∂ f
∂x

, and Gy =
∂ f
∂y

In the equation:

• Gx and Gy are partial derivatives of the image function f (x, y) with respect to x and y. These
derivatives measure how much the pixel intensity changes along the horizontal direction (x) and
the vertical direction (y);

• Specifically:

– Gx = ∂ f
∂x tells us how the image intensity changes as we move left or right.

– Gy = ∂ f
∂y tells us how the image intensity changes as we move up or down.

• Gradient magnitude G(x, y) is computed by combining the horizontal and vertical gradients with
this equation:

G(x, y) =
√

G2
x + G2

y (2)

This gives a measure of the overall change in intensity at each point. The higher the value of
G(x, y), the more likely that point is an edge.

• Gx and Gy measure image changes in x and y directions, combining them to calculate intensity at
each pixel, aiding in detecting significant brightness or color changes.

2.1.2. HOG (Histogram of Oriented Gradients)

HOG is a feature extraction technique in computer vision to detect objects in images [17]. If
there is a photo of a face or human, then this feature captures the shape of objects based on pixel
intensities, focusing on edges and contours. The process involves dividing the image into small regions,
calculating the gradient in each region, and summarizing these gradients in a histogram. We know
there is an edge if the change is large (e.g., from dark to light). In simpler terms, it tells us how quickly
the image becomes brighter or darker. There is no edge if the change is small (e.g., from light to slightly
darker). The gradient is calculated for each pixel using the Sobel [18] operator or other methods:

Gx(x, y) = f (x + 1, y)− f (x − 1, y) (horizontal gradient) (3)

Gy(x, y) = f (x, y + 1)− f (x, y − 1) (vertical gradient) (4)

Where f (x, y) is the intensity value at the pixel (x, y). Gx and Gy represent the horizontal and vertical
changes in intensity. Once we have the gradients, we compute the magnitude and orientation of the
gradients for each pixel:

Magnitude(x, y) =
√

Gx(x, y)2 + Gy(x, y)2 (5)

Orientation(x, y) = atan2(Gy(x, y), Gx(x, y)) (6)

In a face photo, HOG would work by calculating the brightness of each pixel, dividing the image
into cells, typically 8x8 pixels. Then, compute a histogram of the edge directions in each section.
The histogram will have bins corresponding to different angles (e.g., 0°, 45°, 90°, etc.), and each
pixel contributes its gradient magnitude to the appropriate bin based on its orientation. To make
the descriptor robust to changes in lighting, each cell’s histogram is normalized with respect to its
neighboring cells (this is called block normalization). A block typically consists of multiple cells (e.g.,
2x2 cells). Figure 3 illustrates the HOG features.
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Figure 3. Representing the HOG features. The original image and grayscale image are shown, and then the graph
shows the orientation (degrees) and the gradient magnitude of all cells of the image. The second graph shows the
histogram of the grayscale image where horizontal is pixel intensity and frequency is vertical.

The normalization ensures that variations in lighting don’t affect object detection. Once we have
histograms for all the cells and blocks, we combine them into a feature vector. Which is used by a
machine learning model like a Support Vector Machine (SVM)[19] to recognize if the image contains a
face based on its training data. HOG is helpful for object detection because it captures essential visual
features, is robust to changes in lighting and small distortions, and works well in tasks like detecting
pedestrians, vehicles, and faces in images or videos.

2.1.3. Feature Extraction

Feature extraction is a key process in computer vision that helps a computer understand and
identify objects in an image [20]. Features are unique patterns in an image, like corners, lines, or
textures. Computers look for these features to recognize objects. For instance, the corner of a table or
the stripes on a zebra are features that help identify them. Please consider how we might recognize a
friend by their hairstyle or glasses. These distinctive features stand out and help us to identify them,
even in a crowd. Features are critical for object recognition because they help simplify the problem.
Instead of comparing every pixel in an image, a computer looks for key features that stand out and
give clues about the object. For example, a corner in an image could signify the intersection of two
surfaces in a 3D object, or a line might indicate the edge of a shape. One common approach to feature
extraction is to use gradient-based methods that detect the change in pixel intensities across an image.
A common feature extraction technique is Harris Corner Detection[21], which detects corners in an
image. In this method, we calculate a measure R to evaluate the significance of a corner at each point
in the image. The equation for Harris corner detection is:

R = det(M)− k(trace(M))2 (7)

Where:

• M is a 2x2 matrix of image gradients at a particular point in the image.
• det(M) refers to the determinant of the matrix M, which provides information about the area’s

cornerness.
• trace(M) is the sum of the diagonal elements of the matrix M, which indicates how much the

pixel values change in different directions. A high trace value means there’s a significant intensity
change

• k is a sensitivity factor, typically a small constant (e.g., k = 0.04) that helps adjust the calculation.
A smaller k results in more points being detected as corners, while a larger k makes the detection
stricter, only identifying strong corners.
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• The final value R is used to determine whether a pixel is a corner. A high value of R indicates that
the point is a corner, while a lower value suggests the point is not.

The matrix M is built using gradients (changes in pixel intensities) in both the horizontal and vertical
directions (often computed using Sobel operators). This matrix helps us capture the direction and
magnitude of intensity changes at a specific point.

