
 
 

30 
  

 
 

THE ROLE OF IMAGE PROCESSING IN COMPUTER VISION TECHNOLOGIES 
Abdusalim Kakhkhorov 

qahhorovabdusalim@gmail.com 
National University of Uzbekistan is named after Mirzo Ulugbek  

https://doi.org/10.5281/zenodo.17091831 
Image processing and computer vision are closely related fields in digital imaging. Image 

processing refers to the manipulation of raw image data to improve or prepare it for viewing 

and analysis. It involves altering or enhancing images (for example, adjusting contrast or 

removing noise) so that they are more interpretable by humans. In contrast, computer vision 

focuses on enabling machines to interpret and understand visual content. Computer vision 

systems automatically extract semantic information from images without human intervention. 

In one definition, “computer imaging” encompasses both fields as “the acquisition and 

processing of visual information by computer”. A key distinction is that computer vision 

produces information for machine-based decision-making, whereas image processing 

produces images for human use. Historically, image processing evolved from electrical-

engineering and signal-processing techniques (e.g. image enhancement, restoration, 

compression), while computer vision grew from AI and robotics (e.g. pattern recognition, object 

classification). Today the two areas overlap in modern vision systems: raw images are first 

filtered and enhanced by image-processing algorithms, then analyzed by vision algorithms to 

recognize objects, faces, scenes, or actions. High-quality preprocessing often significantly 

improves subsequent vision tasks. 

Computer vision systems rely on a variety of fundamental image processing methods as 

building blocks. Important techniques include: 

 Filtering: Filtering operations modify pixel values based on local neighborhoods, serving 

tasks like noise reduction or edge enhancement. For example, a simple mean filter (low-pass 

filter) replaces each pixel by the average of its neighbors, which smooths out random noise. 

Other smoothing filters include Gaussian blurring. Conversely, high-pass filters (e.g. Laplacian 

or unsharp masks) enhance edges or details. In practice, convolutional kernels implement these 

filters across the image. Filtering is often the first step in a pipeline, cleaning or sharpening an 

image before further analysis. 

 Segmentation: Segmentation partitions an image into meaningful regions or objects. A 

basic method is thresholding, which converts grayscale images to binary by marking pixels 

above a threshold as foreground and the rest as background. More advanced approaches 

include region growing, clustering (e.g. k-means), graph cuts, and watershed algorithms. 

Effective segmentation creates homogeneous segments that simplify the image representation. 

As Abdulateef et al. note, “image segmentation is the dividing of a specific image into a number 

of homogeneous segments”, yielding simpler forms that improve pattern recognition. Good 

segmentation can isolate objects (e.g. cells, tumors) from background, making later analysis 

(like object classification) more accurate. 

 Edge Detection: Edge detection finds significant transitions in intensity, highlighting 

object boundaries. Common algorithms (e.g. Sobel, Canny, Roberts) compute image gradients 

to locate sharp changes. Edge detection dramatically reduces data volume by filtering out 

irrelevant information while preserving structural features. In fact, edges often carry 

“significant information about the image structure and shape” useful for vision tasks. Many 
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vision pipelines use edge maps as a preprocessing step for shape analysis, object detection, or 

stereo matching. For example, extracting edges helps in outlining objects or counting cells. 

 Morphological Operations: These are shape-based filters (typically applied to binary 

images) that process images according to spatial structures. The basic operations are erosion 

(removing boundary pixels) and dilation (adding pixels to object boundaries). More complex 

operations like opening (erosion followed by dilation) and closing (dilation then erosion) can 

remove small artifacts or fill small holes. Morphological operations are used to refine 

segmentation masks: for instance, closing can bridge small gaps in detected objects, while 

opening can eliminate tiny spurious regions. In industrial and medical vision, morphology helps 

clean up binary images (removing noise or connecting components) before shape analysis. 

Together, these image-processing techniques form the low-level toolbox for vision. They 

prepare and simplify images so that higher-level computer-vision algorithms can operate more 

effectively. 

Image processing underpins many contemporary computer-vision applications by providing 

necessary data preparation and feature extraction. Key examples include: 

 Facial Recognition: Face recognition systems first detect and align faces in images (often 

using filtering and edge detection) and then extract features for identification. Modern systems 

rely on deep convolutional networks that learn complex feature representations directly from 

raw pixels. Face verification (confirming whether two images contain the same person) is a 

major computer-vision task with security applications (e.g. authentication for devices or 

passports). As Kilany and Mahfouz report, “face verification is an active research topic in 

computer vision” used in authentication, driver’s licenses, and airport security. These systems 

typically use deep CNNs to extract discriminative facial features and have achieved very high 

accuracy (e.g. over 99% on standard benchmarks). Image processing (illumination 

normalization, alignment, filter banks, etc.) is crucial here: cleaner, enhanced face images lead 

to more reliable recognition. 

