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Abstract:

Digital image processing is really important in science and technology. It affects a lot of things like
diagnostics and intelligent systems. At the center of image processing is linear algebra. Linear algebra
is a way of using math to show and analyze pictures. It is also used to change and transform information.
This article talks about how algebra is used in digital image processing. It explains the ideas of linear
algebra like matrices and vectors. It also talks about how these ideasre used in real life. The article
looks at how algebra is used in things like making pictures look clearer and finding edges in pictures. It
also talks about how algebra is used in medical imaging. In imaging linear algebra is used to make
pictures look better and to help doctors make good decisions. The article also talks about how algebra
is used in new ways. It looks at how algebra is used with deep learning and intelligent vision
technologies. It talks about the challenges of using linear algebra with complicated algorithms. It also
talks about how algebra is being used with new technologies, like visual neural networks. Overall this
article shows that linear algebra is an important part of digital image processing. It is not a tool that is
used to help with digital image processing, but it is a fundamental part of it. Digital image processing
and linear algebra are closely connected. Linear algebra is used in parts of digital image processing
from making pictures look clearer to helping doctors make good decisions.
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Introduction:

Digital image processing includes the applied techniques on digital images for the improvement,
examination, and understanding of the visual content. It is digital signal processing's sub-area, and it
takes advantage of the algorithms for the image manipulations, providing image noise reductions and
the improvements of signal distortions. Development in any of these areas is related to the progress of
computer hardware, new mathematical techniques (especially discrete mathematics), and the
increasing needs of the industry, e.g. in medicine and agriculture and in defense) [1]. Conceptually, any
digital image is made of a rectangular arrangement of pixels, each storing values of color or intensity.
The mathematical image processing consists of the transformations of the images as well. The standard
image processing techniques, such as image improvement and analysis, are based on the
mathematical techniques of handling of the images and the algorithms resulting from those techniques.

The different methodologies address such things as image enhancement to improve quality,
restoration to fix damaged images, segmentation to identify different entities, and compression to
minimize the size of the image file. As discussed in section 2.1 on matrices and vectors, many of these
operations are based on a few of the principles of linear algebra where a user may leverage matrix
addition and/or multiplication to optimize a number of processes [2]. The fundamental role of digital
image processing can be illustrated in breakthroughs in medical imaging where accuracy is critical, and
in vision systems for autonomous vehicles. Digital image processing includes methods such as edge
detection, and feature extraction which focus on linear alterations to a set of pixels that are valuable in
keeping certain important features. The technologies associated with imaging continue to be developed
demonstrating their useful application in an even wider scope. The combination of artificial intelligence
with traditional digital image processing techniques is very impactful and can be used for the purpose
of enhancing processes in real time. The power of computational processes combined with innovation
illustrates the advancements that are being made in the area of digital image processing [3].
Importance of Linear Algebra in Image Manipulation:

Linear Algebra offers the means to utilize mathematics to facilitate the representation and processing
of images. In this domain, images are interpreted as matrices, and each matrix entry corresponds to an
individual pixel. Thus, an image can be processed via matrix equations. Common image processing
operations can be performed on matrices, including the transformations of rotation, scaling, and
translation, all of which retain the spatial relationships. The importance of these operations is
exemplified in the field of medical imaging, where the rigid transformations of matrices facilitate the
alignment of multiple images of a patient. Various filtering techniques are dependent on convolution,
which is a technigque in image processing used to enhance an image's quality. Convolution is
characterized by an algorithm known as a kernel which traverses the image and, dependent on a
matrix's linear transformation, diminishes noise or increases the prominence of the image's details [4].

Techniques in dimensionality reduction, more specifically Principal Component Analysis, utilize the
mechanisms of linear algebra to condense high-dimensional pixel data to a smaller number of pixels,
while also retaining the significant characteristics of high-dimensional data, as well as lightening the
burden of storage and analysis, while also losing insignificant details. Segmentation and object
recognition also utilize the techniques of linear algebra [5]. Medical image analysis and satellite imagery
analysis are automated with the help of algorithms, such as the K-means clustering algorithm, that
divides and conquers the problem by solving the image pixels and categorizing them according to color
and intensity. In addition to algorithms and calculations, linear algebra supports the restructuring of
image data, whether pixel by pixel, in the recognition of features, and ultimately the identification of
patterns. The significance of the study of linear algebra and its role in the processing of images
contributes to the advancement of the field of computer vision and healthcare [5-7].