M =

(
I2
x Ix Iy

Ix Iy I2
y

)
(8)

Where: Ix is the gradient in the x-direction (horizontal), and Iy is the gradient in the y-direction
(vertical). Imagine a photograph of a desk with a coffee mug on it. The edges of the mug, where it
touches the desk, create corners. The algorithm looks at the gradients around these points to find areas
with strong changes in pixel intensity. The sharp line where the desk surface meets the coffee mug is
an edge, another feature the computer will detect. The patterns on the desk, like wood grain, also help
distinguish the desk from the mug. Using feature extraction methods like Harris Corner Detection,
the computer can detect these corners and edges, enabling it to understand the basic layout of the
image. Once these features are detected, the computer can match and recognize the objects (the desk
and mug) in other images.

2.2. Challenges in Computer Vision

While foundational techniques like edge detection, HOG (Histogram of Oriented Gradients),
and feature extraction have been widely used in computer vision, they come with various challenges.
These techniques aim to identify key features and structures in images, but real-world applications
introduce complexities that make accurate recognition difficult. Below, I will explain some of the
challenges associated with these techniques, particularly focusing on occlusion and scalability, which
are significant issues in practical scenarios.

2.2.1. Occlusion

Occlusion(Figure 4) refers to when part of an object is hidden or blocked by another object in the
scene. This is a common challenge in real-world computer vision tasks, where objects in an image may
not be fully visible due to overlap with other objects or elements in the environment.

Figure 4. An occlusion was created and detected. In this image, there is an original image, followed by an
occluded image, and occlusion detection in that image.

Occlusion[22] can affect computer vision algorithms by causing incomplete features, misleading
gradients, and causing object tracking issues. Incomplete features, such as edges or corners, may be
missed or incomplete, making it difficult for the algorithm to recognize the object accurately. Occlusion
can also distort gradients, leading to false edge detections. HOG, which detects local gradients and
edge orientations, may be incomplete when parts of an object are occluded, making it difficult for
the algorithm to recognize the object accurately. In dynamic environments, occlusion can confuse

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 9 June 2025 doi:10.20944/preprints202506.0630.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202506.0630.v1
http://creativecommons.org/licenses/by/4.0/


7 of 21

object-tracking algorithms, causing them to lose track of the object. The visibility of a pixel or object
can be modeled as a binary mask V(x, y), where:

V(x, y) =

1 if pixel (x, y) is visible,

0 if pixel (x, y) is occluded.
(9)

When an object O(x, y) is occluded, only the visible parts are captured in the image I(x, y):

I(x, y) = V(x, y) · O(x, y) (10)

This masking operation leads to partial or missing data in the image. For example:

• In edge detection, gradients ∇I(x, y) in occluded regions may be incomplete or distorted.
• In feature extraction, feature descriptors such as SIFT or HOG rely on the visible region and

cannot account for missing parts.

Imagine you are trying to detect a car on a busy street, but other vehicles are blocking parts of the
car. The edge detection or HOG features might only capture the visible part of the car, leading to
incomplete recognition or misclassification. Occlusion affects object recognition by creating incomplete
feature sets. Consider an object O represented by a set of features { f1, f2, ..., fn}. When some features
are occluded, only a subset S ⊂ { f1, f2, ..., fn} is available.

The recognition task then becomes one of matching S to the known feature set under uncertainty:

Match: arg, max
i

Similarity(S, Oi) (11)

where Oi represents a known object. The similarity score may drop below the recognition
threshold if the occlusion is significant. In HOG, occlusion can disrupt the computation of gradient
histograms. If a person’s torso is occluded, gradients in those regions will not contribute to the
histogram. Mathematically, if a gradient g(x, y) is part of the occluded region (V(x, y) = 0), it is
excluded from the histogram calculation.

2.2.2. Scalability

Scalability[23] refers to the ability of an algorithm to handle images or data that vary in size,
resolution, or complexity. It is important for computer vision techniques to work effectively across
a wide range of image scales (small images vs large images) and conditions (low resolution vs high
resolution). In real-world images, objects can appear at different sizes due to changes in distance or
perspective, making feature extraction techniques like HOG difficult to handle. High-resolution images
contain more details and require more computational resources, making edge detection algorithms
slower or less accurate when applied to high-resolution images. Lower-resolution images may lose
important details, making feature extraction less effective. As the size of the image increases, the
number of calculations required for edge detection, HOG, or feature extraction increases significantly,
leading to high computational costs and slow processing times, especially for real-time applications
like video surveillance or autonomous driving. Multi-scale issues also pose a challenge, as some
computer vision techniques, like HOG, assume that the object being detected is approximately the
same size in the image. Scaling an algorithm to handle various object sizes without losing accuracy is
a significant challenge. In real-world images, the same object O can appear at different scales s:

Os(x, y) = O(sx, sy) (12)

where s > 1 represents upscaling, and s < 1 represents downscaling.
When detecting an object at different scales, the feature space Fs extracted from Os changes with s.

Features like edges or keypoints may disappear or change orientation at extreme scales.
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To address this, multi-scale processing involves creating an image pyramid:

Is(x, y) = I(x/s, y/s) (13)

where Is represents the image scaled by s. Algorithms then process each level of the pyramid
to find scale-invariant features. For an image of size H × W, the computational cost of many vision
algorithms increases with the number of pixels HW. For example:

• Edge Detection: Computing gradients ∇I(x, y) involves operations for each pixel, leading to
O(HW) complexity.

