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Abstract: Computer vision and image processing are rapidly evolving fields with broad applications across numerous domains, 
including healthcare, autonomous driving, surveillance, and entertainment. These fields have transformed from simple data 
recording techniques into sophisticated systems that incorporate digital image processing, pattern recognition, machine learning, 
and computer graphics. This evolution has prompted interdisciplinary interest, pushed the technology’s boundaries and expanded 
its practical uses. This paper offers a comprehensive survey of recent advancements in computer vision, focusing on image 
processing and its applications across various fields. It delves into the theoretical foundations and technologies that make 
computer vision a valuable tool for interpreting images and videos, extracting relevant information, recognizing patterns, and 
understanding events. The ability of computer vision to analyze large datasets across multiple application domains makes it 
instrumental in tasks such as object identification, facial recognition, scene understanding, and even real-time action prediction. 
This versatility has established computer vision as a key driver of data-driven insights in both scientific and commercial sectors. 
The study categorizes computer vision into four main areas: image processing, object recognition, machine learning, and 
computer graphics. Each of these categories is essential to the functionality of modern computer vision systems. Image 
processing involves techniques for enhancing image quality and extracting important features. Object recognition and machine 
learning enable the identification of specific elements within images and allow systems to learn from large datasets, enhancing 
accuracy over time. Computer graphics, on the other hand, aid in visualizing and interpreting processed data. By offering insights 
into the latest techniques and evaluating their performance, this survey highlights the current state of computer vision while 
shedding light on future trends. Computer vision’s expanding utility across various fields underscores its critical role in driving 
interdisciplinary innovation and addressing complex challenges. 
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1. Introduction 
Under the development of artificial intelligence based on 

neural network[1], such as face-action recognition[2, 3], 
multimedia system network[4-6], LLM & generative 
models[7-11], auto-driving navigation[12, 13], but also in 
Medical care[14], Spectroscopy[15, 16], human health[14, 
17-20], environmental protection[21], scientific research[18, 
22], and design optimization[23] etc., computer vision has 
emerged as a multifaceted field, evolving from simple raw 
data recording to sophisticated techniques for extracting 
patterns and interpreting information from images and videos. 
In engineering applications, progress was made by computer 
vision in surgery of liver transplantation[24-28]. Recent 
achievements in social Learning [29-36] makes even great 
insight in real-world application. As one of the most 
outstanding application field, the very biggest progress has 
been achieved in computer vision[37-43] with powerful 
software[44-46] and hardware support[47-51] like millimeter 
Wave technology and Robotics[52]. Nowadays, computer 
vision serves a wide array of applications that involve 
obtaining and analyzing visual information from digital 
inputs. Fundamentally, computer vision aims to replicate 
aspects of human vision, enabling machines to perceive, 
interpret, and make decisions based on visual data. This 
process requires techniques for feature extraction and event 
detection, which vary depending on the application domain 

and the nature of the data being analyzed. 
Computer vision integrates two key areas: image 

processing and pattern recognition[38-41, 43]. While image 
processing primarily focuses on the manipulation and 
enhancement of images to improve quality or extract useful 
features, pattern recognition involves identifying and 
categorizing objects or patterns within images. Together, 
these fields enable the creation of algorithms that can interpret 
spatial data, ultimately leading to what is known as “image 
understanding.” The development of computer vision 
techniques is heavily inspired by human visual capabilities, 
although achieving a fully human-like vision system remains 
beyond current technology due to limitations in machine 
interpretation and processing capabilities. The goals of 
computer vision and image processing, while related, are 
distinct. The primary objective of computer vision is to create 
models that extract relevant data and interpret it, allowing for 
image understanding. In contrast, image processing involves 
computational transformations such as sharpening, contrast 
adjustment, and other enhancements that optimize visual 
clarity. While closely related, these two fields sometimes 
overlap with Human-Computer Interaction (HCI)[53], which 
focuses on the design and interaction between humans and 
computers. HCI has developed as an interdisciplinary field 
that explores how humans interact with technology, 
considering user-centered design, interface ergonomics, and 
the overall effectiveness of human-computer interactions. 
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However, unlike HCI, computer vision focuses specifically 
on interpreting visual data. 