Fundamental Concepts of Linear Algebra:
Matrices and Vectors:

Matrices and vectors are used to represent and manipulate images in digital image processing. A
matrix is a rectangular array of numbers organized in a pattern with rows and columns. Each number
in the matrix corresponds to the value of a pixel. A grayscale image can be represented as an m by n
matrix, where m is the height and n is the width. A color image is represented as a three-dimensional
structure since each color channel (red, green, blue) is represented with a separate matrix [7]. A vector
is a numerical sequence that represents the intensity of each pixel, or the color value of each pixel.
Pixels are grouped in various combinations to represent different structures, and to help determine their
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location in two-dimensional or three-dimensional space. Basic operations of matrices such as addition,
subtraction, multiplication, and inversion are heavily used in image processing. When matrices are
added, the pixel values of the images are merged and blended to add emphasize or soften certain
features of an image. Image processing techniques for edge detection and noise suppression are
achieved through the use of matrix multiplication to perform certain transformations like filtering and
convolution. When an image matrix is multiplied with a filter matrix, the matrix created from the pixels
of the image is changed to enabled the filter effect. Image manipulation operations such as rotation and
flipping also depend on the use of certain transformations of matrices to change the orientation of an
image [8]. Eigenvalue decomposition and similar advanced linear algebra techniques underpin methods
such as Principal Component Analysis (PCA). PCA aids in the compression of image data by reducing
its dimensions, resulting in a decreased computational load while maintaining important visual
information. Matrices and vectors are fundamental to digital image processing and the many
mathematical operations that drive advanced filtering, transformation, and feature extraction.

Linear Transformations:

In digital image processing, a linear transformation shifts vectors to vectors and maintains both the
vector sum and the scalar multiplication. The Matrix representations of linear transformations are used
to shift the position of pixels in an image. Since each pixel of an image can be treated as a position
within a vector space, many operations can be performed. These operations include rotation, scaling,
translation, and reflection. For example, a rotation matrix in two dimensions will rotate the image
counterclockwise by an angle 6 about the origin.

R(0) = | cos(B) -sin(B) |
| sin(B) cos(0) |

Multiplying this matrix by a pixel’'s coordinates (x, y) produces new coordinates, rotating the pixel
without altering the image’s structure.

Scaling uses a matrix like:
S(sx, sy) =|sx 0|
[Osy|

sx and sy allow for horizontal and vertical scaling, respectively. Pixels shift as a consequence, thus
altering the size of the image. From a geometric standpoint, linear transformations change the
dimensions and disposition of a figure. For example, shearing transforms a rectangle into a
parallelogram, maintaining proportion on one axis. Rigid transformations include a rotation and a
translation, wherein the figure is repositioned without altering its size or shape, thus preserving the
figure. Changes performed on a figure with non-rigid transformations are more elaborate. The study of
linear algebra offers various methods for executing and interpreting these transformations. These
methods are fundamental for image processing and are the basis for advanced methods in image
manipulation, such as compression and filtering, across diverse field [8-10]

Applications of Linear Algebra in Image Filtering:
Convolution Operations:

In digital image processing, convolution is a central technique for processing and analyzing images.
In its most basic sense, convolution is blending two functions into a third one using a mathematical
approach. In the case of images one of the two functions is the digital image represented as a matrix
and the other function is a matrix of the convolution kernel (or filter). Convolution works by sliding the
filter (or kernel) over the matrix of the image. As the filter slides over the image matrix, at each position,
the filter multiplies the values of the image matrix with the values of the filter, position by position, and
sums all the products to form one pixel in the resulting image [11]. This process is repeated as the filter
slides from the left to the right of the image matrix. This process is repeated all the way from the top of
the image matrix to the bottom. The resulting effect of this convolution process on the image is
determined by the filter that is chosen. For example, smoothing a blurred image using a convolution
filter works by averaging a pixel with its neighbors and reducing sharp pixel changes that could
represent noise (rather, smoothing pixel changes) [12]. The goal determines the type of convolution
that is performed. To remove noise in an image, a low-pass filter is used, whereas to focus on features
of an image, a high-pass filter is used by using a technique where a blurred version of an image is
subtracted from the original image. Using sudden pixel intensity (or brightness) changes, convolution
filters that detect edges are extremely useful for feature extraction [13].

Additionally, convolution can also be executed using linear algebra techniques such as matrix
multiplication. If we consider both the kernel and the image as matrices, we can utilize optimized
hardware or software for faster computations. This is particularly useful for large images or real-time
processing. Therefore, convolution is more than just a filter, it is the fundamental operation for several
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complex image processing functions. Convolution can be used for template matching and feature
detection, and its versatility is useful in many aspects of computer vision and image analysis [15,16].
Frequency Domain Filtering:

The filtering of images in the frequency domain is an effective technique for processing images
because it enables the enhancement of or the reduction of the importance of certain patterns appearing
in images by manipulation of their frequency components. This technique serves to convert images
from the spatial domain to the frequency domain by means of the Fourier Transfer. The transform will
decompose the image into its constituent sine waves and cosine waves. Different frequency
components are recorded. Low frequency components are associated with gradual intensity changes.
High frequency components are associated with abrupt intensity changes, such as image edges. Once
an image has been transformed into the frequency domain, certain filters are able to manipulate certain
frequency bands and enhance their or attenuate their presence. Low-pass filters cut off high frequency
components. This allows for images to be smoothed and details to not be as important. High-pass filters
are the opposite. Low frequency backgrounds are attenuated so that high frequency components
remain, thus, edges and crisp details are able to be highlighted [12-13].