• HOG: Constructing histograms across overlapping blocks increases complexity to approximately
O(HW · B), where B is the number of blocks.

• Feature extraction and matching also need to be scale-invariant. For example, the similarity
between two objects O and O′ can be computed using a transformation-invariant distance d:

d(O, O′) = min
T

Distance(T(O), O′) (14)

where T is a transformation (e.g., scaling, rotation).
Without proper scaling mechanisms, the distance d increases as the object size changes, leading to
poor recognition results.

If you try to detect a person in an image, a standard HOG detector may work well when the
person is near the camera and occupies a large portion of the image. However, if the person is far
away, their features become smaller and less distinct, and the HOG detector may fail to recognize
them. Similarly, if the image is very large or of high resolution, the computational requirements to
detect the person increase, leading to slower processing times. Figure 5 represents the digital image
and its edges.

2.3. Additional Challenges in Foundational Techniques

• Noise sensitivity: Edge detection algorithms like Sobel or Canny are noise-sensitive. In real-world
images, noise can lead to false edges being detected or important edges being missed.

• Weak boundaries: Some objects might have weak or fuzzy edges (e.g., transparent objects, low-
contrast images), which makes it difficult for traditional edge detection methods to identify
them.

• Limited to visible features: HOG works by detecting gradients (changes in intensity). However,
objects with less clear edges or softer gradients (like a blurred object or one in shadow) are harder
to detect.

• Sensitivity to pose variations: HOG features might be sensitive to the object’s orientation. If
the object is rotated or skewed, the feature extraction process might miss important patterns,
reducing accuracy.

• Feature mismatches: For complex objects, feature extraction methods may miss or incorrectly
identify key features. For example, in an image with a cluttered background, it may be difficult to
extract clean features due to the noise from the background.

• Feature diversity: Different objects require different features for recognition. For example, recog-
nizing a dog may require detecting texture features (fur), while recognizing a car may require
detecting edges and corners. Designing universal feature extraction methods that can work for all
object types is a complex challenge.
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Figure 5. Simple representation of a digital image.

Occlusion and scalability pose significant challenges to foundational computer vision techniques
like edge detection, HOG, and feature extraction. Occlusion obscures crucial features, making ob-
ject detection harder. Scalability involves handling images of varying sizes and resolutions, but
computational requirements for large images can be challenging.

3. Key algorithms and Advances
Traditional methods, such as SIFT, HOG, and Haar cascades, relied on handcrafted features

and explicit programming to solve vision tasks. These methods had several drawbacks, including
being task-specific, having difficulty in capturing complex patterns, being slow and impractical
for large-scale datasets, being sensitive to noise and variations, and lacking end-to-end learning.
Handcrafted features were designed and tailored to specific tasks or datasets, making it difficult
to generalize to new data or tasks. They also struggled with complex tasks like object detection
or semantic segmentation, where understanding context and relationships is crucial. Scalability
issues were also challenging, as manual feature design was slow and impractical for large-scale
datasets. Handcrafted features were also sensitive to variations in lighting, rotation, occlusion, and
scale, making it challenging to recognize rotated or partially occluded objects. Deep learning-based
models were introduced to address the limitations of traditional methods in computer vision and
other domains. The development of neural networks began in the 1943-1980s[24] with the foundations
laid by McCulloch and Pitts. Rosenblatt developed the perceptron in 1958[25], and the multi-layer
perceptron (MLP) was introduced in 1998[26]. Convolutional Neural Networks (CNNs)[27] were
introduced in 1998 by Yann LeCun, but faced challenges due to computational power and the vanishing
gradient problem. In 2012, AlexNet[28] and ImageNet[29] were introduced, achieving breakthrough
performance in the ILSVRC competition. Modern architectures introduced deeper, more efficient
networks like VGGNet[30], ResNet[31], Inception[32], and EfficientNet[33], and advancements in
object detection and segmentation. In 2021, Vision Transformers (ViTs)[34] and Generative AI[35]
were adopted for computer vision tasks. Deep learning[36] is a powerful tool that automates feature
extraction by learning relevant features directly from data and optimizing them according to the task
objective. It can model complex data with high dimensionality, allowing deep neural networks to
understand low-level features in shallow layers and combine them into high-level representations in
deeper layers. Pretrained deep learning models can be fine-tuned for diverse tasks, reducing the need
for task-specific feature engineering. Deep learning is particularly well-suited for large datasets, such
as ImageNet, where data abundance is common. For instance, deep learning models like AlexNet
outperformed traditional methods significantly on ImageNet, a dataset with millions of labeled images.
Advances in hardware and algorithms, such as GPUs and TPUs, have enabled faster training of deep
models, with techniques like backpropagation, ReLU activation, dropout, and batch normalization
improving training stability and performance. Deep learning represents a paradigm shift in computer
vision, moving away from manual intervention and toward models that learn directly from data. It
capitalizes on advances in data availability, hardware, and algorithms, offering solutions to problems
that traditional methods could not address effectively.
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3.1. Convolutional Neural Networks (CNNs)

