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Abstract

The rapid development of digital image processing
and machine learning has increased the need for
reliable and task-appropriate evaluation methods.
However, the wide range of available metrics,
each with different assumptions, strengths, and
limitations, makes metric selection challenging
across diverse image-processing tasks. This article
presents a task-oriented review of commonly
used evaluation metrics and proposes a practical
framework for selecting appropriate metrics across
five major categories: image quality assessment,
image classification, image segmentation, image
restoration, and object detection. Representative
metrics are reviewed based on their mathematical
basis, interpretation, applications, advantages,
and limitations.  Particular attention is given
to pixel-wise measures, including MAE, MSE,
and RMSE, perceptual and structural measures
such as PSNR, SSIM, MS-SSIM, FSIM, VIF,
and LPIPS, and classification and detection
measures including accuracy, precision, recall,
Fl-score, ROC-AUC, confusion matrices, and
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mean average precision. Overlap-based metrics
such as Dice and IoU are also examined for
segmentation. The review emphasizes that no
single metric adequately captures all dimensions of
image-processing performance. Therefore, metric
selection should consider task characteristics, data
properties, reference availability, and perceptual
requirements, with complementary metrics used
where appropriate. The proposed framework aims
to support researchers and practitioners in selecting
appropriate and interpretable evaluation metrics
for digital image processing and machine learning
applications.

Keywords: digital image processing, evaluation metrics,
image quality assessment, image classification, image
segmentation, image restoration, object detection.

1 Introduction

Digital image processing is a rapidly evolving
research field that uses computational algorithms
to manipulate digital images and to analyze and
enhance their content. As digital imaging technology
continues to advance, its applications span various
domains, including healthcare, entertainment, security,
transportation, and scientific research [1]. This
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proliferation of digital images and the associated
data has driven researchers and engineers to develop
sophisticated methods for processing and interpreting
visual information efficiently and accurately [1-3].

The range of applications is broad. In healthcare, image
processing supports diagnostics, treatment planning,
and surgical guidance [1, 4, 5]. In security and
surveillance it underlies facial recognition, license
plate recognition, and anomaly detection in video
footage [6, 7], and closely related techniques allow
autonomous vehicles to detect objects and lanes, map
their environment, and combine camera and sensor
data for real-time decisions [6, 7]. Remote sensing
depends on the analysis of satellite and aerial imagery
for climate monitoring, disaster management, and
urban planning [8, 9]. Image and video processing
are also central to content creation, special effects,
video enhancement, and augmented reality in the
entertainment and media sector [2, 10], while in
astronomy, biology, and materials science they help
researchers visualize and analyze complex phenomena
[2,8,10].

These applications share a set of persistent difficulties.
The growing resolution of imaging devices and the
sheer volume of image data call for efficient storage,
processing, and retrieval [2, 3, 7], and images captured
in real-world conditions are frequently degraded by
noise, blur, and other distortions that algorithms must
tolerate [3, 4]. Autonomous driving and surveillance
additionally impose real-time constraints, so that
low latency becomes as important as accuracy [1,
7]. The widespread collection of image data raises
privacy and security concerns, which motivate secure
processing and encrypted storage [1]. Finally, models
trained on one dataset often fail to generalize to new
environments; improving robustness and adaptability,
for example through data augmentation [11], remains
an open research problem [1, 3, 7].

Machine learning (ML) has changed digital image
processing substantially by enabling automated
feature extraction, pattern  recognition, and
decision-making. Traditional rule-based methods
often required manual feature engineering and
domain-specific knowledge, whereas ML models can
learn these features directly from the data [1, 3, 12].
Convolutional neural networks (CNNs) in particular
extract hierarchical features automatically, which
has improved performance in classification and
segmentation [1, 3, 10]. In image classification, such
models assign images to predefined categories with
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high accuracy, in settings that range from medical
diagnostics to everyday photographs [1, 3, 6, 13, 14].
For detecting and delineating objects, architectures
such as Faster R-CNN, YOLO (You Only Look
Once), and Mask R-CNN are in wide use [1, 8].
Learning-based methods have also been successful in
super-resolution, denoising, and inpainting [1, 3, 7],
and generative models such as Generative Adversarial
Networks (GANs) can synthesize realistic images,
increase resolution, and transfer styles between images
[1,3,7].

Several research directions are currently shaping the
field. Because supervised learning requires large
annotated datasets, self-supervised learning seeks
to learn representations from unlabeled data, and
few-shot learning aims to generalize from a handful of
examples [1, 15, 16]. Vision Transformers (ViTs) and
their variants, which adapt an architecture originally
designed for natural language processing to sequences
of image patches, now achieve state-of-the-art results
in classification and other vision tasks [1, 17, 18].
The demand for real-time processing has made edge
computing important, and considerable effort goes into
adapting algorithms to resource-constrained devices
[1]. In the same decentralized spirit, federated
learning trains models across devices without sharing
raw data, which is attractive for sensitive images
such as those in healthcare [1]. As models grow
more complex, explainable Al (XAI) techniques are
needed to show how they interpret images and
reach their predictions [19, 20]. Biomedical image
analysis continues to move towards more accurate and
interpretable models, with multi-modal fusion and
3D analysis gaining prominence [4, 5]. There is also
growing attention to the environmental cost of these
models, which has prompted work on energy-efficient
architectures and better hardware utilization [1].

Taken together, machine learning has made image
processing more accurate, more efficient, and more
automated, while data privacy, real-time operation,
and generalization remain unresolved. Whether a new
method actually improves on these points can only be
established by measuring its performance, and this
is where the choice of evaluation metrics becomes
decisive. The remainder of this article therefore
reviews the metrics in common use, organizes them by
task, and discusses how they should be selected and
interpreted.