Different needs result in different types of design filters. For example, Gaussian filters provide a
gradual frequency cutoff, which reduces rippling effects and maintains the quality of the image. More
advanced designs, such as Butterworth and Chebysheyv filters, provide more rapid frequency separation
but require a great deal of tuning and balancing. One of the most prominent benefits of frequency
domain filtering is efficiency, for example, convolution in the frequency domain is translated to
multiplication. This means that filtering complex designs in large images is ultimately faster than spatial
domain methods. This is especially true in live processing settings, where the resources available to
your processor are very limited. In real world, frequency domain filtering is almost always applied in
remote sensing imagery because it enhances the medical diagnostic images and reduces the noise
while preserving the important structures in the images. This proves very helpful where the clarity of the
image and the preservation of the detail are important [6,11].

Image Compression Techniques Using Linear Algebra:
Singular Value Decomposition (SVD):

Singular Value Decomposition, (SVD), is extremely useful and is, in fact, one of the main building
blocks in image processing. SVD, when paired with other techniques, can provide powerful image
compression and noise reduction. In SVD, an image is broken down into three unique components that
can be represented with three matrices, called U, Y, and V*. U contains all of the left singular vectors
(column vectors), > contains all of the singular values, with the largest singular values at the top, and
V* contains all of the right singular vectors (row vectors). SVD allows an image to be reconstructed in
an approximation form, but maintains the core features of the image in order to save storage. When an
image is compressed using SVD, the rank of the image is reduced, which saves and speeds up
computations. Additionally, there is a level of detail that can be lost when rank is reduced, and so there
is a trade off when reducing k. SVD can be extremely useful in the field of medicine for imaging, as it
allows quality noise reduction and eliminates lower singular values that simply contain noise. SVD
allows preservation of all important features of the image which is vital in imaging and photography.

SVD supports feature extraction and dimension reduction in complex datasets via principal
component analysis (PCA). SVD identifies and separates noise from a data set. Overall SVD is used
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across multiple domains to streamline complex datasets, allowing for better compression, noise
reduction, and feature extraction. [6,7,13,14].
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Figure (1): Two photographs. The first contains a grayscale image of some flowers. The second

shows the same image after compression and shows some degradation and compression artifacts.
(source: reference [14].)
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Figure (2): A diagram showing the singular value decomposition of five-times-three matrix A into
three-times-three matrix U multiplied by five-times-three diagonal matrix sigma multiplied by five-
times-five transposed matrix V. (source: reference [14].)

v

m* k k x k k xn m*n

Figure (3): A diagram showing the singular value decomposition of five-times-three matrix A into
three-times-two matrix U multiplied by two-times-two diagonal matrix sigma multiplied by two-times-
five transposed matrix V. (source: reference [14].)

Principal Component Analysis (PCA):

Principal Component Analysis (PCA) is a method to maintain the essence of certain data while
allowing for changes to be made to the data set. This is done by creating a new data set by creating
new variables, or components, which are statistically the most important from the previous data set.
Since each image is comprised of a number of high-level data points, PCA is highly efficient in
simplifying that data. The first step involves the creation of a covariance matrix from the data set that
holds the image pixel values. The wall to wall principal components of the covariance matrix is derived
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from this and is analogous to the direction of the maximum variance [4]. This is similar to the manner in
which images are represented using matrices and vectors. PCA is able to effectively reduce the noise
and the number of features while still maintaining a level of quality of the data set. This is accomplished
by retaining the principal components that account for the most variance which in turn provides the
image in a reduced number of dimensions which enables speed of processing. This overall reduction
in dimensions also contributes to a savings of the computer resources that are used for processing
large data sets. This quality of the PCA is a critical factor when working with large data sets of images.
In applications, such as facial recognition or medical imaging, PCA is commonly combined with
methods e.g. Singular Value Decomposition (SVD). PCA is also able to act as a preprocess operation
prior to SVD that is designed to emphasize relevant features, and in turn enhance image analysis and
compression.

PCA also optionally reduces the dimensionality of high-dimensional images to 2 or 3 dimensions to
facilitate visual interpretation and pattern recognition. Yet it considers the principal components as
being linear combinations of original variables, which may not be well adapted to complex images with
non-linear relations. These limitations may be surmounted by using PCA in conjunction with advanced
approaches. The comprehension of PCA is quite helpful for the application of linear algebra tools in
image processing in many fields [14].