CNNs are the backbone of most deep-learning methods in computer vision. CNNs are deep
learning models designed to process and analyze data with a grid-like topology, such as images. They
are particularly effective for tasks like image classification, object detection, and segmentation due to
their ability to learn spatial hierarchies of features. Extract features like edges, textures, and shapes
using learnable filters. Key Components of CNNs are as follows:

• Convolutional Layer: The convolutional layer is the core building block of a CNN. It applies
convolution operations between the input data (e.g., an image) and learnable filters (kernels)
to extract local features such as edges, textures, or patterns. Each filter slides across the input,
computing dot products at every position, producing a feature map output. Multiple filters allow
the model to learn diverse features. A convolution operation between an input X (e.g., an image)
and a kernel (or filter) W produces a feature map F:

F(i, j) =
M

∑
m=1

N

∑
n=1

W(m, n) · X(i + m − 1, j + n − 1) + b (15)

Here:

– X: Input matrix (image of size H × W)
– W: Filter (of size M × N)
– b: Bias term
– i, j: Coordinates of the output feature map

The convolution slides the filter over the input to compute dot products, capturing local patterns
such as edges or textures. For instance, a 3×3 filter W is applied to a 5×5 image X. The result is a
3×3 feature map after valid padding.

• Pooling Layer: The pooling layer reduces the input feature maps’ spatial dimensions (height and
width), retaining the most important information. It aggregates values within a small region, such
as taking the maximum or average. Used to reduce spatial dimensions while retaining essential
information. Two common types: Max Pooling, which takes the maximum value in a window,
and Average Pooling, which takes the average value in a window. Given a window size k × k, for
max pooling:

P(i, j) = max
m,n∈k×k

X(i + m, j + n) (16)

The proposed solution aims to decrease computational complexity, enhance network resilience to
translations or distortions, and prevent overfitting by reducing the number of parameters.

• Activation Layer: The activation layer applies a non-linear function to the feature maps. Without
non-linearity, the model would behave like a linear system, incapable of learning complex
patterns. Without activation layers, a neural network would essentially be a linear system. This
is because the operations in convolutional and fully connected layers (matrix multiplications
and summations) are inherently linear. Linear systems cannot represent complex patterns or
relationships, regardless of how many layers are stacked. Common Activation Functions:

– ReLU (Rectified Linear Unit): f (x) = max(0, x), the graph is a piecewise linear function
with zero for negative inputs and linear for positive inputs, offering efficient computation,
reducing vanishing gradient, and sparse activation,.

– Sigmoid: f (x) = 1
1+e−x , the S-shaped graph offers a probabilities interpretation and smooth

gradients, but has avanishing gradient problem, slowing training, and is not zero-centered.
– Tanh: f (x) = ex−e−x

ex+e−x , the S-shaped curve offers advantages such as zero-centered optimiza-
tion and a steeper gradient than a sigmoid, but also suffers from the vanishing gradient
problem for large |x|.

The activation layer is crucial for introducing the non-linear capabilities of CNNs, enabling them
to learn and model complex data relationships.
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• Fully Connected Layer: After convolution and pooling, the learned feature maps are flattened
and passed through one or more fully connected layers:

y = W · x + b (17)

Here, x is the flattened input, W is a weight matrix, and b is a bias vector. The fully connected
layer connects neurons in one layer to the next, enabling predictions based on learned features. It
aggregates features from previous layers and maps them to output classes or regression values at
the network’s end.

• Loss Function and Backpropagation: The loss function and backpropagation are crucial in training
neural networks. This enables the network to optimize its parameters (weights and biases) to
reduce prediction errors. The loss function[37] calculates the discrepancy between the predicted
outputs (ŷ) and true labels (y), guiding the optimization process. Common loss functions include
Mean Squared Error (MSE) for regression tasks, defined as:

L =
1
N

N

∑
i=1

(yi − ŷi)
2 (18)

and Binary Cross-Entropy (BCE) for binary classification tasks:

L = − 1
N

N

∑
i=1

[yi log(ŷi) + (1 − yi) log(1 − ŷi)] (19)

The loss function also incorporates regularization terms, like L1 and L2 regularization, which
prevent overfitting by penalizing large weights. The optimization goal is to minimize the loss
by adjusting network parameters using methods like Gradient Descent. Backpropagation is the
process that computes the gradients of the loss function with respect to the network’s parameters.
This is achieved by applying the chain rule of calculus, where gradients are propagated backward
through the network, layer by layer. For each layer, the loss gradient with respect to its weights
and biases is calculated and used to update the parameters. For example, for a weight W at the
output layer, the update rule is:

W := W − η
∂L
∂W

(20)

where η is the learning rate. Key challenges in backpropagation include vanishing gradients,
where gradients become too small for deep networks, and exploding gradients, where gradients
grow too large, destabilizing the training process. Solutions like ReLU activation functions and
gradient clipping help address these issues. Loss functions and backpropagation allow neural
networks to learn complex patterns and improve performance in tasks like image recognition,
classification, and more.