Functionally, both computer vision and human vision are 
aimed at interpreting spatial data, allowing for an 
understanding of objects, scenes, and actions. However, the 
performance of computer vision systems remains limited 
compared to the human visual system. Despite advancements, 
computer vision cannot fully replicate the nuances of human 
sight, as the systems lack the same adaptability and contextual 
understanding. Numerous challenges remain in developing 
algorithms that match the accuracy, flexibility, and 
complexity of human perception. Key difficulties include 
sensitivity to parameter tuning, the robustness of algorithms 
under varied conditions, and ensuring accurate results across 
diverse scenarios. The performance evaluation of computer 
vision systems is complex, requiring rigorous testing to 
measure attributes like accuracy, robustness, and extensibility. 
This involves examining the core behaviors of algorithms 
under different conditions, as well as their ability to adapt and 
maintain performance. Given these challenges, there is 
significant effort among scholars to enhance computer vision 
algorithms and categorize them into specialized areas of 
application. These applications range from automation in 
manufacturing and assembly lines to remote sensing, robotics, 
human-computer communication, and assistive tools for the 
visually impaired. 

Ultimately, computer vision’s advancement depends on 
improvements in computer technology, from processing 
power to algorithmic sophistication. As technology 
progresses, the field continues to expand, offering new ways 
to interpret and analyze visual information. This survey 
highlights computer vision’s essential role in bridging the gap 
between human visual capabilities and machine-based 
analysis, fostering innovations that impact various industries 
and pushing the boundaries of what machines can perceive 
and understand. 

2. Recent Research Progress  
Computer vision employs advanced algorithms and optical 

sensors to mimic aspects of human vision[47], enabling the 
automated extraction of valuable information from objects. 
Unlike traditional methods, which often require extensive 
time and complex laboratory analysis, computer vision 
integrates artificial intelligence to achieve faster and more 
effective visual data interpretation. This technology is 
frequently paired with sophisticated lighting systems to 
optimize image acquisition and enhance the accuracy of 
image analysis. By capturing digital images and improving 
their quality through preprocessing, computer vision systems 
can isolate relevant objects from backgrounds, measure 
significant features, and then interpret the data with precision. 

Recent advancements in image processing have enabled 
the creation of highly accurate digital recognition systems, 
transforming how visual data is analyzed across various 
fields[54]. These developments allow for streamlined data 
collection and more sophisticated image interpretation, 
opening up new possibilities for applications such as 
automated quality control, medical imaging, and autonomous 
navigation[55]. Computer vision has thus evolved into a 
powerful tool that can rapidly analyze images and extract 
meaningful information, enhancing traditional visual 
methods by providing a structured, efficient approach to 
image-based analysis, for example: 

Image processing in digital sound systems: Reconstructs 

audio from phonograph recordings using precision metrology 
and digital image processing to measure groove shapes 
without direct contact. 

Image processing in food analysis: Involves feature 
selection, extraction, and classification to analyze food and 
beverage imagery, focusing on role portrayal and industry 
impact. 

Convolutional Neural Networks (CNN) for object 
detection[56]: Uses artificial neural networks (ANN) for 
edge detection in image processing tasks. 

Digital image processing has become a prominent area 
within computer vision, driven by advances in several 
theoretical fields, such as mathematics, linear algebra, 
statistics, scientific computing, and computational 
neuroscience. These fields provide the foundations and 
methodologies that support the development and refinement 
of image processing techniques. Key areas of focus include 
methods for depth map estimation, where Bayesian 
techniques[57] are used to restore 3D scene structures, 
showing strong depth estimation performance with training 
data but challenges with natural images. Similarly, image 
quality assessment for retargeting methods is enhanced by 
top-down approaches, offering consistent results based on 
specific quality metrics.  

Research also extends into psychophysical experiments 
that examine human visual perception under varying lighting 
conditions, achieved through dynamic display and HDR 
technology, allowing for pixel differentiation across a wide 
luminance range. Additionally, in applied settings such as 
driver assistance systems, contrast sensitivity techniques help 
develop algorithms that monitor driver visibility and offer 
real-time mentoring for speed adjustment in low-visibility 
situations. Another key area of development is image-based 
illumination enhancement, where color pixel correction and 
decomposition methods provide a more refined approach than 
traditional histogram equalization techniques, offering 
improved visual clarity in low-light or high-contrast 
environments. These advancements collectively highlight the 
evolving landscape of digital image processing, emphasizing 
improved methodologies and application-specific adaptations. 

Pattern recognition, a fundamental area within computer 
vision, is dedicated to identifying objects through various 
image transformation techniques that improve quality and 
enable precise interpretation. This process facilitates 
information extraction and decision-making based on sensor-
captured images, with the overarching goal of enabling 
machines to “see” in a manner similar to human vision. 
Computer vision accomplishes this by following a structured 
workflow that generally includes stages such as image 
acquisition, preprocessing, feature extraction, segmentation 
or detection, high-level processing, and decision-making.  