ICJK

ICCK Journal of Image Analysis and Processing

2 Importance of Evaluation Metrics

Evaluating machine learning (ML) models is central
to digital image processing because it determines how
effective, efficient, and adaptable they are judged to
be. Evaluation metrics provide standardized ways
to assess how well models perform on specific tasks,
identify their limitations, and drive improvements.
In the context of image processing, where tasks can
range from image classification and segmentation to
object detection and image restoration, selecting and
applying the right evaluation metrics is essential for
the development and deployment of robust models [5,
21, 22]. The assessment of image quality encompasses
both subjective evaluation by human observers and
objective computational measures, and understanding
their relationship is essential for designing metrics that
reflect perceived quality [23].

2.1 Assessing Model Performance

One of the primary reasons for evaluating ML
models is to objectively assess their performance.
Performance metrics such as accuracy, precision,
recall, F1-score, Intersection over Union (IoU), and
the structural similarity index (SSIM) [24] offer
quantitative measures to gauge how well a model
meets the desired objectives [21, 22]. Which measure
is appropriate depends on the task. In image
classification, accuracy is the usual starting point, but
it can be insufficient for imbalanced datasets in which
a few classes dominate; precision, recall, and the
Fl-score then give a more nuanced picture [21, 22].
In segmentation, IoU and the Dice coefficient quantify
the overlap between predicted and ground truth
regions and therefore indicate how accurately objects
are delineated [25-28]. Denoising, super-resolution,
and restoration are typically assessed with the Peak
Signal-to-Noise Ratio (PSNR) and SSIM, which
compare the reconstructed image with a reference
[5,21, 29]. Beyond a single test set, evaluating models
across datasets and acquisition conditions, for instance
with the mean absolute error (MAE) or with confusion
matrices, shows how stable their behavior is under
varying inputs [21, 22].

2.2 Comparative Analysis of Models

Evaluation metrics facilitate the comparison of
different models. In research and development,
comparing the performance of new models against
state-of-the-art baselines is essential for validating
improvements [5, 22, 25]. Public benchmarks such
as ImageNet and COCO serve this purpose by
fixing standardized evaluation protocols, with Top-1

and Top-5 accuracy as the customary classification
measures; they allow researchers to judge the
relative strengths of their models and support
reproducibility [17, 30-33]. The same metrics are
indispensable in ablation studies, where they provide
quantitative evidence for the contribution of individual
architectural components and design choices [32].

2.3 Model Interpretability and Explainability

Evaluation metrics are not only used to measure
accuracy but also to understand how models make
decisions. Explainability and interpretability are
becoming increasingly important in ML, particularly
in high-stakes applications [17, 19]. Techniques such
as Grad-CAM, for example, produce saliency maps
that highlight the image regions most responsible
for a prediction, and dedicated measures are then
needed to assess how faithful these explanations are
[19, 20, 34]. A related concern is behavior under
adversarial attack: adversarial accuracy and other
robustness scores quantify the resilience of a model
and are essential for building secure systems [17, 35,
36].

2.4 Driving Model Optimization

The feedback provided by evaluation metrics is
essential for model optimization. By identifying
performance bottlenecks, developers can fine-tune
hyperparameters, optimize architectures, and improve
training processes [5, 22, 37]. In practice, validation
metrics guide the choice of hyperparameters such
as the learning rate, batch size, and regularization
strength, and they determine when training should
be stopped to prevent overfitting [5, 22].

2.5 Ensuring Fairness and Bias Mitigation

Evaluation metrics are also needed to identify and
mitigate biases in ML models. In image processing,
biases can manifest in the form of differential
performance across demographic groups [38, 39].
Fairness measures such as demographic parity and
equalized odds make these disparities explicit 39, 40],
and evaluating models on diverse datasets helps to
verify that they generalize across populations and
environments [39, 41].

2.6 Keeping Up with Emerging Trends

The field of image processing is evolving rapidly,
with new challenges and evaluation metrics emerging.
Recent advances, such as vision transformers (ViTs)
and self-supervised learning models, require novel
evaluation approaches [17, 25, 32, 49]. New tasks
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Evaluation Metrics in

Digital Image Processing

( Representative Metrics !
1. Image Quality
As nent (IQA) « MSE, MAE, RMSE, NAE
°
* PSNR, SNR
u Measures fidelity, B
3 : * SSIM, MS-SSIM
distortion or
: . + FSIM, GMSD
percieved quality
of images. + VIF, VSI, NQM
« LPIPS, DISTS
s — : e
2. Image Classification l Representative Metrics J l
(Machine Learning s Readiraty

Evaluation)

Evaluates performance
of classifiers that
assign an image

to a class.

Typical Applications

Assesses overlap and
boundary agreement
between predicted
and reference
regions.

4. Image Restoration

Measures how well
an image is restored
to its original (or
high-quality) form.

\ o

1 ! 1

Image compression
Denoising and enhancement
Super-resolution [

Image transmission

+ Precision, Recall

* Fl-score, Fp-score
+ ROC-AUC, PR-AUC
» Confusion Matrix
s Cohen's Kappa

» Dice Similarity Coefficient (DSC)

+ Intersection over Union (loU/Jaccard)

» Precision, Recall, F1-score

» Hausdorff Distance (HD)

* Average Symmetric Surface
Distance (ASSD)

* Boundary Fl-score

e

Typlcal Appllcatlons

Medical image diagnosis
Scene and object recognition
Remote sensing classification

Content-based image retrieval

3 Sasgtt diineritation Represent_atnie_Mi'mcs Typlca! Applications

Medical image segmentation

* Tumor / organ delineation

Instance and semantic
segmentation

Microscopy image analysis |

Representative Metrics

+ MSE, MAE, RMSE
+ PSNR, SNR

+ SSIM, MS-SSIM

+ FSIM, VIF

« LPIPS

+ NAE

Typical Applications

Denoising
Deblurring
Super-resolution

Inpainting

Evaluates detection
performance for
locating and

classifying objects '
in images.

