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Abstract

The qualitative and quantitative image statistics plays a crucial role in medical image analysis. The data can be
extracted using the machine learning techniques, containing the maximum information of the image based on
their distinctive contrast, texture, or intensity fluctuations, tumors, lesions, or other pathological diseases can be
recognised statistically. The term "image statistics” refers to the numerical measurements and traits that are
employed to characterize the qualities and arrangement of pixel values inside an image. In this work, different
texture analyses are applied and verified for the effective analysis of medical images. By using advanced
applications we can even extract the data more efficiently.
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Introduction

Understanding and analyzing images relies heavily on image statistics. They offer numerical measurements
that define different aspects of an image, enabling us to gather useful knowledge and make defensible
choices[1,2]. Image statistics play a variety of roles that change depending on the application. They may be
applied to tasks including object identification, anomaly detection, image enhancement, image segmentation,
and quality evaluation. In a variety of disciplines, including computer vision, image processing, medical
imaging, and more, academics and practitioners may learn about the features of images, identify anomalies,
create algorithms, and arrive at well-informed conclusions by analyzing image statistics[3,4,5]. By identifying
anomalies and distinguishing between healthy and sick tissues, image statistics support the identification and
diagnosis of illness. Based on their distinctive look, texture, or intensity fluctuations, tumors, lesions, or other
pathological diseases can be recognised statistically[6]. The process of obtaining important insights and data
from digital photos is known as image analysis[7,8,9]. It includes a broad range of methods and algorithms for
examining different facets of an image[10]. The factors taken into account during image analysis rely on the
particular objectives and specifications of the study. Image resolution, color empty spaces, transparency,
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contrast, and sharpness are typical criteria[11,12]. Measurements can also be made of attributes including
texture, form, size, and orientation. Other factors might include object detection and tracking, item
identification and classification based on visual traits, or image segmentation to identify different regions of
interest[13]. Image data is a term for visual data that describes how an image's visual information is
represented digitally[14,15]. The colors, illumination, or arrangement in space or the visual elements
included inside an image are encoded using a set of pixel values[16]. A pixel is a very small unit of information
that holds a particular color or intensity value[17,18,19]. Each pixel may include one or more color channels
depending on the color scheme of the image[20]. Digital images utilized in a variety of fields, such as imaging,
machine vision, imaging in medicine, and graphic design, are built on image data[21]. Image data is now
widely available, simple to share, and flexible to use with a variety of software and applications thanks to the
development of modern cameras and image sensors[22]. The term "image statistics" refers to the numerical
measurements and traits that are employed to characterize the qualities and arrangement of pixel values
inside an image[23,24,25]. These figures offer insightful data about the image content, facilitating a better
comprehension and examination of the visual information[26,27]. The histogram, minimum, maximum,
mean, and standard deviation are all examples of common image statistics[28,29]. The median denotes the
midpoint of the pixel distribution, whereas the mean denotes the average pixel value[30]. In order to
determine the contrast and variance of an image, standard deviation calculates the scatter of the value of
pixels around the mean. An image's variability in pixel intensities is indicated by the minimum and highest
values[31,32]. A histogram, which depicts the frequency pattern of pixel values, may be used to spot strong
tones and potential problems like excess exposure or underexposure[33]. Images are enhanced, segmented,
objects are detected, and patterns are recognised with the help of image statistics, which are crucial to image
processing, computer vision, and numerous analytical activities[34]. One may comprehend the whole
dynamic range of the pixel intensity present by being aware of the least and highest possible values in an
image[35]. This knowledge is helpful for a variety of imaging processing tasks, such contrast modification,
whereby the pixel values may be adjusted to improve visibility or draw attention to certain aspects in the
image. The image's lowest and maximum values can also be used to check for improper exposure, since
exceptionally low or high values could signify underexposed or overexposed areas, respectively[36]. In
various image analysis programmes, where particular characteristics or entities can potentially be identified
by assessing their intensity levels within the image, determining the variety of pixel intensities are
additionally essential[37,38,39,40].

Methodology

By giving quantitative data on the scope and location of abnormalities, image statistics aid in therapy
planning. They aid in choosing appropriate treatment plans, which might involve radiation therapy or
surgical procedures. Additionally, the efficacy of therapies may be evaluated through observation of
modifications to image statistics over time. Images are improved and restored using approaches that are
guided by image statistics. Image enhancement algorithms can manipulate the hue, saturation, and noise
levels to better visualize and make correct diagnoses easier by analyzing statistical features like the median,
standard deviation, and histogram. For quantitative evaluation, illness proof of identity, planning therapy,
machine learning evaluation, images authentication, quality of images assessment, study findings, and clinical
investigations, image statistics are crucial in medical imaging. They offer accurate measurements, improve
image interpretation, and aid in the use of evidence when making healthcare decisions. Anomaly detection
heavily relies on image statistics. Anomalies can be defined as departures from established statistical models
or normative behavioral norms. This is advantageous in applications like medical imaging, where aberrant
tissues or lesions may be found based on statistical differences from healthy tissues. Image statistics are
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frequently used to rate the quality of images. A statistical analysis of factors like the amount of noise,
sharpness, or contrast can be used to gauge an image's quality. This is crucial in industries including medical
imaging, where the accuracy of a diagnosis is closely correlated with image quality. Reduces human
subjectivity and mistakes while enabling precise and objective measurements. Enables decision-making by
providing quantitative statistics along with conclusions from visual information. Saves time and money by
facilitating automation and efficiency across numerous sectors. Aids in illness detection and diagnosis using
medical imaging, enhancing patient care.

improves quality control procedures by identifying flaws and guaranteeing product uniformity.