Image Registration Methods Based on Linear Algebra:
Rigid and Non-rigid Transformations:

Image registration involves alignment of images that have been captured over time, or from various
angles. Rigid transformations are shifts and rotations that do not change the object's volume or shape.
They are appropriate for matching CT and MRI Organ scans that do not change over time. Such
transformations maintain spatial relationships, leading to precise comparisons. Non-rigid
transformations, on the other hand, accommodate movements, and changes of size or shape, and help
capture soft structures (e.g. brain). Non-rigid transformation methods, which rely on sophisticated
mathematical models and algorithms, demand more computational resources [17-23].

The aforementioned techniques can be chosen based on the type of image involved and the type of
expected distortion. Non-rigid registration is most often used on ultrasound images since the images
can be captured at varying positions and times, while rigid registration is used on surgical planning
images since the images require precise positioning both during and after the surgical procedure. Deep
learning has positively affected both types of transformations [14-19]. The neural networks speed the
registration process and increase the detection of relevant features. Both techniques still have several
shortcomings. Large deformities are difficult to accommodate by rigid transformations while poorly
configured models and excess noise in the data can lead to the formation non-rigid deformations.
Improved image registration in the areas of medical imaging, computer vision and remote sensing can
be achieved by understanding the aforementioned factors, and will lead to superior diagnosis and
treatment of diseases.

Linear
56.25%

Linear
1042%

Non-linear

Non-linear 3750%

81.25%

(a) (b)

Figure 4: Comparative analysis of deep learning-based method using different transformation types.
Pie chart (a) illustrates the distribution of different transformation types in general medical image
registration, while pie chart (b) displays the distribution in retinal image registration Full size image
(source: reference [15])

Applications in Medical Imaging:

Medical imaging relies heavily on linear algebra for the integration of images from varying modalities
including MRIs, CT scans, and ultrasounds. This integration matches images which have captured
scans at different time points and/or from different angles so that anatomical features of the body line-
up and images can be accurately interpreted for diagnoses and treatment plans. Spatial alignment
transformation matrices can be achieved by feature extraction and noise filtering using methods like
eigenvalue decomposition and Singular Value Decomposition (SVD). Rigid (or fixed) transformations
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preserve structure of tissues but are not able to adjust for the kind of changes that occur through
deformation of various tissues. Non-rigid (or flexible) transformations are the opposite because they
have the ability to morph tissue structures but require high levels of computation in order to adjust for
changes in tissue structure based on the size of the data set. The other area of image quality
improvement that linear algebra contributes to is through the convolution operations that increase the
visibility of certain details that are important for pathology identification but can also act to diminish the
visibility of other details and introduce the presence of unwanted noise. Matrix form convolution kernels
can be designed to diminish unwanted noise and improve the visibility of important details which
increase the quality of images for pathology identification. The presence of geometric distortions and
device-to-device variability are additional challenges present in image registration. Intensity-based
image registration methods can also be ineffective due to the presence of varying levels of light and
unwanted noise. Combining traditional methods with deep learning models has also been shown to
improve robustness, especially in the area of retinal imaging, where the model is able to focus on the
unique features of the vascular system. In sum, linear algebra in medical imaging contributes to the
improvement of image registration and quality, thereby improving the technology used in healthcare
and the diagnosis and treatment of patients. [15,16,17].

Segmentation Techniques Leveraging Linear Algebra:

Clustering Methods (e.g., K-means) [design a solution]:

Clustering methods like K-means are essential to image segmentation since it can classify pixels
based on color and intensity features. In K-means, a user-defined number of clusters, (K), are chosen
and pixels are assigned to these clusters randomly. The RGB value of every pixel is (K) and each value
is a point in 3D space. Once these initial groupings have been assigned, the algorithm adjusts the
groupings in a series of refinements. For each iteration, K-means calculates the center of each cluster,
called a centroid, and reassigns pixels to the centroid that is closest to it using the Euclidean distance
algorithm [18,19]. The algorithm continues to do this until the number of pixel assignments remain
unchanged, or the algorithm has completed the set maximum number of iterations. In the end, this
process creates a segmented image and groups it, based on pixel characteristics. K-means can be
combined with other techniques, such as, Principal Component Analysis (PCA) to improve performance
prior to running the K-means algorithm. PCA allows K-means to be run on more complicated and higher-
dimensional images, resulting in and image segmentation and K-means collaboration that produces a
better segmented image. Using some adaptive versions of K-means, the algorithm determines the
number of clusters on the fly based on some measurements of within-cluster variance, rather than using
a user-defined number.

Another variant, K-medoids clustering, uses actual data points as cluster centers instead of
computed centroids. This makes it more robust against outliers and better suited for noisy datasets
commonly found in real-world imaging. K-means clustering finds practical use in many fields. For
example, it helps segment tumors in medical scans and classify land use in satellite photos. Its simplicity
and speed keep it a favorite among researchers and professionals tackling image segmentation
challenges. [18-20].