5. Object Detection [

Representative Metrics

* Precision, Recall, F1-score

+ Average Precision (AP)

+ Mean Average Precision (mAP)
+ loU (for bounding boxes)

+ mAP@[0.5:0.95)

+ Confusion Matrix (per class)

Typical Applications

Autonomous driving
Surveillance and security
Medical object detection

Industrial inspection

Figure 1. Taxonomy of evaluation metrics for digital image processing.

such as multimodal image processing and 3D image [58]. Likewise, recent surveys of Vision Transformers
analysis have led to task-specific evaluation metrics suggest that traditional metrics may not fully capture
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Table 1. Task-oriented framework for selecting evaluation metrics in digital image processing.

Category Metrics That Can Apply Preferred Metrics Why Preferred?
(Current
Research)
Image Quality PSNR, SSIM, MS-SSIM, SSIM, MS-SSIM, Better correlation with human
Assessment FSIM, VIF, LPIPS, NIQE, VIE, LPIPS perception; capture structures, semantics,
(IQA) MSE, RMSE, MAE and deep features; robust to distortions
[5, 42-46].
Image Accuracy, Precision, Recall, = Accuracy, F1-Score, Handle class imbalance; provide global
Classification F1-Score, AUC-ROC, AUC-ROC and threshold-independent performance
Confusion Matrix measurement; widely used in ML
benchmarks [5, 17, 21, 47, 48].
Image IoU, Dice Coefficient, Pixel =~ IoU, Dice Measure region overlap; directly reflect
Segmentation Accuracy, Precision, Recall,  Coefficient segmentation quality; standard in
F1-Score, Hausdorff medical imaging and deep learning
Distance segmentation tasks [5, 49-53].
Image PSNR, SSIM, MS-SSIM, SSIM, LPIPS, SSIM and LPIPS capture perceptual
Restoration RMSE, LPIPS, VIF, Spectral PSNR quality; PSNR remains a strong baseline
Angle Mapper (SAM) for fidelity comparison [5, 42-46, 54].
Object Detection = mAP, AP@0.5, mAP, Provide threshold-sweep evaluation;
AP@[0.5:0.95], AP@[0.5:0.95] standard in COCO and Pascal VOC

Precision-Recall, IoU,
Average Recall (AR)

benchmarks; measure both localization
and classification accuracy [31, 55-57].

the capabilities of these architectures, which motivates
complementary evaluation criteria [17, 49].

In summary, evaluation metrics serve several distinct
purposes: they establish how well a model performs,
make models comparable, support interpretation, steer
optimization, and expose bias. No single metric fulfils
all of these purposes, which is why the following
sections treat the metrics by task.

3 Categories of Metrics

Evaluation metrics in digital image processing are
essential for assessing the quality and performance
of image processing algorithms. In this review they
are grouped into five categories according to the
task they serve; Table 1 summarizes the resulting
task-oriented selection framework, and Figure 1 shows
the corresponding taxonomy.

Image quality assessment (IQA) metrics evaluate how
well an image preserves structural details, contrast,
and perceptual quality. This group comprises the
Peak Signal-to-Noise Ratio (PSNR), the Structural
Similarity Index (SSIM), the Mean Squared Error
(MSE), Multi-Scale SSIM (MS-SSIM) [59], and the
Feature Similarity Index (FSIM). Image classification
metrics are used with machine learning and deep

learning models for image recognition and include
accuracy, precision, recall, the Fl-score, and the
Receiver Operating Characteristic (ROC) curve with
its Area Under the Curve (AUC). Image segmentation
metrics evaluate how well an image is partitioned
into meaningful regions; the most common are the
Intersection over Union (IoU), the Dice coefficient
(the Fl-score for segmentation), and the Hausdorff
Distance (HD) [60].

Image restoration metrics are used to evaluate
denoising, super-resolution, and inpainting methods.
In addition to the fidelity measures above, they
include the Learned Perceptual Image Patch Similarity
(LPIPS), the Natural Image Quality Evaluator (NIQE)
[61], and Visual Information Fidelity (VIF) [62].
Finally, object detection algorithms are evaluated
with Average Precision (AP), mean Average Precision
(mAP), and the IoU between predicted and reference
bounding boxes.

Figure 1 gives the reader a visual map of the entire
review before the detailed metric sections. The
taxonomy follows the five task categories introduced
above.
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4 Understanding Evaluation Metrics

In this section, we briefly discuss common evaluation
metrics and their interpretation. Unless stated
otherwise, I denotes the reference (original) image
and K the processed image, both of size M x N pixels.
The interpretation ranges given in the tables of this
section are indicative rules of thumb for 8-bit images
(intensity range 0-255); acceptable values depend on
the bit depth, the image content, and the application.

4.1 Mean Squared Error (MSE)

Mean Squared Error (MSE) is a fundamental
evaluation metric in digital image processing that
quantifies the difference between two images: the
original image and a processed (reconstructed or
enhanced) image. It calculates the average squared
difference between the corresponding pixel intensities
of the two images [42, 43, 63].

MSE appears throughout image processing. In image
compression (e.g., JPEG) it is a standard measure of
fidelity and is usually reported together with PSNR
[64, 65]. In restoration tasks such as denoising and
inpainting, a lower MSE indicates a better result [66—
68], and in enhancement tasks such as super-resolution
it measures how closely the output matches the
original [69, 70]. It is also one of the most common
loss functions for training deep reconstruction models
[69, 71].

A lower MSE indicates that the processed image
closely resembles the original image, meaning
fewer distortions or errors. Conversely, a higher
MSE suggests greater deviation and image quality
degradation. The mathematical formula for MSE is:

N
MSE = =3 (16.0) - KG.9)” (1)

i=1 j=1

where M and N are the dimensions (height and width)
of the image, I(i, j) is the pixel intensity at position
(i,7) in the original image, K (i, j) is the pixel intensity
at the same position in the processed image, and
1/(MN) is the normalization factor that yields the
average squared difference.

MSE is often reported together with PSNR. Table 2
relates MSE values to perceived image quality.

Despite its simplicity, MSE does not always align
with human perception, and it should therefore be
complemented by a perceptual measure such as SSIM.
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Table 2. Interpretation of Mean Squared Error (MSE)
values for image quality assessment.