• Output Layer: In a Convolutional Neural Network (CNN), the output layer generates the final
predictions based on the features learned by previous layers. Classification tasks typically use the
softmax function to convert raw scores (logits) into probabilities. Mathematically, for C output
classes, the probability for class j is given by the softmax equation:

ŷj =
ezj

∑C
i=1 ezi

(21)

where zj = Wj · h + bj is the raw score for class j, h is the output from the last hidden layer, Wj is
the weight for class j, and bj is the bias. The predicted class is the one with the highest probability,
which is computed as ŷ = arg maxj(ŷj). For example, in a 3-class classification problem, the
output layer produces a vector of probabilities, and the class with the highest probability is
selected as the predicted label. In the example of a CNN for image classification into 3 classes (cat,
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dog, and bird), the output layer has 3 neurons, one for each class. After processing an image, the
network produces a vector of features, h = [2.5, 1.2,−0.5], which is passed through the output
layer. The raw scores (logits) for each class are computed as:

z1 = 2.11, z2 = −0.01, z3 = −0.9

These logits are then converted into probabilities using the softmax function:

ŷ1 ≈ 0.855, ŷ2 ≈ 0.103, ŷ3 ≈ 0.043

The predicted class has the highest probability, class "cat" with a probability of 0.855. Thus, the
CNN classifies the input image as "cat".

CNNs share parameters across images, reducing the number of parameters. They also detect features
like edges regardless of their position in the image. CNNs learn low-level features in early layers
and complex patterns in deeper layers. Theoretical advantages include sparse connectivity, weight
sharing, and reduced computational cost due to pooling, which reduces dimensions and enables
efficient computation.

3.2. Object Detection

This is a computer vision task that involves both identifying and localizing objects within an
image, i.e., classifying objects and determining their positions through bounding boxes. Two popular
methods for object detection are the R-CNN[38] family and YOLO (You Only Look Once)[39]. The
R-CNN family of models, including R-CNN, Fast R-CNN[40], and Faster R-CNN[41], operates by
first generating region proposals (possible areas where objects might be located) and then classifying
these regions using convolutional neural networks. In contrast, YOLO approaches the problem by
processing the entire image in a single pass. It divides the image into a grid and predicts the bounding
boxes and class probabilities for each cell. The loss function in YOLO combines three components:

L = Lcoord + Lconf + Lclass (22)

where Lcoord is the loss for bounding box regression, Lconf is the loss for object confidence (whether
an object is present in the predicted box), and Lclass is the loss for classification (classifying the object
within the bounding box).

Object detection is crucial in many real-world applications. Autonomous vehicles are used for
pedestrian detection to ensure safety by detecting pedestrians in real-time. In surveillance systems, it
is employed for anomaly detection, where unusual activities or objects in a scene are detected to flag
potential issues. Object detection has many applications across industries, improving automation and
safety.

3.3. Semantic Segmentation

Semantic segmentation[42] is a computer vision task that involves classifying each pixel of an
image into a predefined category or class, such that all pixels belonging to the same object or region are
labeled with the same class. Unlike object detection, which provides bounding boxes around objects,
semantic segmentation assigns a label to every pixel, allowing for a more fine-grained understanding
of the scene.

Semantic segmentation is typically tackled using deep learning models, particularly convolutional
neural networks (CNNs). One common approach is using an encoder-decoder architecture. The
encoder (usually a pre-trained CNN such as VGG or ResNet) extracts high-level features from the
input image. At the same time, the decoder upscales these features to produce a pixel-wise output that
matches the size of the input image. A popular network for semantic segmentation is the U-Net[43],
which employs skip connections between the encoder and decoder to preserve spatial information lost
during downsampling.
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Mathematically, the goal is to assign a label to each pixel in the image. Let yi represent the true
label of the i-th pixel, and ŷi represent the predicted label. The loss function used for training semantic
segmentation models is typically the cross-entropy loss, which measures the difference between the
predicted probability distribution and the true distribution:

L = −
N

∑
i=1

C

∑
c=1

yc
i log(ŷc

i ) (23)

Where:

• N is the number of pixels,
• C is the number of classes,
• yc

i is the ground truth label for class c at pixel i (1 if the pixel belongs to class c, 0 otherwise),
• ŷc

i is the predicted probability of class c at pixel i.

In the case of multi-class segmentation, the network predicts a probability distribution for each pixel,
indicating how likely it is that the pixel belongs to each class. The cross-entropy loss function then
penalizes incorrect predictions by comparing the predicted probabilities with the true labels.

Semantic segmentation has a wide range of applications, including medical image analysis (e.g.,
tumor detection in CT scans), autonomous driving (e.g., road and lane detection), and environmental
monitoring (e.g., land cover classification in satellite imagery). By segmenting an image into meaning-
ful regions, semantic segmentation provides a detailed understanding of the visual scene, which is
essential for tasks requiring high-level comprehension of image content.

3.4. Generative Models

Generative models are machine learning models that aim to learn the underlying distribution of
data and generate new data samples that resemble the original dataset. Unlike discriminative models,
which focus on classifying or predicting labels for given inputs, generative models attempt to model
the joint probability distribution P(x, y), where x is the input data and y is the label (if applicable).
This allows generative models to generate new data instances similar to the training set.

There are various types of generative models, with some of the most popular being Generative
Adversarial Networks (GANs), Variational Autoencoders (VAEs), and Gaussian Mixture Models
(GMMs).