Helps with object tracking and recognition, which enhances privacy and monitoring systems.

Allows for the use of remote sensing in urban planning, disaster management, and environmental
monitoring. Allows for a thorough investigation of tiny and macroscopic images, which supports scientific
research. drives the development of augmented reality and computer vision technology. Enables the relevant
information to be extracted from the visual data, opening up fresh perspectives and discoveries

Standard measures are used to analyze and quantify specific aspects of an image using these values. Contrast
is a measure of the variation in luminosity or color between different parts of the image, with higher values
indicating more contrast. Dissimilarity measures the differences between neighboring pixels and represents
the variety of textural elements present in the image. Greater variation is indicated by lower values, whereas
homogeneity assesses the similarity or uniformity of neighboring pixels. More complex or textured images
are indicated by higher numbers. The amount of information or overall complexity that makes up the image is
represented by energy. The correlation between different pixel pairs in the image shows how linearly
dependent they are on one another, with values closer to 1 showing a strong correlation.

Image contrast is the distinction in brightness and color between an image's brightest and darkest areas. It is
essential for improving an image's visual impact and clarity. A high contrast photograph has clear, crisp edges
and a strong feeling of depth, which makes the subject stand out clearly. On the other side, a low contrast
image lacks visual appeal and seems flat since there is less tone distinction. Graphic designers and skilled
photographers frequently utilize contrast changes to produce visually appealing images that focus the
viewer's attention to certain details and add drama and emotion. A boring landscape may be turned into a
riveting piece of art by striking just the perfect amount of contrast, which increases its impact and leaves an
enduring memory.

Image dissimilarity is a measurement of how differently two or more photographs are from one another. To
analyze and characterize the differences between images, it is a fundamental idea within computational
imaging and computer vision. Image dissimilarity is calculated using a variety of methodologies, including
pixel-based comparisons, feature extraction, and advanced learning algorithms. In order to perform tasks like
image retrieval, object identification, and image comparison, it is important to be able to determine the
degree of image dissimilarity. Researchers and practitioners may learn more about the differences and
similarities of images by quantifying dissimilarity, which can help with a variety of statistical image analysis
techniques and identification of patterns tasks.

image homogeneity, commonly referred to as uniformity, is the measurement of consistency or uniformity in
an image. It measures how consistent or comparable individual pixel intensities are across an image's
immediate neighborhood. A neighborhood with comparable pixel intensities has an appearance that is
smoother and more uniform, which is indicated by a high homogeneity rating. In contrast, a place with a low
homogeneity index is likely to be more diversified and textured. This idea is frequently applied during texture
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analysis and extraction of features activities to assist distinguish between various areas of an image with
distinctive textures. Understanding image homogeneity is essential in many areas, notably medical imaging,
where it helps to spot abnormalities or regions of interest with distinctive textural characteristics.

The degree of intensity fluctuation or "action" in an image is measured by image energy, which is frequently
referred to as the quadratic sum or the magnitude of image gradients. It measures the degree to which local
pixel intensities fluctuate from one location to another. High energy values reflect the corners, edges, or other
intricate features in the image and are corresponding to regions with quick and large fluctuations in intensity.
Low energy levels, on the other hand, signify areas with more consistent and rounded pixel fluctuations. It is
common practice to employ image energy for edge identification, image segmentation, and removal of
features tasks, where locating regions with notable intensity change is essential for further investigation and
comprehension of the image's content.

The degree of resemblance or association between two photographs is measured by image correlation. It
entails evaluating the connection between the relevant values of pixels in both images by comparing them.
The pixel values at the respective places closely match when the correlation value is high, indicating
substantial resemblance. A poor correlation, on the other hand, denotes image dissimilarity. Image
correlation is used to align images from multiple sources or collected at various periods during different
image processing jobs, such as image registration. Additionally, it is crucial for image compression
approaches since it enables more effective data encoding and compression strategies by allowing for the
identification of associated image areas. Overall, image correlation is essential for tasks involving image
matching, alignment, and similarity evaluation in a variety of statistical image analysis and computer vision
applications.

Results and Analysis

In this work, the techniques and methodologies are applied to the medical images to show and differentiate
variations statistically using histogram graph based on the pixel value and bar graphs with min, max, and
standard deviations of the medical images for better analysis and visualization. Texture analysis of the
applied medical images is also calculated for further analysis.

Table : Texture analysis of different fundus samples.

SNO Contrast Dissimilarity Homogeneity Energy Correlation
Sample 1 6.6345 0.6609 0.7802 0.3308 0.9995
Sample 2 5.3281 0.8504 0.7257 0.3405 0.9994
Sample 3 4.5693 0.7144 0.7551 0.3398 0.9995
Sample 4 56.3711 4.6933 0.3350 0.1423 0.9688
Sample 5 13.9320 24261 0.3706 0.0422 0.9969
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extract a sufficiently good amount of data from the medical

images to analyze the data qualitatively and quantitatively, required for better diagnosis of medical images
even with a bulk data.
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