MSE Value Image Quality Perceived Difference

0 Identical images No difference

<1 Excellent quality Almost imperceptible

distortion

1-10 Good quality Minor blurring/noise

10-50 Noticeable Moderate loss of detail
degradation

> 50 Poor quality Severe distortion

4.2 Peak Signal-to-Noise Ratio (PSNR)

Peak Signal-to-Noise Ratio (PSNR) is one of the
most widely used metrics in digital image processing
for assessing image quality. It quantifies the ratio
between the maximum possible pixel intensity (signal)
and the level of noise (error) introduced during
image processing, such as compression, filtering, or
restoration.

PSNR is derived from the MSE, making it useful for
evaluating the extent to which an image has degraded
after processing. A higher PSNR value indicates better
image quality, meaning the processed image is closer
to the original, whereas a lower PSNR value signifies
greater distortion and lower quality [43, 45, 63, 72].

PSNR is the customary figure of merit for lossy
compression (e.g., JPEG, WebP, H.264/AVC, HEVC),
where it indicates how much quality is lost as the
file size is reduced [43, 45, 63]. It is used in the
same way to evaluate noise removal and restoration
methods [73-75] and the accuracy of reconstructed
high-resolution images in super-resolution [45, 75].
In video quality assessment, frames of a compressed
sequence are compared against the original frames [45,
74], and PSNR is used in streaming and broadcasting
to check that quality remains acceptable.

Its popularity rests on practical grounds: PSNR is easy
to compute and interpret, it yields a single number on
which methods can be compared, and it is accepted
across academia and industry [43, 63, 75]. Its main
weakness, discussed below, is that it does not always
correlate well with human visual perception. PSNR is
calculated using the formula:

(2)

2
PSNR = 10log;, (MAXI )

MSE

where MAX; = 28 — 1 is the maximum possible
pixel value of an image with bit depth B (255 for an
8-bit grayscale image and 65535 for a 16-bit grayscale
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image), and MSE is the mean squared error between
the original and the processed image defined in Eq. (1).
PSNR is expressed in decibels (dB), a logarithmic scale
that emphasizes small differences in noise levels, and
it is undefined (infinite) when MSE = 0. As a rough
guide, a PSNR above 40 dB indicates a high-quality
image with little noise or distortion, values between 30
and 40 dB indicate minor but acceptable distortion,
values between 20 and 30 dB indicate noticeable
artifacts, and values below 20 dB indicate significant
degradation.

A limitation of PSNR is that it does not account for
human visual perception: two images may have the
same PSNR but appear different to the human eye. It
works best for small, localized distortions but struggles
with large structural differences. A complementary
metric such as the Structural Similarity Index (SSIM)
is therefore often used alongside PSNR [76]. The
interpretation of PSNR values is presented in Table 3.

Table 3. Interpretation of Peak Signal-to-Noise Ratio
(PSNR) values for image quality assessment.

PSNR Image Perceived Distortion

(dB) Quality

> 40 Excellent Almost no visible
distortion

30-40 Good Minor distortion, but
acceptable

20-30 Moderate Noticeable artifacts and
noise

<20 Poor Significant degradation

4.3 Root Mean Squared Error (RMSE)

Root Mean Squared Error (RMSE) is a widely used
evaluation metric in digital image processing that
measures the difference between the original and
processed images. It provides a numerical estimate
of the distortion introduced during image processing
tasks such as compression, denoising, enhancement,
and super-resolution [44, 77, 78].

RMSE is the square root of the MSE and quantifies how
much the processed image deviates from the original.
A lower RMSE value indicates better image quality;,
whereas a higher RMSE suggests significant image
degradation [77, 78].

Its uses parallel those of MSE. RMSE is reported for the
quality loss in compressed images (JPEG, HEVC, etc.)
[42, 45], for the error remaining after denoising and
sharpening [78, 79], and for the agreement between
super-resolved images and the ground truth [45]; it

is also used in evaluating deep learning models for
image processing, and RMSE (or MSE) often serves
as their training loss in image synthesis, enhancement,
and denoising [44, 78].

RMSE is more interpretable than MSE because it
is expressed in the same unit as the original pixel
intensity values. Unlike MAE, RMSE gives more
weight to large errors, making it useful for applications
where small image artifacts are acceptable but large
distortions must be minimized [77]. RMSE is derived
from the MSE in Eq. (1) and is given by:

M N
RMSE = VNISE = | 123 3™ (1(0,) — K(3.5))
i=1 j=1

3)

RMSE is always non-negative, because it is the square
root of an average of squared differences. A value
of zero means that the processed image is identical
to the original, and increasingly large values indicate
increasingly strong deviation from it.

A limitation of RMSE is that it does not reflect
perceptual quality: two images with the same RMSE
might look different to the human eye. Its sensitivity
to large errors is also not always the best indicator
of perceived image quality, so SSIM is often reported
alongside it. Table 4 presents how to interpret RMSE
values.

Table 4. Interpretation of Root Mean Squared Error (RMSE)
values for image quality assessment.

RMSE Image Perceived Error

Value Quality

<1 Excellent Almost no visible error

1-5 Good Small distortion,
acceptable quality

5-10 Moderate Noticeable artifacts
present

> 10 Poor Significant distortion

4.4 Signal-to-Noise Ratio (SNR)

Signal-to-Noise Ratio (SNR) is a fundamental metric
in digital image processing used to quantify the level
of the desired signal relative to the background noise
in an image. A higher SNR indicates a cleaner image
with less noise, while a lower SNR suggests a degraded
or noisy image [80-82]. It is used in image acquisition,
medical imaging, remote sensing, and the evaluation
of denoising techniques [83, 84].
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In medical imaging (MRI, CT, ultrasound, X-ray),
SNR is routinely reported as a baseline indicator
of image quality and system performance, since
diagnostic accuracy depends on it [80, 85]. In satellite
and airborne remote sensing it characterizes the
quality of images acquired under varying atmospheric
conditions [86]. It is equally relevant to low-light and
otherwise noisy acquisitions, where it is used both to
guide enhancement and to quantify the detectability
of defects and features [87-89]. Finally, SNR provides
a quantitative basis for comparing denoising methods,
from Gaussian and wavelet filtering to self-supervised
deep denoisers [84, 90]. SNR is defined as the ratio of
signal power to noise power:

