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Abstract: Computer vision is an important part of artificial intelligence. It helps machines interpret and make decisions based on visual
data. As machines take on more responsibility in decision-making, vision is a key way for them to understand their surroundings. The
ability for machines to see and understand the world through visual input raises the question of whether they can truly understand
complex situations based on the objects and interactions around them. This paper explores the main concepts and algorithms behind
computer vision, beginning with its early development. It discusses foundational techniques and how they have changed over time,
including innovations that are shaping the field. The paper also looks at the limitations of these foundational concepts and how they have
impacted the growth of current technologies. It includes a critical examination of present-day technologies, pointing out their challenges
and shortcomings despite many improvements. Finally, the paper covers the various applications of machine vision in different fields

and the promising future for further advancements in computer vision technologies.
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1. Introduction

What is artificial intelligence (AI)? To understand Al, we
must first define intelligence. In short, intelligence is making ben-
eficial decisions by perceiving the environment [1]. Humans are
naturally intelligent and learn from decisions over time. Artificial
refers to what is human-made rather than natural. Al is a created
model or machine that makes decisions based on the environment
and its objects [2]. Alan Turing [3] asked whether machines can
think. Machines may not be able to think like humans, but they
can make positive decisions based on feedback from the environ-
ment. Today, machines can see patterns and images and make
decisions; however, it is debatable whether they have humanlike
intelligence.

Human decision-making is a very complex process and
depends on observing the environment through human senses,
especially vision [4]. Vision helps humans learn and gain intel-
ligence. Computer vision [5] was inspired by human vision and
uses cameras to support machine decision-making. Although its
development began early, computer vision continues to evolve
and remains essential. Vision enables the visualization of envi-
ronmental objects through light reflection [6]. Human eyes see
objects when light reflects off them. Without light or minimal
reflection, the human eye cannot visualize objects. Computer
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vision enables machines to identify objects, distance, and move-
ment using cameras, data, and algorithms instead of biological
vision. This system analyzes thousands of products or processes
per minute, surpassing human ability. 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 struc-
tures from images for full scene understanding. Early studies in
the 1970s formed the foundations for many computer vision algo-
rithms 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 3D reconstructions, camera
calibration, sparse 3D reconstructions, dense stereo correspon-
dence, and image segmentation. The field of computer graphics
and computer vision has also increased, leading to the resurgence
of feature-based methods and the advancement of deep learning
techniques.

Computer vision is an important tool in many areas, such
as medicine [7, 8], industry [9], military [10], and autonomous
vehicles [11, 12]. In medicine, it helps diagnose patients, improve
images for human interpretation, and support research. In indus-
try, it is used for quality control, inspecting final products, and
agricultural processes. In military applications, it helps detect
enemy soldiers or vehicles and guides missiles. More advanced
systems use image data to target specific areas, which reduces
complexity and improves reliability. Autonomous vehicles, includ-
ing submarines, land vehicles, aerial vehicles, and unmanned
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aerial vehicles, rely on computer vision for navigation, obstacle
detection, and specific tasks.

In this paper, we will discuss the basic concepts of computer
vision, algorithms, and recent developments. Computer vision
is a vast domain, and it is difficult to discuss all aspects of it.
Here, we will discuss basic concepts such as edge detection, His-
togram of Oriented Gradients (HOG), feature extraction, etc.,
along with their limitations. These are computationally efficient,
interpretable, and applicable to small-scale problems, which are
good for real-time applications, especially where resources are
limited. However, they are not robust, scalable, or applicable to
real-world conditions. Edge detection is more susceptible to noise,
changes, and parameters. HOG is good for handling small geo-
metric changes, illumination changes, etc., but it is not good for
handling large viewpoint changes, occlusions, and high complex-
ity scenes. Moreover, it is not scalable as it involves manual feature
extraction, which is expensive, time-consuming, and inflexible.
The traditional approaches are not good for real-world applica-
tions as they are not robust, scalable, or applicable to real-world
conditions, etc. Here, we will also discuss future trends, ethics, etc.

2. Review Approach or Methodology

In this work, we reviewed computer vision by first examin-
ing traditional techniques and key challenges such as occlusion
and scalability. Recent developments were then discussed, with
emphasis on significant algorithms and developments, followed
by real-life applications. Comparative analysis was also carried
out to observe patterns and trends. The review then ended with
future directions, which included significant discussion points,
giving an overview of the evolution and current status of the sub-
ject. Literature was collected from various prominent databases
such as IEEE Xplore, Scopus, Web of Science, PubMed, Google
Scholar, among others, ranging from early to recent literature.
Selection was based on defined criteria, focusing on books, peer-
reviewed journals, and conference papers that applied computer
vision methods and reported quantitative evaluations.

3. Overview of Computer Vision: Enabling Visual
Perception in Machines

A computer system has visual data that helps it recognize
objects such as an image of a cat. The image is processed and ana-
lyzed to identify edges, shapes, or colors. The system is trained
with many images to identify patterns. It then analyzes the image
and predicts the class of the image. The system shows the result
by highlighting the image of the cat. To analyze an image, the
system must understand what an image is. An image is a set of
pixels that have different shades of color. 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 / represents the amplitude (e.g., inten-
sity or color) at each point. There are two types: analog images,
represented by continuous values, and digital images, defined as
discrete integers with quantized amplitudes, such as photographs
and bitmaps. Computer vision processes digital images using
algorithms. Digital image processing uses digital computers to
process images composed of finite elements called pixels. Ana-
log images must be converted into digital data for processing.
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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
to reduce noise and enhance contrast. Mid-level processes include
segmentation, description, and object classification. High-level
processing interprets recognized objects and performs cognitive
vision functions. An example is automated text analysis, which
acquires an image, preprocesses it, extracts characters, describes
them, and recognizes them. Digital image processing includes all
these processes.

3.1. Foundational techniques

Computer vision relies on math concepts and algorithms
that handle and understand visual data. Here are some basic
techniques, their math principles, and examples.

3.1.1. Edge detection

Edges are the lines where colors or brightness change sharply
in an image, such as 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.

Edge detection identifies regions with high-intensity gradients
using:

G(x,y)=+/(G2+G}) 1)

Where:
G, =3df/dx, and G, =3f/dy 2)

In the equation,

1) Gy and Gy, are partial derivatives of the image function f(x, y)
with respect to x and y, respectively. These derivatives measure
how much the pixel intensity changes:

G, = df/dx: measures intensity changes in the horizontal
direction (left/right).