As the most popular method, the convolutional neural 
network-based object detection are widely used in many 
applications and research[58, 59]. While, the emphasis is on 
two phases detectors such as the Region-based Convolutional 
Neural Network, like R-CNN family[60]. These stages help 
create an organized pipeline for visual information processing 
and object identification. Commonly, computer vision 
frameworks leverage two primary methodologies: 3D 
morphological analysis and pixel optimization. While 3D 
morphological analysis has established itself as a standard 
approach for image processing and pattern recognition, pixel 
optimization involves an in-depth analysis of pixel structures, 
including their morphology and internal characteristics, to 
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enhance understanding of vector functions. To gain a holistic 
perspective, these approaches are typically applied to large 
datasets covering multiple layers of geometric composition, 
making efficient and precise algorithms essential for 
extracting relevant quantitative information and 
understanding complex color clusters. 

Integrating 3D morphological analysis with artificial 
intelligence methods[38]—such as fuzzy logic, artificial 
neural networks, and genetic algorithms—further enhances 
the accuracy and efficiency of computer vision algorithms, 
especially in scenarios requiring large-scale data processing. 
These methods allow for the completion of intricate tasks that 
benefit from automated visual insights, which would 
otherwise require significant human input. In practical 
applications, computer vision employs two major approaches 
for working with image data: segmentation and retrieval. 
Segmentation involves dividing an image into distinct regions, 
each of which is comprised of pixels with similar 
characteristics, such as color, texture, or gray level. The 
segmentation process is crucial for accurately detecting and 
interpreting objects, as it creates regions that can be analyzed 
independently, making it a cornerstone in applications where 
object recognition and classification are required. Retrieval, 
in contrast, involves using these segmented regions to enable 
the search for similar images, supporting systems like 
content-based image retrieval and enhancing the functionality 
of image-based search engines. Together, segmentation and 
retrieval allow computer vision systems to process, categorize, 
and utilize visual data effectively, supporting a wide range of 
applications from automated quality inspection to advanced 
search functionalities. 

In image segmentation, popular techniques include 
methods based on intensity, color, and shape, as well as edge 
or border detection, all of which contribute to enhanced object 
recognition. In the literature, segmentation accuracy is often 

demonstrated on a small sample of images, while large-scale 
image databases require specific parameter settings for 
accurate classification. Advanced segmentation approaches 
may utilize techniques like gradient texture analysis, feature 
space exploration, and unsupervised clustering to localize 
objects accurately and define boundaries more precisely. 
Segmentation’s ultimate objective is to create a resemblance 
map derived from prominent object detection models or 
hierarchical segmentation processes. This approach supports 
a salience mapping model that aims to highlight prominent 
areas of the image. Figure1 shows the different stages in 
image segmentation. A model for this purpose would require 
the computation of pixel salience values mapped to specific 
locations within a hierarchical salience map. Some 
researchers propose an aggregation model using standard 
saliency methods to assign salience scores across all pixels 
and segments, labeling them into prominent clusters. 

However, challenges remain with such aggregation models, 
as they may lack a nuanced approach to interactions between 
neighboring pixels, which can affect segmentation accuracy 
in densely packed or complex visual data. For instance, while 
pixel-wise aggregation helps establish model parameters, it 
may overlook the local dependencies that play a crucial role 
in defining object edges and transitions in detailed image 
structures. Addressing these limitations, current research in 
computer vision segmentation is exploring more 
sophisticated models that take into account the relational 
dynamics between pixels, thus improving the reliability and 
depth of visual analysis across various applications. As 
computer vision continues to evolve, these innovations in 
segmentation and pattern recognition are laying the 
groundwork for more adaptive and context-aware visual 
systems capable of navigating and interpreting real-world 
environments with increasing precision. 

 

 
Figure 1. Segmentation in image processing: 1. Input image, 2. segmented map before integration, 3. Edge map before 

integration, 4. Segmented map and edge map after combination, 5. Pixel clustering 
 

To address these challenges, Khan proposed the use of 
Conditional Random Fields (CRF) to combine calibration 
maps from multiple methods and incorporate values from 
neighboring pixels. The CRF aggregation model enhances 
parameter optimization during training, as the reliability of 
each pixel achieves a higher prominence when trained within 
this framework. Data extraction involves capturing objects 
photographed by cameras, sensors, or satellite devices in the 

form of single images or image sequences. The primary goal 
of this extraction is to separate background elements from 
foreground objects. This process can result in three types of 
outputs: (a) the objects retain their original color, (b) the 
objects are transformed to black and white, or (c) the objects 
are rendered transparent. 

 



 

31 

 
Figure 2. Shape feature extraction from simple sketch to 

complex human image. 
 
As illustrated in Figure2, the extraction process in 

computer vision involves several steps: (a) converting object 
instances to black and white, (b) adjusting object sizes based 
on a scale factor, (c) applying transparency or color 
combinations to certain elements, and (d) scaling and 
repositioning objects, often resulting in a different appearance 
from their original form. Pixels play a crucial role in 
determining object sharpness within an image, making pixel 
optimization essential for tasks like object detection, 
segmentation, and recognition. 