Psignal

SNR =
Pnoise

(4)

Since images are represented as matrices of pixel
intensities, SNR is often calculated in decibels as:

S S 1.4 )
SNR = 101o
210 (Zﬁl NI 5) - K(i,5))*

(5)

where the numerator represents the total power of
the signal (the original image I), the denominator
represents the total power of the noise (the difference
between the original image and the noisy or distorted
image K, i.e., M N - MSE), and the base-10 logarithm
converts the ratio into decibels (dB) for easier
interpretation. A high SNR (>40 dB) means that the
signal is strong and the noise is minimal, whereas a
low SNR (<20 dB) means that the noise is significant,
leading to poor image quality.

Beyond the evaluation of processed images, SNR
guides the design of camera sensors and of medical
and remote-sensing acquisition systems, and it is
decisive in low-light imaging, where night-vision
cameras and astronomical telescopes depend on a high
SNR.

SNR has two main limitations: (i) it does not account
for structural distortions, so an image might have
high SNR but still look visually incorrect; and (ii)
perceptual quality is not always correlated with SNR,
which is why metrics such as SSIM are often used
alongside it. Table 5 presents how to interpret SNR
values.
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Table 5. Interpretation of Signal-to-Noise Ratio (SNR)
values for image quality assessment.

SNR Image Noise Level

(dB) Quality

> 40 Excellent Minimal noise

30-40 Good Slight noise

20-30 Moderate Noticeable noise

10-20 Poor High noise

<10 Very poor Very high noise and poor
clarity

4.5 Feature Similarity Index Measure (FSIM)

The Feature Similarity Index Measure (FSIM) is an
advanced image quality assessment metric used in
digital image processing. Unlike traditional metrics
such as MSE and PSNR, FSIM evaluates image quality
based on low-level features extracted from the image
[43, 44, 91].

FSIM is motivated by human visual perception and
relies on two features: (i) phase congruency (PC),
which measures the most perceptually significant
features in an image (edges, textures) and is largely
invariant to contrast and illumination changes [42,
91]; and (ii) gradient magnitude (GM), which
captures contrast and texture details and is used as
a complementary feature to PC [43, 91].

This design reflects the way the human visual system
relies on low-level features rather than raw pixel errors
[43, 92]. It is effective for complex images such as
natural scenes and textures, for which it correlates
strongly with subjective quality scores [93], and on
benchmark IQA databases it agrees with human
judgments better than PSNR and MSE do [91, 93].

FSIM is applied wherever perceptual fidelity matters.
In image compression (JPEG and other codecs) it is
used to characterize quality, including the visually
lossless range in which FSIM remains very close
to 1 [43, 93]. Denoising filters, whether Gaussian,
wavelet, non-local means, or CNN-based and hybrid,
are commonly evaluated with FSIM alongside PSNR
and SSIM [42, 94], and enhancement methods such as
histogram equalization, super-resolution, and contrast
enhancement are compared in terms of how well they
preserve image features [42]. In medical imaging
(e.g., MRI, mammography), FSIM is used to measure
restoration quality and has been compared with
radiologists” assessments of diagnostic quality [44, 94].
The FSIM metric is calculated as follows:



ICJK

ICCK Journal of Image Analysis and Processing

erﬂ Sp(x) PCp(7)

FSIM =
2 pen PCOn(2)

(6)

where (2 is the entire image domain, z is a pixel
location, PCy,(z) = max(PCy(z), PCy(z)) is the
larger of the phase congruency values of the reference
image (PC;) and the processed image (PC») at z,
which weights perceptually significant locations, and
St.(x) is the local similarity map, computed from the
phase congruency similarity Spc(x) and the gradient
magnitude similarity S¢(z) as:

Sp(x) = Spc(x) Sa(x) (7)
with
g ( )_ 2PC1(x)PCQ(a:)—|—T1
PO = PC2(z) + PC2(z) + T1 )
T G0) + GBa) +

where G and G+ are the gradient magnitudes of the
two images and 77, 7> are small positive constants
that ensure numerical stability [91]. The numerator
of Eq. (6) weights the local similarity by perceptual
significance, and the denominator normalizes the
measure. FSIM values lie in the interval (0, 1]: FSIM =
1 means that the images are identical, and lower values
indicate more distortion.

FSIM is sensitive to structural distortions, which makes
it suitable for denoising and image restoration, and
it is effective for texture-rich images such as medical
images, satellite images, and artistic photographs. Its
key limitations are that (i) it is computationally more
expensive than pixel-wise metrics, and (ii) it may not
work well on extremely low-resolution images, where
feature extraction is challenging. Table 6 presents the
interpretation of FSIM values.

4.6 Mean Absolute Error (MAE)

The Mean Absolute Error (MAE) is a widely used
evaluation metric that measures the average absolute
difference between the corresponding pixel intensities
of two images [77]. It is used to assess the accuracy
of image reconstruction, compression, enhancement,
and restoration algorithms by quantifying the mean
magnitude of the pixel-wise error in the same units as
the image data [95]. Unlike MSE, which squares the
errors, MAE directly considers the absolute differences,
making it easier to interpret as the “average error”

Table 6. Interpretation of Feature Similarity Index Measure
(FSIM) values for perceptual image quality assessment.

FSIM Perceived Example Scenario
Score Image
Quality
0.95-1.00 Excellent Visually lossless or
(almost near-lossless
identical) compression
0.85-0.95 Good High-quality lossy
compression
0.70-0.85 Moderate Slightly blurred or
compressed
0.50-0.70  Poor Noticeable noise and
artifacts
< 0.50 Very poor Strong degradation,

artifacts, and high noise

and preserving the original scale [79]. This also
makes it more robust to outliers than MSE, which
overemphasizes large errors due to squaring [95, 96].