3.4.1. Generative Adversarial Networks (GANs)

GANs consist of two neural networks—a generator and a discriminator—trained simultaneously
in an adversarial process. The generator’s goal is to generate realistic data samples, while the discrimi-
nator’s task is to distinguish between real data from the training set and fake data produced by the
generator. The generator aims to fool the discriminator into classifying its synthetic data as real. The
training process can be formulated as a minimax game where the generator and discriminator play
against each other. The objective function of a GAN is:

min
G

max
D

Ex∼pdata(x)[log D(x)] +Ez∼pz(z)[log(1 − D(G(z)))] (24)

Where: - G(z) is the generated data from random noise z, - D(x) is the discriminator’s estimate of
the probability that x is real, - pdata(x) is the real data distribution, and - pz(z) is the distribution of the
latent noise input to the generator.

3.4.2. Variational Autoencoders (VAEs)

VAEs are another class of generative models that combine variational inference with autoencoders.
The model learns an approximate posterior distribution over the latent variables z given the observed
data x, and it is trained to maximize the Evidence Lower Bound (ELBO) on the log-likelihood of the
data. The ELBO can be written as:
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L(θ, ϕ; x) = Eqϕ(z|x)[log pθ(x|z)]− DKL(qϕ(z|x)∥p(z)) (25)

Where: - pθ(x|z) is the likelihood of the data given the latent variable, - qϕ(z|x) is the approximate
posterior distribution (the encoder), - p(z) is the prior distribution on the latent variables, and - DKL is
the Kullback-Leibler divergence between the approximate posterior and the prior.

VAEs learn to generate data by sampling from the learned latent space and decoding the samples
into data points that resemble the original data distribution.

3.4.3. Gaussian Mixture Models (GMMs)

GMMs are probabilistic models that assume the data is generated from a mixture of several
Gaussian distributions. Each Gaussian component is parameterized by its mean and covariance; the
overall distribution is a weighted sum of these components. The likelihood of the data is modeled as:

p(x) =
K

∑
i=1

πiN (x|µi, Σi) (26)

Where:

• πi is the weight of the i-th Gaussian component,
• N (x|µi, Σi) is the Gaussian distribution with mean µi and covariance Σi,
• K is the number of Gaussian components.

GMMs are used for density estimation, clustering, and generative tasks. By fitting a GMM to the data,
new samples can be generated by sampling from the mixture distribution.

Generative models have found applications in various fields, such as generating realistic images
(in the case of GANs and VAEs), creating synthetic data for training other models, anomaly detection,
drug discovery, and even generating text or music. Their ability to generate new, realistic data makes
them powerful tools in tasks where large amounts of labeled data are unavailable or creative generation
is needed.

3.5. Vision Transformers (ViTs)

Vision Transformers (ViTs) are a type of deep learning model that applies transformer architectures,
initially designed for natural language processing (NLP), to computer vision tasks. Unlike traditional
convolutional neural networks (CNNs) that rely on convolutions and pooling to process image data,
ViTs break an image into a series of fixed-size non-overlapping patches and treat each patch as a token
(similar to words in NLP tasks). These patches are then embedded into a sequence and passed through
a transformer model to capture the spatial relationships and dependencies between them.

The process begins by dividing an image into fixed-sized patches, typically 16x16 or 32x32 pixels.
Each patch is flattened into a vector, and then a linear projection is applied to embed these vectors into
a higher-dimensional space, creating the patch embeddings. These patch embeddings are combined
with positional encodings to retain spatial information about the patches’ original locations in the
image. The sequence of patch embeddings is then fed into the transformer model, which processes it
using self-attention mechanisms to capture long-range dependencies between patches.

Mathematically, let the input image be of size H × W × C, where H is the height, W is the width,
and C is the number of channels (e.g., 3 for RGB images). The image is divided into N patches, where
N = H×W

P2 and P is the size of each patch. Each patch xi of size P × P × C is flattened and linearly
projected to a vector of size D, where D is the embedding dimension. The patch embeddings are then
combined with positional encodings PEi to form the input sequence:

z0 = [x1 + PE1, x2 + PE2, . . . , xN + PEN ] (27)

This sequence is passed through the transformer encoder, which consists of layers of multi-head
self-attention and feed-forward neural networks. The self-attention mechanism allows the model
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to weigh the importance of different patches relative to each other, enabling it to capture local and
global dependencies. The final output is then passed through a classification head or a regression layer,
depending on the task.

The key advantage of ViTs over CNNs is that transformers, with their self-attention mechanisms,
are particularly good at capturing long-range dependencies and relationships between distant parts
of the image. This makes ViTs highly effective for tasks where global context is important, such as
large-scale image classification, object detection, and segmentation tasks. However, ViTs typically
require a large amount of training data and computational resources, as the self-attention mechanism
scales quadratically with the number of patches.

ViTs have been shown to outperform CNNs in various benchmark image classification tasks,
especially when trained on large datasets like ImageNet or when pre-trained on massive datasets like
JFT-300M. Their ability to model long-range dependencies and their flexibility in handling different
image resolutions and patch sizes make them a powerful tool for computer vision applications.