Gy, = df/dy: measures intensity changes in the vertical
direction (up/down).

2) The gradient magnitude G(x, y) is computed by combining the
horizontal and vertical gradients using:

G(x,») =+/(G: +G3)

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.

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



Artificial Intelligence and Applications Vol. 00

Iss. 00 2026

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
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Figure 2
Visualizing the edges of a digital image by Canny edge detection
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3.1.2. HOG (Histogram of Oriented Gradients)

HOG is a feature extraction technique in computer vision
to detect objects in images [16]. 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 pro-
cess 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 [17] operator or other methods:

G (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). G, and
Gy represent the horizontal and vertical changes in intensity.
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Figure 3
Network teaching representation of HOG features showing the original and grayscale images, gradient orientation and magnitude of
image cells, and the grayscale histogram with pixel intensity versus frequency
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Once we have the gradients, we calculate the magnitude and
direction of the gradients for each pixel:

Magnitude (x, y) = \/ Gy (5, 0)" + Gy (x,0)° (5)

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

In a face photo, HOG would work by calculating the bright-
ness of each pixel, dividing the image into cells, typically 8 x 8
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 gradi-
ent magnitude to the appropriate bin based on its orientation. To
make the descriptor robust to changes in lighting, each cell’s his-
togram is normalized with respect to its neighboring cells (this is
called block normalization). A block typically consists of multiple
cells (e.g., 2 X 2 cells). Figure 3 illustrates the HOG features.

Normalization ensures that variations in lighting don’t affect
object detection.

Once histograms from all cells and blocks are combined into
a feature vector, a machine learning model such as a support vec-
tor machine (SVM) [18] uses it to recognize whether an image
contains a face. HOG is effective for object detection because
it captures key visual features, is robust to lighting changes and
small distortions, and performs well in detecting pedestrians,
vehicles, and faces in images or videos.
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3.1.3. Feature extraction

Feature extraction is a key computer vision operation that
enables a computer to identify objects in an image. Features are
unique image patterns [19] such as corners, lines, or textures
that computers use for recognition. For instance, table corners
or zebra stripes assist in identifying objects, just as hairstyles or
glasses assist in identifying humans. Features reduce complexity
by avoiding pixel-by-pixel comparison and instead rely on distinc-
tive features. A corner represents the intersection of object faces,
and a line represents an edge. A common approach is gradient-
based feature extraction, which detects intensity changes. Harris
corner detection [20] is a widely used method that identifies cor-
ners by estimating a response value at each image position. The
equation for Harris corner detection is:

R = det(M) — k(trace(M))> 7)
Where:

1) M is a 2 x 2 matrix of image gradients at a particular point
in the image.

2) det(M) refers to the determinant of the matrix M, which
provides information about the area’s cornerness.

3) trace(M) is the sum of the diagonal elements of the matrix
M, which indicates how much the pixel values change in dif-
ferent directions. A high trace value means there’s a significant
intensity change.

4) k is a sensitivity factor, typically a small constant (e.g.,
k = 0.04) that helps adjust the calculation. A smaller k results
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in more points being detected as corners, while a larger k
makes the detection stricter, only identifying strong corners.

5) 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.

6) The matrix M is built by means of horizontal and vertical
direction gradients (intensity differences) (typically computed
by means of Sobel operators). The matrix allows us to measure
the intensity and direction of the intensity change at a point.

A I
M: X x2y (8)
I, I

Where:

I is the gradient in the x-direction (horizontal), and I, is
the gradient in the y-direction (vertical). Consider a photo of a
desk with a coffee mug. The mug edges where it meets the desk
form corners. The algorithm examines gradients to find strong
pixel intensity changes. The line where the desk meets the mug
is an edge, another detectable feature. Desk patterns, such as
wood grain, also help distinguish objects. Using methods like Har-
ris corner detection, the computer detects corners and edges to
understand the image layout and recognize the desk and mug in
other images.

3.2. Challenges in computer vision

Though edge detection, HOG, and feature extraction are
some of the most commonly used techniques in computer vision,
they are also limited. These techniques are used for the detection
of important features of the image. However, real-world scenarios
are affected by some challenges that make the detection of features
more difficult. Among the challenges, the issues of scalability and
occlusion are of great concern.

3.2.1. Occlusion

Occlusion [21] (Figure 4) is when one portion of the object is
hidden from view by another object. This is a very common phe-
nomenon when we are dealing with real-world vision problems,
as objects are often partially visible due to occlusion. Occlusion is
a problem that can affect the algorithms as it causes incomplete
features, incorrect gradients, and tracking problems. Missing or
truncated corners and edges make recognition difficult. Occlusion
can also distort gradients, leading to false edge detection. For
HOG, occluded regions produce incomplete gradients, reducing
recognition accuracy. In dynamic scenes, occlusion can confuse
tracking algorithms and cause object loss.

The visibility of a pixel or object can be modeled as a binary
mask V(x, y), where:

1 if pixel(x, y) is visible,

Vix, y) = 0 if pixel(x, y) is occluded.

&)

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

I(X,y) = V(X,y) : O(X’y)

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

(10)

1) In edge detection, gradients VI(x, y) in occluded regions may
be incomplete or distorted.

2) In feature extraction, feature descriptors such as Scale-
Invariant Feature Transform (SIFT) or HOG rely on the
visible region and cannot account for missing parts.

When detecting a car on a busy street, other vehicles may
block parts of it, so edge detection or HOG captures only visible
parts, 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

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 Detection
Occluded Image

Original Image

Occlusion Detected
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{ f1, /2 - -+ fn})- When some features are occluded, only a subset
S c{fi,f2 ..., [} is available.

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

Match:colon arg, max Similarity (S, O;) (11)
1

where O; 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 his-
tograms. If a person’s torso is occluded, gradients in those regions
will not contribute to the histogram. Mathematically, if a gradi-
ent g(x, y) is part of the occluded region (V(x, y) = 0), it is
excluded from the histogram calculation.

3.2.2. Scalability

Scalability [22] refers to an algorithm’s ability to handle
images of varying size, resolution, and complexity. Computer
vision methods must perform well across different image scales
and resolutions.