In boundary-based techniques, an edge detector is used to 
identify object boundaries by detecting rapid intensity 
changes along region edges. For color segmentation, this 
detection is performed on each RGB color channel, creating 
edges that can be combined to form the final edge image. 
Local-based techniques, on the other hand, group pixels 
according to uniformity criteria, such as in region-growing 
and split-and-merge methods. In region-growing, pixels 
expand from core points into larger areas if they share similar 
features, such as color or gray values. Split-and-merge 
techniques begin by dividing an image into smaller regions, 
which are then combined based on specific criteria. Despite 
their utility, these region-based techniques have two main 
limitations: (1) they rely heavily on initial global criteria, 
which affects regional growth, and (2) the process depends on 
initial segments and original pixel values, impacting object 
detection performance. Object detection itself is used to 
search for and identify objects within both recorded and real-
time datasets, but it often has a margin of error when objects 

deviate from the pattern specified by the algorithm. To 
enhance accuracy, additional algorithms are frequently 
implemented to detect smaller features for greater detail. For 
example, in face detection, algorithms are employed to 
identify lower-resolution facial elements, such as eyes, 
eyebrows, and mouth, thereby improving machine accuracy. 
However, peripheral features like ears and neck are less 
commonly studied in detail, underscoring a selective focus in 
facial recognition processing. 

A bitmap, also known as a raster image, is an image format 
that represents an image as a collection of pixels on a 
computer screen, with each pixel assigned a specific color. 
Bitmap images are widely used in photographs and digital 
images, but their quality degrades when enlarged. If a bitmap 
image is scaled up, for instance by a factor of four, the pixels 
themselves are enlarged, leading to a blurred or pixelated 
appearance. Key terms when working with bitmap images 
include resolution, which refers to the number of pixels in the 
image, and color depth, which indicates the range of colors 
each pixel can display. Bitmap images are often generated 
using scanners, digital cameras, or video capture devices and 
are susceptible to various forms of noise. To address this, 
bitmap templates, which are standardized and easily 
processed by computers, are often used as benchmarks. In 
contrast, raw bitmap images may contain acquisition errors, 
resulting in unstructured pixel values that do not accurately 
represent the actual scene. 

Noise can enter a bitmap image in several ways, depending 
on how the image was captured. For example, when a 
photograph is scanned from film, the film grain can contribute 
to noisy pixels, as can potentially damage to the film or 
interference from the scanner itself. When images are 
acquired directly in a digital format, noise may be introduced 
by the data collection mechanisms, such as CCD detectors, or 
through electronic data transmission, which can degrade 
image quality. Figure3 shows some examples for image 
retrievals from big open database. Image processing research 
aims to develop machine learning and computing methods 
capable of recognizing patterns in increasingly varied objects. 
Machine learning, which intersects with computational 
statistics, is essential in applications like spam filtering, 
optical character recognition, search engines, and computer 
vision. Numerous algorithms, such as Gaussian-based linear 
filtering, have been developed to reduce noise. These 
algorithms effectively reduce grain noise by averaging pixel 
values within a local region, which helps diminish local 
variations caused by noise, ultimately producing clearer, more 
accurate images. 

 

 
Figure 3. Example of image retrievals using query image from big datasets of PASCAL MTH, MSD etc. 



 

32 

 

3. Conclusion and Outlook 
In conclusion, computer vision, anchored in image 

processing and machine learning, has significantly advanced 
numerous technological fields by enabling sophisticated 
analysis and interpretation of visual data. With roots in image 
processing, computer vision has become essential in 
disciplines like geographical remote sensing, robotics, 
healthcare, and satellite communication, where it enables 
efficient feature extraction and predictive analysis. By 
analyzing images and videos, researchers can study patterns, 
detect behaviors, and make data-driven predictions, 
broadening the impact of computer vision on both individual 
and environmental applications. Looking ahead, the 
continued integration of machine learning and improved 
image processing algorithms will drive further innovation in 
computer vision, enhancing both accuracy and adaptability. In 
healthcare, it offers promising advancements in diagnostics 
and patient monitoring, while in autonomous systems like 
self-driving vehicles, it supports navigation and safety. 
Environmental applications, such as climate monitoring and 
disaster response, also stand to benefit from improved 
computer vision capabilities. As the field evolves, future 
research will likely address challenges like enhancing 
accuracy under varied conditions, real-time processing, and 
reducing the computational demands of intensive algorithms. 
Combined with emerging technologies like augmented reality, 
the Internet of Things, and edge computing, computer vision 
is set to become a foundational tool across industries, 
empowering new ways of understanding and acting on visual 
information. 
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