Edge Detection Techniques using Matrices:

The sharp intensity changes, and therefore sharp changes in color, guide us in determining where
the borders of objects are located. Using convolution and a few technigues from linear algebra
(specifically, the use of matrices and how to manipulate them), one can quickly and efficiently apply
edge detection techniques with various ways of obtaining gradients (or gradient kernels). Such
techniques include the use of various gradients in different directions, with the Sobel operator and the
use of 2 convolution matrices (or kernels) measuring gradients in the x and y (or horizontal and vertical)
directions. By combining the two resulting images, one can then identify where there is the greatest
concentration of edges, and what direction the edges are pointing in. This illustrates the usefulness of
convolution techniques. The multi-step Canny edge detector first smoothens a picture with a Gaussian
matrix to reduce the noise. The gradients are then calculated using a Sobel or Prewitt matrix (a form of
hypograph). But this is only the first step. Convolutions and matrices are also used in the method known
as non-max suppression to sharpen edges, and in the method also known as hysteresis to select edges.
By manipulating the pixel values of the digital image, this multi-stage process can significantly improve
how an image can be interpreted.

Dilation and erosion enhance and diminish features while preserving important edges. These are
also the first steps in edge detection beyond simple filtering. Matrix-based morphological operations
with structuring elements, and linear algebra, are the foundation for support in edge detection. Rapid
changes in intensity in an image are highlighted with laplacian filters. These changes are second order
and are highlight changes due to Matrix Multiplication. Deep learning neural networks refine filters and
automatically learn features, but the model must be constructed with a strong understanding of linear
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algebra. Effective image segmentation to define the boundaries of objects, is best accomplished with
precise edge detection and the classification of pixels with K-means. [21].

Real-World Examples of Image Manipulation with Linear Algebra:

Case Studies from Recent Literature Review:

New studies show how image processing tasks can be improved by applying concepts from linear
algebra. Yang and others devised a feature-based technique for registering multi-modal biomedical
images. They applied their methods to ANHIR Grand Challenge datasets, which present images with
varying tissues and other challenging imaging issues. Their work showed better alignment of images
from different modalities. Another paper dealt with drusen segmentation in retinal images by combining
generalized low-rank approximations (GLRAM) and supervised manifold regularization. This technique,
by focusing on drusen-related features, enhanced detection by creating and maintaining a low noise
environment. Matrix decomposition is a good example of how linear algebra can be applied to image
analysis [18,19]. There has been a rise in literature focusing on the comparison of traditional and
contemporary approaches to edge detection and image segmentation. Gradient-based edge detectors,
which are considered traditional, are quite good at locating edges. However, methods based on Singular
Value Decomposition (SVD) and Principal Component Analysis (PCA) are better at image compression
with little degradation in image quality.

Convolutional Neural Networks (CNNs) have shown how useful linear algebra is in processing
images efficiently. Using models like pre-trained CNNs through transfer learning has shown increased
precision in autonomous driving and medical imaging for tumor detection. The fusion of deep learning
and linear algebra in medical imaging, specifically using SVD and linear transformations, have
enhanced diagnosis and the efficiency of operational workflows. The prospect of combining linear
algebra with upcoming innovative technologies, such as optical neural networks and generative
adversarial networks (GANSs), will broaden the depth and breadth of digitally manipulating images and
processing images in unprecedented ways. [18,22, 23].

Comparative Analysis of Techniques Used:

Many image processing techniques share common design, application, and efficiency principles,
although when looking deeper into the specifics, they can be significantly different from each other. The
Canny and Sobel techniques are among the oldest \n and yet the most frequently used techniques.
They use intensity gradients and image edges to locate their boundaries. Although these techniques
are very effective for images\nwith well defined shapes and edges, they can\r run into problems when
images are highly textured or very noisy. A more modern approach to image compression and
informative feature extraction is mathematically more complex, based on Linear Algebra via techniques
such as Singular Value Decomposition (SVD) and \nPrincipal Components Analysis (PCA). Singular
Value Decomposition (SVD) allows the compression of an image to its core components,
therebyreducing the memory requirement for storing the image, while at the same time, retaining the
essential information present \nin the image [20-23]. In contrast, Principal Components \nAnalysis
(PCA) is used to extract and retain only the components that represent the highest variance of the data.
Thus, PCA will extract the most significant and useful \ncomponents necessary for the image. A more
recent approach, the Integer Discrete Shmaliy Transform (IDST), for lossless compression and secure
image encryption presents new possibilities. In addition to integer-to integer transformed images that
can be reconstructed perfectly, the image is also made secure when sent over potentially unsafe
transmission lines, such as those used for \nmedical images.