MAE is often used as a full-reference discrepancy
measure between an original and a distorted image,
with lower values indicating better quality and more
accurate reconstruction [79]. Because it is less sensitive
to extreme errors than MSE or RMSE, it is preferred
as a measure of average error in many contexts
[95]. MAE is used in image compression, denoising,
super-resolution, medical image analysis, and other
image processing tasks. It is given by:

1 M N
MAE = o> > |1i.j) - K@ ()
i=1 j=1

where |I(i,j) — K(i,j)| is the absolute difference
between corresponding pixel intensities. MAE =
0 means that the two images are identical, and a
higher MAE indicates greater distortion or image
degradation.

The limitations of MAE are that (i) it does not consider
perceptual image quality (unlike SSIM or FSIM), and
(ii) it weights all errors linearly and therefore does not
emphasize large errors. Table 7 shows how to interpret
MAE values.

4.6.1 Comparison of MAE, MSSE, and RMSE in Digital
Image Processing

In digital image processing, selecting an appropriate

error metric is crucial for evaluating image quality.

MAE, MSE, and RMSE are three commonly used
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Table 7. Interpretation of Mean Absolute Error (MAE)
values for image quality assessment.

Table 9. Recommended error metrics for different image
processing use cases.

MAE Perceived Image  Example Scenario

Score Quality

0-5 Excellent (almost Near-lossless compression

identical)

5-15 Good High-quality lossy
compression

15-30 Moderate Slight blur or compression
artifacts

30-50 Poor Visible noise and artifacts

> 50 Very poor Strong degradation and

significant loss of detail

pixel-wise error metrics that measure the difference
between an original and a processed image. This
section compares them in terms of their properties,
interpretation, advantages, and limitations.

As a simplified illustration, consider an 8 x 8 grayscale
image and its blurred version for which MAE = 10,
MSE = 150, and RMSE = /150 ~ 12.25. The MAE
states that the average pixel intensity difference is 10;
the MSE is much larger because squaring increases
the emphasis on large errors; and the RMSE returns to
the intensity scale but remains higher than the MAE
because of the squared averaging. The advantages and
limitations of each metric are presented in Table 8.

Table 8. Comparative analysis of MAE, MSE, and RMSE:
advantages and limitations.

Metric Advantages Limitations

MAE Easy to interpret; less Does not penalize large errors
sensitive to outliers; linear strongly; less useful in
error growth applications where large

distortions matter

MSE Penalizes large errors more Harder to interpret (squared
strongly (useful for critical units); sensitive to outliers
applications); differentiable
and convenient as a machine
learning loss function

RMSE Provides the error in the As sensitive to outliers as

same units as the image;
balances sensitivity and
interpretability

MSE, although expressed on
the original intensity scale

Table 9 briefly summarizes the scenarios in which each

error metric is typically used.

Table 10 shows which error metric should be

considered in different scenarios.

In short, MAE is the natural choice when outliers
should not dominate the evaluation; MSE is preferable
when large errors must be penalized heavily; and
RMSE offers a compromise, since it restores the
original intensity scale while still penalizing large
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Use Case Suggested  Reason
Metric
General image quality MAE Easier to interpret and not
assessment dominated by extreme
values.
High-priority error MSE Strongly penalizes large
sensitivity (e.g., medical errors, helping to ensure
imaging) that critical details are
preserved.
Machine learning (loss MSE or Smooth optimization
function for image RMSE behavior, useful for deep
restoration) learning models.
Natural image processing ~ RMSE Combines the sensitivity

of MSE with the
interpretability of the
original scale.

(error reported in intensity
units while retaining
sensitivity to large errors)

Table 10. Selection of MAE, MSE, and RMSE based on
evaluation requirements.

Metric Best For Avoid When

MAE Image compression and Large errors must be
applications with low emphasized
sensitivity to large errors

MSE High-risk applications Interpretability is key
(medical imaging, critical
reconstructions)

RMSE Balancing sensitivity and Emphasis on large
interpretability (e.g.,image  errors should be
denoising) reduced

errors.

4.7 Normalized Absolute Error (NAE)

Normalized Absolute Error (NAE) is an evaluation
metric used in digital image processing to measure the
difference between an original image and a processed
image (e.g., compressed, restored, or denoised images)
[97]. Unlike MAE, which gives an absolute error
value, NAE normalizes the error by dividing it
by the total pixel intensity of the original image,
making it a normalized, scale-adjusted variant of the
absolute error [97]. This normalization allows a fairer
comparison across images of different intensities and
resolutions and across varying image types and noise
conditions [97, 98]. NAE is calculated as:

S NI, 5) - K ()]

NAE =
Sy Y G, )

(10)

where the numerator is the total absolute error between
the two images and the denominator is the total pixel
intensity of the original image (the normalization
factor).

NAE is non-negative: NAE = 0 means that the
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images are identical, and a higher NAE indicates a
greater difference between the original and processed
images. In practice, values usually fall between 0
and 1, although NAE can exceed 1 when the total
absolute error is larger than the total intensity of the
original image. The metric is particularly useful when
comparing images of varying brightness or contrast

levels, as it accounts for variations in intensity values.

NAE measures the overall pixel-wise deviation
between two images relative to the total intensity of
the reference image; it does not capture structural
information. Unlike MSE, which emphasizes larger
errors, it weights all errors linearly and therefore gives
a balanced account of overall differences.

Table 11 presents the interpretation of NAE values.

Table 11. Interpretation of NAE values and corresponding
image quality.

NAE Value Interpretation Quality of Processed Image

0.00-0.05 Very small Excellent quality (almost
error identical images)

0.05-0.15 Small error Good quality (slight

differences visible)

0.15-0.30 Moderate Noticeable degradation
error

0.30-0.50 High error Significant degradation

> 0.50 Very high Poor quality, major distortion

error

4.8 Dice Coefficient

The Dice coefficient, or Dice Similarity Coefficient
(DSC), is a widely used evaluation metric in image
segmentation that measures the similarity between two
binary images (such as a ground truth segmentation
mask and a predicted mask), defined as twice the

overlap divided by the sum of the two regions [99, 100].