In the real world, objects are of varying sizes depending
on the distance or viewing angle, and hence, feature extrac-
tion techniques such as HOG are difficult to implement. For
high-resolution images, more information is available, but the
computation is more intensive, and hence, the edge detection
is slow or inaccurate. For low-resolution images, the informa-
tion is reduced, and hence the feature extraction is poor. As the
size of the image increases, the computation required for edge
detection, HOG, and feature extraction increases significantly,
thereby increasing the cost and the processing time, which is crit-
ical in applications such as autonomous driving or surveillance.
The multi-scale problem is another challenge, as the HOG-based
techniques assume that the objects are of similar sizes.

In real-world images, the same object O can appear at
different scales s

Os(x, »= O (sx, sy) (12)

where s > [ represents upscaling, and s < [ represents
downscaling.

When detecting an object at different scales, the feature space
F extracted from Oy changes with s. Features such as edges or
keypoints may disappear or change orientation at extreme scales.
To address this, multi-scale processing involves creating an
image pyramid:
X
I, ) = 1(;» ?)
where I 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 X W, the computational cost of many
vision algorithms increases with the number of pixels HW. For
example:

(13)

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

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

3) 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, 0" = mTin Distance (7(0), 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.

A HOG detector may work well when a person is close and
large in the image but may fail when the person is far away and
the features are small. Similarly, large or high-resolution images
increase computational cost and slow processing. Figure 5 shows
the digital image and its edges.

3.2.3. Additional challenges in foundational techniques

Noise sensitivity: Sobel or Canny edge [23] detection oper-
ators are sensitive to noise, which may cause incorrect or missed
edges.

Weak boundaries: It is difficult to detect objects that have
fuzzy or low-contrast boundaries.

Figure 5
Simple representation of a digital image
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Restricted to visible features: Since the HOG operator is
based on the detection of edge gradients, it is difficult to detect
blurred or shadowed objects.

Pose variance sensitivity: The HOG operator may fail to
detect patterns when the object is skewed, thereby reducing the
accuracy.

Feature mismatches: It is difficult to perform feature
extraction on complex scenes.

Feature diversity: Different objects may require different fea-
tures, and hence, it is difficult to develop a universal feature
extraction mechanism.

Occlusion and scalability are major issues for basic com-
puter vision techniques such as edge detection, HOG, and feature
extraction. Occlusion hides key features, making object detection
difficult. Scalability involves handling varying image sizes and
resolutions, which is computationally expensive.

4. Evolution of Computer Vision: Key Algorithms
and Advances

Classical approaches such as SIFT, HOG, and Haar cas-
cades were based on explicit coding and handcrafted features.
Classical approaches had many disadvantages, such as being task-
specific, incapable of handling complex patterns, computationally
expensive for big data, sensitive to noise, and lacking end-to-end
learning capabilities. Handcrafted features were usually designed
for specific tasks or databases, which were not transferable. These
approaches were also poor performers for tasks such as object
detection or semantic segmentation, which require contextual
understanding of images. Another disadvantage of handcrafted
features was that they were sensitive to changes in illumination,
rotation, occlusion, and scale, which made it difficult to recognize
images.

Deep learning techniques were developed to solve the lim-
itations of traditional approaches in computer vision and other
fields. The era of neural networks began in the 1943-1980s [24]
with the foundations being laid by McCulloch and Pitts. The
perceptron was developed by Rosenblatt in 1958 [25], and the
multi-layer perceptron was suggested in 1998 [26]. Convolutional
Neural Networks (CNNs) [27] were initially proposed in 1998
by Yann LeCun but were computationally hampered and faced
the vanishing gradient problem. AlexNet [28] and ImageNet [29]
were proposed in 2012, with revolutionary performance on the
ImageNet Large Scale Visual Recognition Challenge (ILSVRC)
competition. Modern architectures introduced deeper and leaner
networks such as VGGNet [30], ResNet [31], Inception [32],
and EfficientNet [33], and advancements in object detection
and segmentation. In 2021, Vision Transformers (ViTs) [34] and
Generative Al [35] were adopted in computer vision applica-
tions. Deep learning [36] is a strong technique for the automatic
selection of task-related features from data. It is a way of repre-
senting complex high-dimensional data, where low-level features
are learned in shallow layers, while higher-level features are
learned in deeper layers. Deep learning is particularly effective for
large-scale image datasets, such as ImageNet, where AlexNet out-
performed traditional computer vision techniques. The efficiency
of training deep learning models is due to the advent of hard-
ware, backpropagation, rectified linear unit (ReLU), dropout,
and batch normalization. Deep learning is a paradigm shift from
traditional computer vision techniques from a manual to a data-
driven approach, owing to the advances in data, hardware, and
algorithms.

4.1. Convolutional Neural Networks (CNNs)

CNNs are the backbone of most deep learning computer
vision methods. They process grid-structured data such as images
and are effective for classification, detection, and segmentation by
learning spatial feature hierarchies. They extract edge, texture, and
shape features using learnable filters. Key constituents of CNNs
include:

1) Convolutional Layer: The convolutional layer is the core unit
of a CNN. It applies convolution operations between the input
and learnable filters to extract local features such as edges,
textures, and patterns. Filters slide over the input, computing
dot products to produce feature maps, and multiple filters learn
different features. A convolution operation between an input
X (e.g., an image) and a kernel (or filter) W produces a feature
map F:

FGp=3 " S W) X(+m=1j+n—1)+b
(15)

Here:

X: Input matrix (image of size H X W)
W Filter (of size M X 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 X 3 filter I is applied to a 5 X 5 image X. The
result is a 3 X 3 feature map after valid padding.

2) Pooling Layer: The pooling layer reduces the spatial dimen-
sions of the feature maps while retaining a lot of information.
The operation of the pooling layer is the summarization of
the values within a certain region. The most common pooling
layers are Max Pooling and Average Pooling.

Given a window size k X k, for max pooling:

P(i,)) = mali(kX(i+m,j+n)

m, nekX

(16)

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

3) Activation Layer: The activation layer applies a non linear
function to feature maps. Without nonlinearity, the model
becomes a linear system and cannot learn complex patterns.
Since convolutional and fully connected layers are linear oper-
ations, activation layers are essential for representing complex
relationships.