3.6. Tradition Methods vs Deep learning based Methods

Traditional computer vision methods, such as SIFT, HOG, and SURF, rely on manually defined
features for tasks like edge detection and object matching, making them suitable for simpler tasks
but sensitive to noise and variations. These methods work well in controlled environments with
smaller datasets, but their performance drops in more complex or dynamic scenarios. In contrast, deep
learning-based methods, particularly CNNs, automatically learn features from raw data, enabling them
to handle complex tasks like image classification, object detection, and semantic segmentation more
accurately. While deep learning excels in large-scale, complex problems and is robust to variations
in scale, orientation, and noise, it requires large datasets and significant computational resources for
training. Despite these challenges, deep learning methods outperform traditional techniques in terms
of versatility and accuracy, especially in dynamic or diverse environments. The Table 1 summarizes
the differences between Traditional Methods and Deep Learning-Based Methods.

Table 1. Comparison between Traditional Methods and Deep Learning-Based Method

Aspect Traditional Methods Deep Learning-Based
Methods

Feature Extraction

Handcrafted features such as
SIFT (Scale-Invariant Feature

Transform) and HOG
(Histogram of Oriented

Gradients), requiring manual
selection and tuning of features
based on domain knowledge.

Features are automatically
learned from data through

neural network architectures,
such as CNNs (Convolutional

Neural Networks), which
extract relevant features

directly from images without
human intervention.

Performance

Traditional methods perform
well in simpler tasks with

smaller datasets, where
problems can be clearly

defined with rules or heuristics.
They struggle with more

complex tasks and require
significant manual feature

engineering.

Deep learning-based methods
excel in handling more

complex tasks, especially in
large-scale environments or

where data has high variation.
These methods can tackle

intricate patterns and dense
environments with superior

accuracy.
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Table 1. Cont.

Aspect Traditional Methods Deep Learning-Based
Methods

Robustness

Traditional methods are highly
sensitive to noise, lighting

variations, scale, and
perspective. They rely on fixed

features, which may not
generalize well to different

conditions.

Deep learning-based methods,
such as CNNs, are more robust
to noise, changes in scale, and
perspective, as they learn to

adapt from large datasets and
generalize well to unseen data.

Advanced architectures and
data augmentation techniques

improve robustness.

Data Requirements

Traditional methods typically
require less data as they
depend on handcrafted

features, which can work with
smaller datasets. These

methods perform well in tasks
with limited data.

Deep learning-based methods
require large amounts of

labeled data to effectively train
models. A significant amount

of data is needed to learn
complex representations and
relationships, especially for

tasks like image classification
and object detection.

Examples

Examples include edge
detection (Canny, Sobel),

feature matching (SIFT, ORB),
and histogram-based methods

(e.g., color histograms for
object recognition). These are
applied to simpler tasks like
basic image processing and

feature-based matching.

Examples include image
classification (CNNs), object

detection (YOLO, Faster
R-CNN), and semantic

segmentation (U-Net). These
are used for more complex

tasks like autonomous driving,
facial recognition, and medical

imaging.

4. Computer Vision Applications
4.1. Medical Imaging

In medical imaging, computer vision plays a crucial role in automating and improving the
accuracy of diagnostic procedures. Image segmentation, object detection, and classification are used to
analyze medical images like X-rays, MRIs, CT scans, and ultrasounds. For example, deep learning
models are employed to identify tumors, lesions, or abnormalities in scans, making it easier for
radiologists to detect diseases like cancer or neurological disorders at earlier stages. In particular,
convolutional neural networks (CNNs) have proven highly effective in detecting subtle patterns in
medical images, leading to faster diagnoses and better patient outcomes.

4.2. Autonomous Driving and Robotics

In autonomous driving, computer vision is essential for vehicles to interpret their surroundings,
make decisions, and navigate safely. Systems rely on a combination of cameras, LiDAR, and radar
sensors to detect objects, pedestrians, and road signs and perform lane-keeping and obstacle avoidance.
For instance, object detection algorithms like YOLO (You Only Look Once) recognize other vehicles,
pedestrians, and cyclists in real-time. Similarly, in robotics, computer vision enables robots to interact
with their environment, whether for industrial applications (e.g., automated assembly lines) or tasks
such as robotic surgery or autonomous drones.

4.3. Sports and Other Areas

In sports [44], computer vision is revolutionizing how games are analyzed and managed. Tech-
nologies such as player tracking, motion detection, and event recognitionare used to monitor player
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movements, analyze team strategies, and evaluate player performance. For example, in football com-
puter vision systems can track the movement of players and the ball in real-time to generate insights
such as heat maps, player fatigue, and tactical analysis. Similarly, in tennis, AI-powered systems
can determine line calls, track the ball’s trajectory, and even analyze player stroke techniques. This
technology enhances the fan experience and helps coaches and athletes improve their performance.

5. Emerging Trends and Future Prospects
Computer vision trends and prospects are marked by advancements in AI techniques, increased

real-time processing, enhanced understanding of spatial data, and growing concerns for explainability
and fairness. The future holds even greater promise with developments in multimodal learning,
synthetic data, healthcare, and privacy-preserving techniques, transforming industries and enabling
deeper human-computer interaction.

5.1. Trends

• AI-powered and Deep Learning Advancements: Deep learning, particularly with Convolutional
Neural Networks (CNNs), remains a dominant approach in computer vision, but innovations like
Vision Transformers (ViTs) are gaining traction. These models, which leverage the self-attention
mechanism, show promising results in image classification and object detection tasks, challenging
the traditional CNN-based architectures. As AI models become more efficient and capable of
handling vast datasets [45], the accuracy and robustness of computer vision systems will continue
to improve.