 Autonomous Vehicles: Self-driving cars and robots rely on real-time image analysis to 

perceive their environment. Cameras capture the road scene, and image-processing algorithms 

(e.g. filtering, color correction) clean the video frames for further interpretation. Computer 

vision tasks like lane detection, traffic-sign recognition, and obstacle detection often start with 

segmentation and edge-detection of the road image. As noted in a recent survey, “environmental 

image analysis is pivotal in autonomous vehicle development and operation”, enabling vehicles 

to interpret surroundings for safe navigation. For example, semantic segmentation assigns 

every pixel to classes (road, vehicle, pedestrian), and object detection finds other cars or 

pedestrians; these outputs depend on accurate low-level processing. Advances in vision 

(especially deep learning) have made AV perception systems far more robust. 

 Medical Imaging: In healthcare, image processing is essential for analyzing scans like CT, 

MRI, and PET. Medical images often contain noise and artifacts; applying filters and 

enhancement makes anomalies (such as tumors) more visible. Segmentation is widely used to 

delineate organs or lesions from background. For instance, processing MRI brain scans with 

advanced filters helps highlight tumors for diagnosis. Digital image processing tools have long 

been applied in radiology, and the adaptability of modern vision techniques has accelerated 

progress here. As researchers observe, deep models can be trained on “medical scans” as well 

as natural images, leading to breakthroughs in diagnosing diseases from images. In practice, 
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systems may automatically segment a tumor region or detect fractures in X-rays, greatly aiding 

medical professionals. 

 Industrial Inspection: Manufacturing and inspection lines use vision systems to detect 

defects and ensure quality. Automated cameras capture products as they move on conveyors, 

and image processing filters highlight imperfections (e.g. scratches, missing parts). 

Segmentation and morphology can isolate parts from the background, while template matching 

and edge detection verify shapes. For example, a vision system might use edge templates to 

check that every PCB component is correctly placed. By automating inspection, image 

processing speeds up production and reduces human error. 

These examples illustrate that image processing is the foundation of many vision 

applications. High-level tasks like recognition or tracking typically begin with stages of filtering, 

segmentation, and feature extraction. Improvements in basic image enhancement directly 

translate to better performance in these advanced systems. 

Despite its successes, image processing for vision faces several challenges. Deep models 

have pushed the boundaries of what is possible, but they also introduce new limitations. A 

critical issue is the need for large annotated datasets. Supervised learning requires many labeled 

examples, and collecting these (especially in fields like medical imaging) can be difficult and 

expensive. Another challenge is computational cost: modern vision models are often large and 

require powerful GPUs or specialized hardware. This makes deployment on edge devices or in 

real-time scenarios challenging. Additionally, many deep vision models behave as “black 

boxes,” giving little insight into how decisions are made. This lack of interpretability is 

problematic for critical applications (e.g. medical diagnosis or autonomous driving) where 

understanding a model’s reasoning is important. 

As the survey by Gaber et al. notes, persistent challenges include “data scarcity, high 

computational costs, and the black-box nature of DL models”, which present significant obstacles 

to advancing the field. Researchers are actively exploring solutions: for instance, self-

supervised and unsupervised learning aim to reduce reliance on labels by learning from 

unlabeled data. Model compression and efficient network architectures help lower 

computational demands. Explainable AI and attention mechanisms are being integrated to 

make vision systems more transparent. 

Looking ahead, the future of image processing in vision will involve new technologies and 

paradigms. Emerging hardware (such as edge computing devices and neuromorphic chips) will 

allow more vision processing to occur directly on cameras or mobile devices, improving speed 

and privacy. Quantum computing is also being explored for potentially accelerating certain 

image operations. One review highlights that integrating DL with technologies like edge 

computing, quantum computing, and self-supervised learning “offers exciting possibilities” to 

overcome current limitations. For example, edge vision combined with federated learning could 

enable models to be trained across many devices without sharing raw images, addressing 

privacy concerns. Other important directions include improving model robustness (e.g. against 

adversarial examples or domain shifts) and addressing ethical issues like bias in vision 

algorithms. 

In summary, while challenges remain, the integration of advanced image processing with 

machine intelligence is continuing to expand the capabilities of computer vision. Ongoing 

research is focused on making these systems more efficient, interpretable, and generalizable. 
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As these developments unfold, image processing will remain the crucial foundation upon which 

smarter, more reliable vision technologies are built. 
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