Common Activation Functions:

a. ReLU (Rectified Linear Unit): f{x) = max(0, x), the graph is a

piecewise linear function with zero for negative inputs and lin-
ear for positive inputs, offering efficient computation, reducing
vanishing gradient, and sparse activation.

b. Sigmoid: f(x) = 1/(1 + ™), the S-shaped graph offers

a probabilities interpretation and smooth gradients but has
a vanishing gradient problem, slowing training, and is not
zero-centered.

¢. Tanh: f(x) = (e* —e™*)/(e* + e™*]), the S-shaped curve offers
advantages such as zero-centered optimization and a steeper
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gradient than a sigmoid, but also suffers from the vanishing
gradient problem for large |x|.

d. The activation layer is crucial for introducing the nonlin-
ear capabilities of CNNs, enabling them to learn and model
complex data relationships.

e. Fully Connected Layer: After convolution and pooling, the
learned feature maps are flattened and fed through one or more
fully connected layers:

y=W-x+5b 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.

4) Loss Function and Backpropagation: The loss function and
backpropagation enable neural network training by optimiz-
ing parameters to reduce prediction errors. The loss function
measures the difference between predicted outputs and true
labels to guide optimization. A few popular loss functions
include mean squared error for regression tasks, which is:

1 ~
=5 i 5) (18)

and binary cross-entropy for binary classification tasks:

1 @V ~ ~

L==5 2, ilog@)+(1—yplog(1 =5 (19)

The loss function can also include regularization such as LI
and L2 to avoid overfitting. The objective is to minimize the loss
function, and this is done using methods such as gradient descent.
The gradients of the loss function are calculated using the chain
rule in Backpropagation. The gradients are propagated backward
through the layers of the network. For example, for a weight W/
at the output layer, the update rule is:

oL

(20)

where 7 is the learning rate. The major difficulties in back-
propagation include the vanishing gradients, where gradients get
too small, and the exploding gradients, where gradients get too
large, disrupting the training process. The ReLU and gradient
clipping techniques address these difficulties. The loss functions
and backpropagation help neural networks learn complex pat-
terns and improve their performance in image recognition and
classification.

5) Output Layer: The output layer produces final predictions
from extracted features. For classification, a softmax function
converts logits into probabilities. Mathematically, for C classes
of output, the probability for class j is given by the softmax
formula:

N e’
YiT= oo
iz €
where z; = W;. h + b; is the raw score for class j, / is the

output from the last hidden layer, W; is the weight for class j,
and b; is the bias. The predicted class is the one with the highest

@1
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probability, which is computed as J = arg max; ( ;). For example,
in a three-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 three classes (cat, dog, and bird), the output
layer has three neurons, one for each class. After processing an
image, the network produces a vector of features, # = [2.5, 1.2,
—0.5], which is passed through the output layer. The raw scores
(logits) for each class are computed as:

[z; = 2.11, z, = —0.01, z3 = —0.9]

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

[ ~ 0.855, 5>~ 0.103, 7 ~ 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.”

CNN:s share parameters, reducing model size, and detect fea-
tures regardless of position. They learn low-level features in early
layers and complex patterns in deeper layers. Advantages include
sparse connectivity, weight sharing, and reduced computation
through pooling.

4.2. Object detection

Object detection involves the identification and localization
of objects in the image by classifying the objects and determin-
ing the bounding box for the object. The most commonly used
object detection techniques include the R-CNN [37] family and
the YOLO [38] family. The R-CNN family uses CNN for clas-
sifying the regions, while the YOLO family uses the entire image
for object detection by dividing the image into a grid. The YOLO
loss function is composed of three components:

L=L.yrat+ Lconf + L jass (22)

where L g, is the loss for bounding box regression, L,y is
the loss for object confidence (whether an object is present in the
predicted box), and L, is the loss for classification (classifying
the object within the bounding box).

Object detection has many real-world applications, such as
the use of pedestrian detection in autonomous vehicles, where it is
used in real time, and the use of anomaly detection in surveillance
systems. In general, object detection has many automation and
safety-related applications.

4.3. Semantic segmentation

In semantic segmentation [39], the class of each pixel in the
image is specified. Thus, all the pixels of the same object are
of the same class. Unlike object detection, where the bounding
box is used for labeling, all the pixels are labeled for fine-grained
scene understanding. It is typically achieved using CNNs with an
encoder—decoder structure. The encoder is utilized to extract the
features, and the decoder is utilized to upsample the features for
pixel-wise prediction. The most commonly utilized model is the
U-Net [40] model.

Mathematically, the goal is to assign a label to each pixel in
the image. Let y; represent the true label of the i-th pixel, and j;
represent the predicted label. The loss function used for training
semantic segmentation models is typically the cross-entropy loss,
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which measures the difference between the predicted probability
distribution and the true distribution:
N c e
L= =20y Doy Vi lo2() (23)
Where:
N is the number of pixels,
C is the number of classes,
;¢ 1s the ground truth label for class ¢ at pixel 7 (1 if the pixel
belongs to class ¢, 0 otherwise), and
;¢ 1s the predicted probability of class ¢ at pixel i.

For multi-class segmentation, the network produces a prob-
ability for each pixel and applies cross-entropy loss to penalize
incorrect predictions. Semantic segmentation is used in medical
imaging, autonomous driving, and remote sensing. By divid-
ing an image into meaningful regions, it provides detailed scene
understanding for high-level image analysis.

4.4. Generative models

Generative models learn to represent the data distribution in
order to generate new data similar to the original data. Unlike
discriminative models, which predict the label, generative mod-
els learn the joint probability distribution P(x,y) to generate
data. The most common generative models are Generative Adver-
sarial Networks (GANs), Variational Autoencoders (VAEs), and
Gaussian Mixture Models (GMMs).

4.4.1. Generative Adversarial Networks (GANs)

These two neural networks used in GANs are called discrim-
inator and generator. The discriminator neural network is used
for distinguishing real and fake data. On the other hand, the gen-
erator neural network is used for generating data. The generator’s
objective is to trick the discriminator. This can also be viewed as
a minimax game. The goal function of GAN is:

minmax ., 0 108 D (9] + Eevp, o 108 (1 = D(GE))]
(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,

Paata(x) 1s the real data distribution, and

p-(z) is the distribution of the latent noise input to the
generator.