It is a measure of spatial overlap between segmentation
masks and is particularly prominent in medical
imaging tasks where agreement between automated

and manual segmentations must be quantified [101].

DSC values range from 0 (no overlap) to 1 (perfect
overlap, i.e., identical segmentations), making it an
intuitive indicator of segmentation quality [100].

Unlike pixel-wise metrics such as MSE, the Dice
coefficient focuses on spatial consistency rather than
pixel-wise intensity differences. It is given by:

2]AN B|

DSC = —
Al + 1B

(11)

where A is the ground truth segmentation mask

(the actual region of interest), B is the predicted
segmentation mask (the model output), |[A N B| is
the number of overlapping pixels (true positives),
and |A| and |B| are the total numbers of pixels
in the ground truth mask and the predicted mask,
respectively. The DSC is symmetric, i.e., DSC(A, B) =
DSC(B, A), and it ignores true-negative (background)
pixels, which makes it far less affected by a dominant
background class than pixel accuracy. The closely
related Intersection over Union (IoU), or Jaccard index,
is defined as:

|ANB| _ DSC

TIoU = -
°U=4UB| ~ 2-DSC

(12)

so that the two measures are monotonically related
and rank segmentations identically, with IoU < DSC
[101].

The DSC measures the overlap between predicted
and actual segmentation regions and is preferred
over simple pixel-wise accuracy because it better
reflects size and localization agreement, especially
under strong class imbalance where background pixels
dominate (e.g., small tumors within large scans) [101,
102]. In such cases, pixel accuracy can be misleadingly
high even with poor lesion segmentation, whereas
the DSC remains sensitive to foreground performance
[99]. The DSC is therefore widely used in medical
image segmentation benchmarks and as a loss function
or target metric in deep learning models where both
precision and recall are important [103].

The DSC is used well beyond its origins. In medical
imaging (MRI, CT, X-ray) it is the standard measure
for evaluating tumor detection, organ and liver/tumor
segmentation, and the delineation of white-matter
lesions or brain tumors [99, 100, 102]. In autonomous
driving, the segmentation of roads, lanes, and objects
in urban scenes is evaluated with Jaccard- or Dice-type
overlap scores [104], and in remote sensing the same
measures are applied to building and land-cover
segmentation from high-resolution satellite or aerial
images [105]. More generally, Dice-type similarity
measures quantify the overlap between detected and
reference regions whenever segmentation algorithms
are compared [28, 50].

Table 12 presents the interpretation of DSC values.

Table 13 presents the comparison of the DSC with MSE,
PSNR, and SSIM.

If the focus is on segmentation accuracy rather than
pixel intensity differences, the Dice coefficient is the
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Table 12. Interpretation of Dice Similarity Coefficient (DSC)
values for image segmentation.

DSC Value Interpretation Quality of
Segmentation
0.90-1.00 Excellent overlap ~ Highly accurate
segmentation
0.75-0.90 Good overlap Reliable segmentation
with minor errors
0.50-0.75 Moderate overlap Some segmentation
errors present
0.25-0.50 Poor overlap Significant
segmentation errors
0.00-0.25 No or minimal Very poor segmentation

overlap

Table 13. Comparison of pixel-based, signal-based,
structural, and region-overlap evaluation metrics.

Metric Focus Area Sensitivity to  Best Used For
Imbalance?

MSE Pixel-wise Yes Image denoising,
difference restoration

PSNR Signal-to-noise  Yes Compression quality
ratio

SSIM Structural No Perceptual image
similarity quality

Dice Overlapping No Image segmentation

coefficient  regions

more appropriate metric: it provides an overlap-based
similarity measure that reflects how well a segmented
region matches the ground truth, and it should be one
of the primary evaluation metrics for segmentation
tasks. The DSC is mathematically equivalent to the
F1-score computed at the pixel level:

2TP
2TP+ FP+FN

DSC = F; = (13)
where TP (true positives) is the number of pixels
correctly classified as part of the segmented object, F'P
(false positives) is the number of pixels incorrectly
included in the segmented object, and FN (false
negatives) is the number of pixels of the object
that were missed. The two names differ only in
usage: the term Dice coefficient is primarily used in
image segmentation (pixel-based evaluation), whereas
the term Fl-score is used in classification problems
(sample-based evaluation). The designation “Dice
coefficient (F1-score for segmentation)” is therefore
valid and helps readers with a machine learning
background.

4.9 Precision and Recall

Precision and recall are fundamental evaluation
metrics used in image classification, object detection,
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and image segmentation tasks. They help to assess
the performance of models by measuring how well
relevant pixels or objects are identified [106].

Precision measures how many of the detected objects
or segmented pixels are actually relevant, while recall
measures how many of the actual relevant objects or
pixels were detected by the model [107, 108].

In object detection (e.g., face recognition, license plate
recognition), performance is commonly summarized
by precision-recall (PR) curves and Average Precision,
which capture the trade-off between missing objects
and generating false alarms [57]. In medical image
segmentation, such as tumor or lesion detection,
the two measures separate missed lesions (false
negatives) from spurious detections (false positives)
[51]. Edge detectors are compared in the same way:
precision expresses how many detected edges are true
boundaries, and recall how many true boundaries are
found [109].

Precision and recall are calculated as:

TP
Precision = ———— 14
recision TP L FP (14)
TP
l=—--—— 1
Reca TP+ FN (15)

where T'P (true positives) is the number of pixels or
objects correctly identified as belonging to the target
class, F'P (false positives) is the number of pixels
or objects incorrectly identified as belonging to the
target class, and F'N (false negatives) is the number
of pixels or objects that belong to the target class but
were missed by the model. A high precision means
that when the model predicts a positive, it is likely
correct (few false positives); a high recall means that
few actual positives are missed (few false negatives).
The Fl-score combines precision and recall as their
harmonic mean:

2 x Precision x Recall
F =

(16)

Precision + Recall

The F1-score is useful when false positives and false
negatives are both important, providing a balanced
measure of precision and recall.