When it comes to multi-modal biomedical imaging, methods based on features, rather than intensity,
yield better results. These methods emphasize unique landmarks on images, as opposed to the
intensity of pixel values, and therefore are better able to maintain accuracy when imaging conditions
and modalities vary. In the area of segmentation, some of the most primitive approaches, such as global
thresholding, still compete well against the most current deep learning approaches based on
convolutional neural networks (CNNs). While traditional segmentation methods are faster and demand
less computational resources, CNN-based segmentation methods are more accurate but require high
resource utilization. These differences make it possible to optimize the selection of image-processing
techniques based on the requirements and constraints of the specific case [20-26].

380 | Afro-Asian Journal of Scientific Research (AAJSR)



Table (1): Summary of the datasets used in this study, including their descriptions and unique
characteristics, highlighting the diversity in tissue types and imaging features [22].

Datasets Description

COAD_05 |Images of colon adenocarcinoma tissue characterized by complex cellular patterns and
challenging morphological features.

Breast 4 Histological images of breast tissue, which present significant structural and intensity
variations.

Kidney_4 Histological images of kidney tissue, providing a mixture of regular and irregular
structural features.

Lung-lesion_1 |Images of lung lesion samples, with high variability in intensity and texture across
different regions.

Mammary- |Tissue sections from mammary glands, presenting subtle and intricate morphological
gland_1 details.

Mice-kidney_1 [Images of mouse kidney tissue, offering a smaller scale and finer anatomical structures
for analysis.

Challenges and Limitations in the Use of Linear Algebra for Digital Images:
Computational Complexity Considerations:

The use of linear algebra in digital image processing poses significant computational challenges.
The convolution operations required for filtering involve the multiplication of large matrices. As the image
size increases, the number of calculations increases dramatically. Applying a convolution kernel over
n pixels can require about n square operations, making real-time processing difficult without advanced
methods or specialized hardware. Singular value decomposition (SVD) helps to compress images and
reduce noise, but requires serious calculations. Their cubic complexity increases with matrix size, that
poses problems for high-resolution images in fields such as medicine and remote sensing. Using SVD
is a trade-off between image quality and processing time [27].

Principal component analysis (PCA) also requires significant memory and performance due to
eigenvalue decomposition. When combined with non-linear steps or adaptive loops, their computational
cost increases even further. Clustering methods like K-means struggle with scalability. Its iterative
nature and distance calculations in high-dimensional spaces slow down performance as data grows,
with approximately quadratic time complexity. In practice workflows often combine filtering downscaling
and segmentation phases. This sequence increases the overall computational load. Fast processing
without loss of accuracy is crucial in time-sensitive fields such as medical diagnostics and remote
sensing. The main challenge is to run complex algorithms efficiently enough for practical use in various
digital imaging applications. [27,28].

Potential Errors in Transformation Processes:

Errors occurring during the transformation steps of linear algebra-based image processing can
significantly reduce the accuracy and reliability of the results. You know what? Many factors contribute
to these errors including geometric distortions noise interference and limitations of optimization
algorithms. And oh yeah When converting 3D objects to 2D images geometric distortions often interfere
with correct image alignment during registration tasks. Scale shifts or perspective changes distort real-
world spatial relationships causing displacement. Noise also plays a major role in the introduction of
errors. This could be due to poor lighting sensor failure or environmental conditions causing pixel values
to deviate far from their true representation. As discussed earlier inconsistent image quality challenges
uniform processing often resulting in blurry or blurry images that make analysis and conversion difficult.

The complexity of the transformation algorithms itself contains risks. Many rely on iterative
optimization methods that can get stuck in local minima instead of finding the best overall solution. For
example, singular value decomposition works well for dimensionality compression or reduction but still
faces these convergence problems. They have the potential to significantly bias the results so the use
of robust statistical techniques helps control their influence while keeping the overall accuracy intact.
Clustering and segmentation methods must handle these anomalies carefully to avoid degrading
results.

The linear transformation is affected when the source and target images differ significantly in
intensity resolution or feature position. These inconsistencies make matching difficult and cause
additional discrepancies during processing. On the compute side running large operations involving
matrices is resource intensive. Without enough memory and processing power systems slow down and
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rely on approximations that increase the potential for error. Reducing these errors requires continuous
improvement of algorithm design and robustness. And oh yeah Increasing noise tolerance and reliable
convergence of algorithms are essential steps towards more reliable image processing using linear
algebra techniques [24-29].

Future Directions and Trends in the Application of Linear Algebra for Digital Imaging:
Emerging Technologies and Innovations:

New developments in linear algebra and image processing are reshaping and transforming the way
images are analyzed. One exciting development is the emergence of optical neural networks (ONNS).
These networks use optical matrix and vector multiplication to encode and decode information.
Compared to traditional electronic systems ONNs consume much less energy and can handle real-time
tasks more efficiently. They show promise in areas such as medical imaging autonomous driving and
edge computing where low power consumption and high performance are essential. Another area
receiving more attention is the combination of deep learning and classical image segmentation
techniques. This combination increases accuracy while reducing the need for manual labor. The
Segment Anything Model (SAM) illustrates this approach well; it automates image segmentation without
sacrificing accuracy. By integrating these approaches researchers seek to capitalize on their strengths
and overcome their weaknesses [29-32].