4.4.2. Variational Autoencoders (VAEs)

VAEs are another class of generative models that combine
variational inference and autoencoders. The model learns an
approximate posterior distribution over the latent code z for data
X, and it is trained for maximizing the Evidence Lower Bound
(ELBO) on the log-likelihood of the data. The ELBO can be
expressed as:

L(6.¢:X) = Eq o) [log po (x]2)] = Dgr. (¢ (=

Where:

Po(x|z) is the likelihood of the data given the latent variable,

do(z|x) is the approximate posterior distribution (the
encoder),

p(z) is the prior distribution on the latent variables, and

N|p @) 25)

Dg; 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.

4.4.3. Gaussian Mixture Models (GMMs)

GMMs assume data is drawn from a mixture of Gaus-
sian distributions. Each component is defined by a mean and
covariance, and the final distribution is a weighted sum of these
components. The likelihood of the data is represented as:

K
PO =Y TN (s B 26)

Where:

7; is the weight of the i-th Gaussian component,

(N (x|uj, Z;)) is the Gaussian distribution with mean g; and
covariance X;, and

K is the number of Gaussian components.

GMMs are used in generative modeling, clustering, and den-
sity estimation. GMMs can generate new samples by sampling
from the fitted mixture distribution.

Generative models are used in various domains, such as real-
istic image generation (GANs, VAEs), synthetic data creation for
training, anomaly detection, drug discovery, and text or music
creation. Their ability to generate realistic data makes them useful
when labeled data is limited or creative generation is required.

4.5. Vision Transformers (ViTs)

“Vision Transformers” is a class of deep learning archi-
tectures in computer vision that make use of the transformer
architectures, which were first introduced in the field of nat-
ural language processing (NLP). Unlike CNNs, which rely on
convolution and pooling, ViTs divide an image into fixed-size,
non-overlapping patches and treat each patch as a token.

The image is first divided into patches, such as 16 X 16 or
32 x 32 pixels. These patches are linearly projected and combined
with positional encodings, and the resulting sequence is passed
through a transformer.

Mathematically, let the input image be of size H X W x C,
where H is the height, 1 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 x W) / P? and P is the size of each patch.
Each patch x; of size P X P x 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
PE; to form the input sequence:

ZO=[X1+PE1,X2+PE2,...,XN+PEN] (27)

This sequence is passed through the transformer encoder,
which includes multi-head self-attention and feed-forward layers.
The final output is passed through the classification or regression
head. In the transformer encoder, the multi-head self-attention
mechanism allows the model to weigh the importance of the
patches. The feed-forward layers are also applied.

The primary advantage of ViTs over CNNs is their ability,
through self-attention, to effectively model long-range dependen-
cies between distant image regions. This makes ViTs particularly
effective for tasks such as large-scale image classification, object
detection, segmentation, etc. The primary disadvantages of ViTs
are their requirement for large amounts of data and heavy compu-
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tational requirements, owing to their quadratic complexity. ViTs
are also different from CNNs in their treatment of spatial rela-
tionships. ViTs split images into patches of a certain size and
then flatten them before processing them as sequences using self-
attention. Self-attention allows ViTs to effectively model global
relationships from an early stage, whereas CNNs need many layers
to achieve a large receptive field. While self-attention reduces the
computational cost of ViTs, their lack of strong inductive biases
such as spatial locality makes them data-inefficient. This results
in poor performance on small datasets and scalability issues with
large images.

ViTs have demonstrated superior performance to CNNs on
a range of image classification tasks, particularly those with
large-scale training or pretraining datasets. The ability of ViTs to
effectively model long-range dependencies and handle large reso-
lutions makes them particularly effective for a range of computer
vision tasks.

5. Traditional Methods versus Deep Learning—Based
Methods

Conventional computer vision techniques such as SIFT,
HOG, Speeded-Up Robust Features (SURF), etc., are used
for simple tasks but are more sensitive to noise and changes.
These techniques perform well on small-scale data under spe-
cific conditions but show poor performance on large-scale and
varying data. In comparison with these techniques, deep learn-
ing techniques such as CNN are more efficient and robust for

dealing with complex tasks such as classification, detection, and
segmentation. Deep learning techniques show robust performance
on large-scale and varying data and are invariant to scale, ori-
entation, and noise but demand more data and computational
resources. Despite these requirements, deep learning techniques
show better performance compared to traditional techniques, espe-
cially under varying conditions. Table 1 shows traditional methods
versus deep learning—based methods.

6. Computer Vision Applications

6.1. Medical imaging

In medical images, computer vision has a significant role to
play in the automation and precise diagnosis of images. Object
detection and image segmentation are used to classify images such
as X-rays, MRIs, CT scans, and ultrasounds. For instance, deep
learning helps in the diagnosis of diseases such as cancer and other
brain-related diseases by identifying tumors and lesions in the
images. CNNs are best used to detect hidden patterns in images.

6.2. Autonomous driving and robotics

In self-driving cars, computer vision plays a central role in
enabling cars to perceive their surroundings, make decisions, and
navigate around safely. Hardware takes a combination of cameras,
LiDAR, and radar sensors to detect objects, people, and signs
and perform lane-keeping and obstacle avoidance. For instance,

Table 1
Comparison between traditional methods and deep learning—based method

Aspect Traditional methods

Deep learning-based methods

Feature Extraction

knowledge from the domain

Performance

handcrafted feature engineering

Robustness

not generalize to other states

Data Requirements

Hand-tuned attributes such as SIFT (Scale-
Invariant Feature Transform) and HOG
(Histogram of Oriented Gradients), where hand
selection and feature tuning are required using

It performs well for easier tasks with smaller dataset
sizes, where problems could be conveniently
specified using rules or heuristics. It doesn’t per-
form for complex tasks and requires a lot of

The traditional approaches are sensitive to per-
spective, scale, lighting, and noise. Traditional
approaches make use of fixed features, which may

The traditional approaches must utilize less data
as they employ handcrafted features, which
can utilize smaller sets of data. The traditional
approaches perform well in low-data tasks

Features are automatically learned from data
through neural network architectures, such as
CNN5s (Convolutional Neural Networks), which
extract relevant features directly from images
without human intervention

Deep learning methods such as CNNs are less
sensitive to viewpoint, scale, and noise, as they
generalize from large and new data. Optimal
architectures and data augmentation improve
robustness

Deep learning techniques require large amounts
of labeled data to train models effectively.
Numerous data points are required to obtain
sophisticated representations and relations, espe-
cially for applications such as image classification
and object detection

Deep learning—based methods require large
amounts of labeled data to effectively train mod-
els. A significant amount of data is needed to
learn complex representations and relationships,
especially for tasks such as 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
such as basic image processing and feature-based
matching

Examples include image classification (CNNs),
object detection (YOLO, Faster R-CNN), and
semantic segmentation (U-Net). They are used
for more sophisticated tasks such as autonomous
driving, facial recognition, and medical imaging
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object detection algorithms such as YOLO (You Only Look Once)
recognize other automobiles, pedestrians, and cyclists in real time.
Similarly, in robotics, computer vision enables robots to interact
with their environment, either for industrial purposes (e.g., factory
production lines) or for use in applications such as robotic surgery
or autonomous drones.