• Edge Computing and Real-Time Processing: With the rise of edge computing[46], computer vision
is increasingly being deployed in real-time applications where data is processed on local devices
rather on cloud-based systems. This trend is particularly important for applications requiring
low-latency decision-making, such as autonomous driving, robotics, and augmented reality (AR).
Edge devices like mobile phones, drones, and wearables increasingly integrate computer vision
algorithms to process data locally, enabling faster response times and enhanced privacy.

• Explainability and Fairness in AI: As AI models, particularly in computer vision, are being used in
high-stakes areas such as healthcare, security, and law enforcement, the demand for explainable
AI (XAI)[47] is increasing. Researchers are working on methods to make the decision-making
process of computer vision models more transparent, allowing humans to understand and trust
these systems. Ensuring fairness and avoiding biases in AI models is also a growing concern, with
efforts focusing on developing more inclusive datasets and techniques that reduce discrimination
in visual data processing.

• 3D Vision and Spatial Understanding: The future of computer vision is moving towards enhanced
3D vision[47], which involves recognizing objects and understanding their spatial relationships
in three-dimensional space. This includes advancements in depth sensing, stereo vision, and
LiDAR technologies, which are increasingly used in autonomous driving, augmented reality,
and robotics. 3D vision will allow systems to understand environments more comprehensively,
enabling more complex interactions and precise predictions in dynamic environments.

5.2. Future Prospects

• Multimodal Learning and Cross-Modal Systems: Another emerging trend is the development
of multimodal learning systems[48], which combine data from multiple sources, such as visual,
auditory, and textual information, to enhance computer vision models. For example, integrating
vision with natural language processing (NLP)[49] allows for systems that can understand and
generate descriptions of images (e.g., image captioning) or assist in tasks like visual question
answering (VQA). This trend could lead to more holistic AI systems that can understand and
interact with the world in a way that is closer to human perception.

• Synthetic Data and Augmentation: As obtaining large, annotated datasets for training computer
vision models can be time-consuming and costly, synthetic data generation [50] is becoming a
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popular alternative. Synthetic data is generated through simulations, rendering, or generative
models like GANs (Generative Adversarial Networks). These methods can create diverse, labeled
data for tasks like object detection and scene understanding, enhancing model training without
needing real-world data. This could be especially beneficial in domains like autonomous driving,
where real-world data collection is expensive and time-consuming.

• AI in Healthcare and Diagnostics: Computer vision’s role in healthcare continues to expand with
advancements in medical image analysis. AI models are increasingly capable of detecting early
signs of diseases[51], from detecting tumors in radiology images to identifying retinal diseases
from eye scans. As the quality of these AI-driven diagnostic tools improves, they will be used
more extensively in clinical settings to assist doctors, reduce human error, and provide faster
diagnoses, leading to better patient outcomes.

• Augmented Reality (AR) and Virtual Reality (VR): Computer vision is integral to developing AR
and VR technologies. As AR and VR [52] devices become more widely adopted in industries
such as entertainment, education, and retail, computer vision will enable more interactive and
immersive experiences. For example, real-time object recognition and tracking in AR will allow
users to interact with the virtual world overlaid on their physical surroundings. At the same
time, VR systems will use computer vision to create more realistic simulations and improve user
experiences.

• Privacy-Preserving Computer Vision: With increasing concerns about privacy, there is a growing
interest in privacy-preserving[53] computer vision techniques. Federated learning, for instance,
allows models to be trained across decentralized devices without raw data ever leaving the
device, preserving privacy. This will be crucial in applications such as surveillance, healthcare,
and personal assistants, where sensitive information is handled.

6. Discussions
In this paper, we have provided a comprehensive overview of computer vision’s evolution and

current state, focusing on the critical role of artificial intelligence (AI) in enabling machines to process
and interpret visual data. While computer vision is a vast and complex field, we have concentrated
on specific, fundamental aspects to give readers a clear understanding of its foundational principles
and advancements. The future of computer vision is rapidly evolving, and while we can discuss
potential directions, these predictions are often realized as the present unfolds. This field’s continuous
and dynamic nature highlights its importance in AI research, with advancements occurring at an
accelerated pace. Researchers are constantly working to improve existing technologies and explore
new frontiers in computer vision. This paper incorporated images to enhance the understanding
of these concepts visually, offering a practical approach to grasping the complexities of the topics
discussed. Through these visualizations, we aimed to make the intricate ideas more accessible and
relatable to readers, helping them engage with the material more interactively.

7. Conclusion
In conclusion, computer vision is a pivotal technology within artificial intelligence, enabling

machines to interpret and understand visual data. While significant strides have been made in
developing computer vision algorithms and techniques, there are still challenges and limitations.
Despite the advancements, issues related to the accurate interpretation of complex environments and
the ability of machines to truly "comprehend" real-world scenarios remain prominent. The future
of computer vision holds promising potential, with continuous research pushing the boundaries of
innovation. As these technologies evolve, they are expected to have an even greater impact across
various industries, offering transformative solutions in healthcare and autonomous systems. The
continued progress of computer vision will undoubtedly play a critical role in shaping the future of
artificial intelligence.
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