On another front quaternion-based methods improve the handling of 3D transformations of images.
Quaternions offer an elegant solution to complex rotations creating a simplified mathematical process
for working with spatial data. This makes it valuable to improve the display and processing of 3D images.
Generative models also open new doors especially tools like autoencoders and generative adversarial
networks (GANSs). These models use linear algebra to generate new data from existing images while
leaving the essential features intact. Looking ahead as these technologies continue to develop the
combination of linear algebra and image processing will reach new heights. We can expect
improvements not only in image quality but also in the depth of analysis in areas such as healthcare
robotics etc.

Interdisciplinary Approaches to Image Processing:

The fusion of linear algebra and image processing has initiated new approaches that connect
computer science medical imaging and artificial intelligence. Deep learning models combined with linear
algebra techniques improve classical segmentation methods enabling more detailed analysis and better
medical diagnosis. For example, K stands for grouping images by pixel density or color and its accuracy
increases when combined with deep learning. Multimodal image registration that aligns images from
sources such as PET and CT also takes advantage of linear algebra [15-17]. These methods integrate
functional and anatomical data for clearer diagnosis. Efficient algorithms based on linear algebra handle
complex deformations of medical images and use non-rigid transformations to handle changes in the
data. In addition to healthcare linear algebra is advancing remote sensing through the development of
satellite image processing. Matrix operations efficiently gain insight into environmental changes that is
vital due to the computational requirements of this data. Innovations such as optical neural networks
combine traditional linear algebra with machine learning. It accelerates tasks such as convolution
through fast matrix multiplication enabling real-time image processing in autonomous driving and
interactive systems applications. Looking to the future the integration of physics and engineering
knowledge with linear algebra may open new techniques for handling 3D transformations or generating
synthetic datasets using generative adversarial networks. You know what? As research moves toward
unified image processing frameworks cross-domain collaboration will fuel innovative solutions and
reshape how we work with digital images.

Conclusions:

» Digital image processing really relies on algebra to work properly it gives us a simple and
efficient way to show and change image data.

* We use linear algebra to do things like filter and compress images. It is very important for
these tasks.

= Some techniques like SVD and PCA are very good at reducing the amount of data in an
image while keeping the parts and they make things work faster.

= Inimaging linear algebra helps doctors make better diagnoses by making the images clearer
and matching different types of data together more accurately.

= Even though linear algebra is very useful it can be slow. Get confused by noise especially
when we are working with very detailed images.

= Lately people have been combining algebra and deep learning to make image processing
systems that can adapt to new things and work better.

382 | Afro-Asian Journal of Scientific Research (AAJSR)



References:

[1] Wikipedia Contributors, “Digital Image Processing,” 2026. [Online]. Available:
https://en.wikipedia.org/wiki/Digital_image_processing

[2] Northwestern University, “ELEC_ENG 420: Digital Image Processing,” 2026. [Online]. Available:
https://www.mccormick.northwestern.edu

[3] University of Electronic Science and Technology of China, “Digital Image Processing and
Application (UESTC4035),” 2026. [Online]. Available: https://www.gla.ac.uk

[4] Codefinity, “Courses with Certificates | Online Learning Platform,” 2026. [Online]. Available:
https://codefinity.com

[5] S. V. Joshi et al., “Application of Linear Algebra in Image Processing for Medical Electronics,” 2024.
[Online]. Available: https://internationalpubls.com

[6] Fiveable Content Team, “Computer Graphics and Image Processing,” 2025. [Online]. Available:
https://fiveable.me

[7] S. Rasappan and P. Rajan, “An Overview of Linear Algebra in Image Processing,” 2023. [Online].
Available: https://filesO1.core.ac.uk/download/590898253.pdf

[8] M. Durga Devi and G. S. Naga Sushma, “Linear Algebra in Image Processing,” JETIR Journal,
2022.

[9] G. Dhanorkar, N. Nalawade, and P. Patil, “Linear Algebra and Image Processing Using Python,”
Turkish Online Journal of Distance Education and Learning, vol. 11, no. 2, pp. 1-5, 2023.