6.3. Sports and other areas

Computer vision is transforming the way sports analysis
and management are done. Computer vision technologies such
as player tracking, motion detection, and event recognition are
used for player tracking, team strategy analysis, and performance
evaluation. For instance, in football, computer vision is used for
player tracking and ball tracking in real time, generating heat
maps, fatigue analysis, and team strategy. In tennis, Al is used
for line calls, ball tracking, and stroke motion analysis. Computer
vision improves fan experience and enhances performance.

7. Comparative Findings

Canny remains a computationally efficient and interpretable
baseline, but its accuracy is limited on modern benchmarks. For
example, on art conservation imagery, Canny achieved an F1
score of 0.4000 with a high Structural Similarity Index Mea-
sure (SSIM) of 0.8833, indicating good structural fidelity but
poor edge precision due to false positives in textured regions
and missed boundaries in low-contrast areas [41]. Similarly, in
BSDS500 evaluations (Table 2), Canny is consistently outper-
formed by learning-based and deep learning methods. Building
on this, Structured Forests [42] improved upon traditional detec-
tors by using patch-based structured learning, enabling real-time
performance with strong accuracy on the BSDS500 and NYU
Depth datasets. This method achieved near state-of-the-art results
at a fraction of the computational cost, establishing itself as one
of the most practical learning-based alternatives. Deep learning
methods further pushed performance boundaries. Holistically-
nested edge detection (HED), for instance, achieved an ODS
F-score of 0.782 by leveraging deep supervision and multi-
scale contextual features [43]. More recent innovations, such as
Neural Homography Propagation (NHP) networks, even sur-
passed human-level accuracy (human =~ 0.803) with an ODS
of 0.818 [44]. The current state of the art, NBED, advances
this further, reaching an ODS of 0.838 through an advanced
encoder—decoder framework [45]. Despite these advances,
significant challenges remain in detecting edges in low-contrast

and heavily occluded regions. Moreover, computational efficiency
continues to be a bottleneck. For instance, while Canny executes
in 0.808 s per image, deep detectors such as DexiNed require
nearly 40 s on the same dataset [41]. This highlights an impor-
tant trade-off: lightweight classical detectors remain attractive for
resource-constrained environments, whereas deep learning models
dominate in accuracy for research and industrial applications.

In parallel to edge detection, feature descriptors such as
HOG, SIFT, and SURF have played a central role in traditional
vision pipelines. HOG, in particular, is effective for capturing
local edge information [46], although it is sensitive to illumina-
tion changes and background clutter. Research has consistently
demonstrated that HOG can be improved through both descrip-
tor enhancements and algorithmic optimizations. For instance, a
2015 study using night-vision data found that a Modified HOG
descriptor boosted detection rates by approximately 5.35% at 10~
False Positives Per Window (FPPW) on nocturnal pedestrian
imagery, and 2.22% improvement on daytime (INRIA) data [47].
Similarly, enhancements such as “Circle HOG” combined with
Enhanced Histogram of Oriented Gradients (EHOG) delivered
around 4.5% higher detection accuracy over the original HOG
on INRIA benchmarks [48]. Beyond descriptor tuning, integral
channel feature methods (ChnFtrs) outperformed HOG substan-
tially, achieving 86% detection versus 77% for HOG at 1 false
positive per image on INRIA full images, and 60% versus 50%
on Caltech Pedestrian benchmarks [49]. Finally, the use of a
lookup table with integral images speeds up HOG computation
by 5-10x%, enabling efficient real-time detection [50]. Collectively,
these findings highlight both the robustness of HOG and practi-
cal avenues for improvement across different operating contexts.
A similar pattern of limitations is seen in holistic face-recognition
methods. Traditional approaches such as Principal Component
Analysis (PCA)-based Eigenfaces are particularly vulnerable to
partial occlusion, since occlusion corrupts the global feature rep-
resentation. Empirical results confirm that recognition accuracy
for PCA can drop sharply as occlusion increases. For example,
on the FRGC v2.0 dataset, PCA recognition accuracy fell from
approximately 86% at 30% occlusion to about 61% at 40% occlu-
sion [51]. This underscores the need for more robust methods,
such as local feature-based or occlusion-aware approaches. Scal-
ability to large datasets and robustness against occlusion thus
remain persistent challenges in handcrafted methods.

Deep learning greatly changed this situation. CNNs revo-
lutionized feature extraction as they learned hierarchical repre-
sentations directly from the data. Unlike HOG or SIFT, CNNs
are capable of learning variations specific to datasets and more

Table 2
Comparison between traditional methods and deep learning—based method
Method Type ODS F-score Key highlights
Canny (1986) Traditional — (baseline) Classic, efficient baseline, but low
accuracy on BSDS500
HED (2015) Deep Learning 0.782 Introduced deep supervision and multi-

Structured Forests  Learning-Based

NHP-based Deep Deep Learning 0.818
Network
NBED (2024) Deep Learning 0.838

Near SOTA (no exact value)

scale features; large improvement over
handcrafted detectors

Patch-based structured learning; real-
time, efficient, and competitive accuracy

Surpassed human-level performance
(human ~ 0.803)

State-of-the-art encoder—decoder model
on BSDS500
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Figure 6
Comparison of different CNN models’ performance
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complex patterns since they can surmount handcrafted features’
robustness and scalability limitations. For instance, AlexNet
reduced the ImageNet classification error from 26.2% relative to
conventional methods to 15.3% [52]. High-performance detec-
tors such as Faster R-CNN, YOLO, and SSD employ CNN
backbones to enable real-time detection with high precision.
They convincingly surpass traditional sliding-window pipelines
on HOG and SVM by achieving notable speed and accuracy
improvements. For example, YOLOv4 achieves 43.5 mAP [53]
on the COCO [54] benchmark while traditional methods fall
behind. Figure 6 shows a fuzzy logic-based image enhance-
ment method [55] that enhances a concatenated CNN model for
pneumonia detection. The study demonstrates that classification
performance is significantly improved using fuzzy entropy—based
enhancement, achieving 98.9% accuracy, 99.3% precision, 99.8%
Fl-score, and 99.6% recall, thereby outperforming traditional
image enhancement methods in medical image analysis.

Besides detection, deep segmentation models such as U-Net
and DeepLab utilize context-aware learning to capture high-
level semantic features. As opposed to the common techniques
such as GMMs, the models learn complex spatial dependencies
through complex object structures. For instance, DeepLabv3+
achieves 89% mean Intersection over Union on PASCAL VOC
2012 [56], as compared to 74.7% achieved by Conditional Ran-
dom Field (CRF)-based algorithms [57]. These capabilities are
further generalized in models such as GANs and VAEs, enabling
data augmentation and realistic image generation. These mod-
els address the issues of data scarcity in training datasets by
diversifying and scaling them. For example, GAN-based data
augmentation has been shown to improve CNN accuracy on
medical imaging-related tasks by 5-10% [58].

Meanwhile, GMMs remain widely used for background
subtraction and density estimation due to their computational
efficiency. However, they assume linear separability in the fea-
ture space, which limits their ability to model complex textures
and object boundaries. Classical GMM-based background sub-
traction methods achieve moderate F-measure values (often in
the 0.70-0.80 range depending on scenario) on standard bench-
marks such as CDnet2014 [59]; by contrast, modern deep learning
approaches such as the FgSegNet family reach F-measure values
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of ~0.98 on the same dataset [60]. ViTs replace convolutional
layers with multi-head self-attention across patches of the image,
which natively allows them to model global context. When
scaled up and pretrained on extremely large datasets (e.g., JFT-
300M), ViTs have been demonstrated to surpass equivalent CNNs
on ImageNet (e.g., large ViT sizes achieve ~88.5% top-1 after
enormous pretraining), though small ViT sizes trained on only
ImageNet-1k tend to perform worse than powerful ResNet base-
lines (ResNet-152 top-1 ~78%), so the benefit relies heavily on
model scale and pretraining dataset [61]. Figure 7 [62] pro-
poses TransResNet, a parallel Transformer-CNN architecture
with a Cross Grafting Module that fuses multi-resolution fea-
tures for improved medical image segmentation, demonstrating
state-of-the-art or competitive performance across 10 datasets,
including skin lesion, retinal vessel, and polyp segmentation
tasks.
Taken together, these observations reveal a clear divide:

a. Traditional methods (HOG, GMMs) are interpretable but
fail under occlusion, noise, and large-scale variability.

b. Deep learning methods (CNNs, ViTs) achieve supe-
rior performance (+10-20% in accuracy) but demand high
computational power.

c. GANs and VAEs uniquely address data scarcity, a critical
bottleneck in earlier pipelines.

d. ViTs offer a promising direction for modeling long-range
dependencies, though efficiency and data requirements remain
unsolved challenges.

From this review, several key findings emerge. First, deep
learning approaches universally outperform traditional methods
in terms of accuracy, scalability, and robustness. For example,
CNN-based edge detectors achieve ~15-20% higher F-scores than
Canny. Second, fusion of features, whether handcrafted (e.g.,
HOG + color) or deep (multi-scale CNN features), consistently
improves performance, suggesting that leveraging complemen-
tary cues yields statistically significant benefits. Third, robustness
to occlusion and corruption remains a challenge. While CNNs
and ViTs outperform classical methods, performance still drops
significantly under adverse conditions. Finally, ViTs show partic-
ular promise for long-range dependency modeling and occlusion
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Figure 7
Example images with ground truth and predicted masks for skin lesion (row 1), polyp (row 2), and retinal vessel (row 3) segmentation
tasks
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Table 3
Summary of the comparison of traditional versus deep learning approaches in computer vision
Method Key statistics Strengths Weaknesses/findings
HOG + SVM Miss rate ~10% at 10 FPR Efficient, interpretable Poor under occlusion/clutter
(pedestrian detection)
Canny ODS F-score ~0.811 on Good localization Sensitive to noise, tuning required

BSDS500

CNN (e.g., ResNet-50) Top-1 ~80.67% on ImageNet

ViT-B/16 Top-1~79.9% on ImageNet

ViT in medical imaging 95.2% accuracy (kidney stone

task)

GAN (CNN Boost CNN accuracy on
discriminator) medical imaging tasks by
5-10%
GMM Above 80% F1-score on the

PETS2001 dataset

Strong local feature extrac-

Global context, robust to

Superior in complex domains

Stable generative performance

Simple, unsupervised

Limited global context

tion, efficient for small

data

Data-hungry, compute-intensive
occlusion

Not ideal for low-data tasks

Transformer-based discriminators
less reliable

Too simplistic for rich image

segmentation content

resilience, but they remain computationally expensive and less
interpretable. Table 3 summarizes these key findings.