[10] K. Kuttler, “Vector Spaces,” in A First Course in Linear Algebra, 2022. [Online]. Available:
https://math.libretexts.org

[11] S. P. Awate and A. K. Bhide, “Medical Image Computing and Digital Image Processing Resources,”
2025. [Online]. Available: https://www.cse.iitb.ac.in/~suyash/digital_image_processing.html

[12]. University of Oslo, “IN2070: Digital Image Processing,” 2026. [Online]. Available:
https://www.uio.no

[13] R. M. Thair, “Matrix Decomposition Methods in Image Processing,” 2024. [Online]. Available:
https://uomus.edu.iq

[14] Apple Developer Documentation, “Compressing an Image Using Linear Algebra,” 2026. [Online].
Available: https://developer.apple.com

[15] Q. Nie, X. Zhang, Y. Hu, M. Gong, and J. Liu, “Medical Image Registration and lts Application in
Retinal Images: A Review,” 2024. [Online]. Available: https://link.springer.com

[16] S. V. Joshi, S. Saoji, S. V. Patil, D. Dhabliya, and Y. Gandhi, “Application of Linear Algebra in
Image Processing for Medical Electronics,” 2024. [Online]. Available: https://internationalpubls.com
[17] B. Ali, M. M. Algahtani, E. M. Alkhybari, A. H. D. Alshehri, M. Sayed, and T. Ali, “Optimising
Multimodal Image Registration Techniques: A Study of Non-Rigid and Affine Methods for PET/CT
Integration,” Diagnostics, vol. 15, no. 19, 2025.

[18] P. Sharma, “A Step-by-Step Guide to Image Segmentation Techniques,” 2026. [Online]. Available:
https://www.analyticsvidhya.com

[19] IBM, “What is Image Segmentation?” 2015. [Online]. Available:
https://www.ibm.com/think/topics/image-segmentation

[20] H. Bandyopadhyay, “An Introduction to Image Segmentation: Deep Learning vs Traditional,” 2021.
[Online]. Available: https://www.v7labs.com

[21] Z. Yang, C. Ni, L. Li, W. Luo, and Y. Qin, “Three-Stage Pavement Crack Localization and
Segmentation Algorithm Based on Digital Image Processing and Deep Learning Techniques,” Sensors,
vol. 22, no. 21, 2022.

[22] M. J. Shojaei, L. Yang, K. Shojaei, J. Doungchawee, and R. W. Vachet, “Feature-Based Method
for Multi-Modal Biomedical Image Registration,” Scientific Reports, 2025.

[23] S. Hamlomo et al., “A Systematic Review of Low-Rank Matrix Approximation in Big Data Medical
Imaging,” Neural Computing and Applications, 2025.

[24] J. Ofverstedt, Methods for Reliable Image Registration, Uppsala University, 2022.

[25] N. Buhl, “Guide to Image Segmentation in Computer Vision: Best Practices,” 2024. [Online].
Available: https://encord.com

[26] A. Daoui, H. Mao, M. Yamni, Q. Li, O. Alfarraj, and A. A. Abd El-Latif, “Novel Integer Shmaliy
Transform for Lossless Compression and Encryption of Medical Images,” Mathematics, vol. 11, no. 16,
2023.

[27] H.Y.Yan, Y. M. Huang, and Y. Yu, “A Matrix Rank Minimization-Based Regularization Method for
Image Restoration,” Signal Processing, 2022.

[28] S. Hamlomo, M. Atemkeng, Y. Brima, C. Nunhokee, and J. Baxter, “A Systematic Review of Low-
Rank and Local Low-Rank Matrix Approximation in Big Data Medical Imaging,” 2025.

383 | Afro-Asian Journal of Scientific Research (AAJSR)


https://en.wikipedia.org/wiki/Digital_image_processing
https://www.mccormick.northwestern.edu/
https://www.gla.ac.uk/
https://codefinity.com/
https://internationalpubls.com/
https://fiveable.me/
https://files01.core.ac.uk/download/590898253.pdf
https://math.libretexts.org/
https://www.cse.iitb.ac.in/~suyash/digital_image_processing.html
https://www.uio.no/
https://uomus.edu.iq/
https://developer.apple.com/
https://link.springer.com/
https://internationalpubls.com/
https://www.analyticsvidhya.com/
https://www.ibm.com/think/topics/image-segmentation
https://www.v7labs.com/
https://encord.com/

[29] F. Darzi and T. Bocklitz, “A Review of Medical Image Registration for Different Modalities,”
Bioengineering, vol. 11, no. 8, 2024.

[30] M. Kim, Y. Kim, and W. |. Park, “Image Processing with Optical Matrix—Vector Multipliers for
Encoding and Decoding Tasks,” Light: Science & Applications, 2025.

[31] R. Pandey, “A Bird’s-Eye View of Linear Algebra: Why Is Matrix Multiplication Like That?” 2025.
[Online]. Available: https://towardsdatascience.com

[32] S. Miron, J. Flamant, N. Le Bihan, P. Chainais, and D. Brie, “Quaternions in Signal and Image
Processing: A Comprehensive Overview,” 2023.

384 | Afro-Asian Journal of Scientific Research (AAJSR)


https://towardsdatascience.com/