In diverse domains, computer vision continues to deliver
measurable real-world performance improvements. In medical
imaging, CNN-based models tripled in accuracy for pneumonia
diagnosis (up to ~95%), achieved ~98% accuracy and preci-
sion in tuberculosis detection, and even exceeded 99% accuracy
in Chronic Obstructive Pulmonary Disease (COPD) exacerba-
tion prediction on chest X-rays and CT scans [63]. Meanwhile,
ViTs applied to medical imaging achieved an F1 score of 0.9532
and a recall of 0.9533 on chest X-rays, signaling competitive
performance with CNNs [64]. In autonomous driving, certain
LiDAR-based models on the KITTI benchmark now reach car
detection Average Precisions (APs) in the high 80s (e.g., ~90%
on the “moderate” difficulty), often while running at real-time
frame rates [65]. Sports applications likewise reflect impres-
sive accuracy—computer vision systems such as Hawk-Eye help
increase key decision accuracy in soccer from 82% to 96%,
while deep learning models using convolutional Long Short-Term

Memory networks (LSTMs) achieve 97% classification accu-
racy in beach-volleyball activity recognition [66, 67]. Lastly, in
military-esque or high-speed tracking scenarios, specialized CNN
processors supporting ultra-high frame rates (e.g., tens of thou-
sands of frames per second) are used for tasks such as missile
tracking and spark-plug detection, providing precise, real-time
analysis that far outpaces traditional compute methods [68, 69].
Thus, in summary, it has been made clear through evi-
dence that, although deep learning may take the top spot
in accuracy and robustness, classical approaches, as well as
learning-based approaches, have their own advantages in effi-
ciency, interpretability, and applicability in resource-constrained
environments. The future of research in this field, therefore, does
not lie in discarding traditional approaches, but rather in using
a mix of traditional approaches, learning-based approaches, and
deep learning approaches, thereby achieving a balance between
efficiency, interpretability, and accuracy. Traditional approaches,
such as edges and HOG, help in achieving efficiency through
lightweight processing, thereby reducing complexity. Moreover,
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it also improves interpretability through traditional visual cues,
while deep learning improves accuracy through semantics.

The comparison between different domains also indicates
the areas of strength, weakness, and research direction, thereby
helping us understand what areas need more research, thereby
indicating future trends.

8. Emerging Trends and Future Prospects

Computer vision trends and opportunities are marked by
innovation in Al techniques, real-time processing, improved
spatial interpretation, and greater focus on explainability and fair-
ness. More potential lies ahead with advancements in multimodal
learning, synthetic data, healthcare, and privacy-preserving tech-
niques, transforming industries and enabling human—computer
interaction.

8.1. Trends

Al-powered and Deep Learning Advances: Deep learning,
particularly with CNNs, remains a top approach in computer
vision, yet emerging advances such as ViTs are gaining more
traction. These models, which are founded on the self-attention
mechanism, illustrate state-of-the-art performance on image clas-
sification and object detection tasks, rivaling the traditional
CNN-based models. As Al models become more powerful and
capable of handling massive datasets [70], the accuracy and
robustness of computer vision systems will continue to improve.

Edge Computing and Real-Time Processing: However, with
the emergence of edge computing [71], computer vision is also
used for real-time applications where the processing is done on
the device itself and not on the cloud. This is another area that
is important to the development of autonomous cars, robots,
and augmented reality (AR). Other devices, such as smartphones,
drones, and wearable devices, are employing computer vision for
edge computing.

Explainability and Fairness in AI: As Al models, especially
computer vision, are being used for high-stakes applications such
as healthcare, security, and law enforcement, the need for explain-
able AI [72] has been rising. The aim of the researchers is to make
the decision-making process of computer vision more transpar-
ent so that humans can better understand the process. Another
important aspect of computer vision is fairness and bias, and
the need to reduce discrimination using diverse techniques and
datasets.

3D Vision and Spatial Awareness: The future of computer
vision is heading toward better 3D vision [73], where objects and
their relations are understood in 3D space. This includes improve-
ments in depth sensors, stereo vision, and LiDAR, which can be
applied to autonomous vehicles, AR, and robotics. This is going
to allow a more holistic understanding of the environment, which
can be used for complex interactions and predictions.

8.2. Future prospects

Multimodal learning and cross-modal systems are an emerg-
ing trend, combining visual, auditory, and textual data to support
computer vision models [74]. Integrating vision with NLP [75]
enables tasks such as image captioning and visual question
answering. This movement leads to more holistic Al systems that
understand and respond to the world more like humans.

Synthetic Data and Augmentation: As obtaining large
labeled datasets is costly and tedious, synthetic data generation
[76] is becoming popular. Synthetic data is created via simulation,
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rendering, or generative models such as GANs. These meth-
ods produce diverse labeled data for object detection and scene
understanding, enhancing training without real-world data, espe-
cially in applications such as autonomous driving, where data
collection is expensive.

Al in Healthcare and Diagnostics: The use of computer
vision in healthcare is increasing with advances in medical image
analysis. Al systems can identify early disease signals [77],
from cancer detection in radiology to retinal disease detection.
Improved Al diagnostics will be increasingly used in clinics to
assist physicians, reduce errors, and provide faster diagnoses,
improving patient outcomes.

Augmented Reality (AR) and Virtual Reality (VR): Com-
puter vision is central to the development of AR and VR
technologies [78]. As AR and VR devices are increasingly used in
industries such as entertainment, education, and retail, computer
vision will make the experience more interactive and immersive.
For example, real-time object detection and tracking in AR will
enable users to interact with the virtual world placed over their
real surroundings. While that happens, VR platforms will utilize
computer vision to render simulations more realistic and improve
users’ experiences.

Privacy-Preserving Computer Vision: With increasing pri-
vacy concerns, privacy-preserving [79] computer vision techniques
are becoming increasingly popular. For instance, federated learn-
ing offers a framework to train models on decentralized devices
without raw data ever leaving the device, ensuring privacy. It will
be crucial in applications such as surveillance, healthcare, and
personal assistants that involve sensitive data.

9. Discussions

The above article provided an overview of the history and
current status of computer vision, focusing on Al and how it aids
in understanding images. Computer vision is a wide and complex
field, and the above article has discussed the basics of computer
vision to ensure that the reader understands computer vision in
a better manner. Computer vision is a rapidly evolving field, and
the latest developments in computer vision are a clear indication
of its importance in Al. Images have been used within this essay
to make the topic interesting and easy to understand. Computer
vision is a technology used within Al to interpret images.

10. Conclusion

In conclusion, computer vision is the foremost technology
of AI wherein machines can decode and understand visual data.
Despite vast strides in developing computer vision algorithms
and techniques, there are limitations and limitations. Despite the
advancements, technical problems related to the proper inter-
pretation of complex settings and machines being capable of
truly “understanding” real-world scenarios are still extensive. The
future of computer vision is highly promising, with ongoing
research continuously pushing the frontiers of innovation. With
additional advancement of such technologies, they will have a
greater effect on other sectors, offering groundbreaking solutions
to medicine and autonomous systems. The continued evolution
of computer vision will undoubtedly play a vital role in shaping
the destiny of Al
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