The relative weight given to the two measures depends
on the cost of each type of error. Precision is decisive
when false positives are costly, for example in security
and surveillance systems, where benign objects must
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Table 14. Interpretation of precision-recall scenarios in image processing.

Scenario Precision Recall Interpretation

Perfect model 100% 100% No false positives or false negatives

High precision, low  90% 50% The model makes very few false detections but
recall misses many actual objects (strict model)

Low precision, high ~ 50% 90% The model detects most objects but makes many
recall incorrect detections (lenient model)

Low precision, low  50% 50% Poor detection, with both many false positives and
recall many false negatives

not be labeled as threats [108]. Recall matters most
when false negatives are unacceptable, as in medical
imaging, where a missed tumor or lesion can be critical,
or in remote-sensing segmentation, where important
land-cover objects should not be overlooked [107]. For
this reason, many evaluation frameworks analyze the
precision-recall trade-off explicitly, through PR curves,
AP, or derived measures such as Localization Recall
Precision, in order to choose an operating point that
matches the tolerance of the application for either kind
of error 107, 108].

These metrics are particularly useful in segmentation
and detection, where identifying the relevant pixels
or objects is more important than overall accuracy. A
model with high precision but low recall is selective:
it makes few false detections but may miss many
relevant objects. A model with high recall but low
precision captures most relevant objects at the price of
many incorrect predictions. The ideal model achieves
both, which corresponds to the top-right corner of
a precision-recall plot; if precision drops sharply as
recall increases, the model is producing too many
false positives. Table 14 describes different possible
scenarios.

When precision and recall are equally important and
a balanced metric is needed, the F1-score in Eq. (16)
should be used. In all cases, the two measures should
be analyzed together, and a precision-recall curve
shows how a model behaves at different decision
thresholds.

4.10 Confusion Matrix

The confusion matrix is a fundamental tool for
evaluating classification models in image processing
tasks such as image classification, object detection, and
image segmentation, because it tabulates true positives,
false positives, true negatives, and false negatives
in a single table [110]. In binary and multi-class
problems, rows typically represent actual classes and

columns represent predicted classes, allowing clear
visualization of which classes are being confused with
which others [111, 112].

In image classification (e.g., cat vs. dog), the
confusion matrix summarizes per-class performance
and supports the computation of accuracy, precision,
recall, and F1-score [110]. In detection and recognition
problems, such as glaucoma detection from fundus
images, it helps to analyze the false positives
and false negatives of a detector [113], and in
segmentation and feature-detection tasks, such as
corner detection, it counts correctly and incorrectly
detected structures, from which sensitivity, specificity,
and related measures are derived [112].

The value of the confusion matrix lies in the fact
that it shows how many samples fall into each
actual-predicted combination and thus reveals which
classes are most often confused [110]. Its four entries
(I'P, FP, TN, FN) can be read off directly and
distinguish the types of error, which is crucial in
medical diagnosis or quality inspection, where false
positives and false negatives have very different costs
[110, 112, 114]. Moreover, the standard performance
measures (accuracy, precision, recall or sensitivity,
Fl-score, specificity, and the Matthews correlation
coefficient, MCC) are all defined as functions of these
entries, so the matrix is the primary source from which
they are derived [110, 111]. The binary form of the
confusion matrix is shown in Table 15.

Table 15. Confusion matrix for binary image classification.

Actual \ Positive (1) Negative (0)

Predicted

Positive (1) True positive False negative
(TP) (FN)

Negative (0) False positive True negative
(FP) (TN)

Here, a true positive (T'P) is a positive sample correctly
classified as positive; a false positive (F'P) is a negative
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sample incorrectly classified as positive (Type I error);
a false negative (F'N) is a positive sample incorrectly
classified as negative (Type II error); and a true
negative (1T'N) is a negative sample correctly classified
as negative.

The confusion matrix serves as the foundation for
calculating multiple evaluation metrics. The specificity,
or true negative rate (TNR), measures how well the
model identifies negatives and is useful in medical
diagnosis (e.g., screening for diseases):

TN

SpeCIﬁCIty = m

(17)

The false positive rate (FPR) and the false negative rate
(FNR) are defined as:

FP
FPR=————-=1-S ificit
FP+TN PECLACILY (18)
N
FNR= - =1 — Recall
R TP+ FN Reca

The FPR is the probability of incorrectly classifying a
negative as positive, and the FNR is the probability
of missing an actual positive. The FPR, together
with the true positive rate, is used in ROC curves for
threshold-based analysis.

The confusion matrix is the basis for evaluating models
in image processing, and visualizing it as a heatmap
helps in interpretation. Because accuracy alone is not
sufficient, precision, recall, and the F1-score should be
used for a complete evaluation.

4.11 Accuracy and F1-Score

Accuracy is a fundamental evaluation metric in digital
image processing for measuring the correctness of a
classification model. It represents the proportion of
correctly classified pixels, objects, or images relative to
the total number of samples [115]. While accuracy is
a simple and intuitive metric, it may be misleading
in cases of imbalanced datasets, where one class
dominates the dataset [51].

The F1-score is the harmonic mean of precision and
recall, providing a more balanced measure of a
model’s performance, especially when dealing with
imbalanced classes [116, 117]. It helps in scenarios
such as medical image segmentation, object detection,
and facial recognition, where both false positives and
false negatives are critical [51]. Accuracy is computed
from the entries of the confusion matrix in Table 15 as:
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TP+TN

A =
A = PP T TN + FP+ FN

(19)

The Fl-score, precision, and recall are defined in Egs.
(16), (14), and (15), respectively.

Accuracy remains popular because it is simple and
intuitive [115], because it is informative when the
class distribution of an image dataset is balanced [116],
and because it is the conventional measure in image
recognition and classification [22, 115].

The Fl-score, in contrast, is more informative for
imbalanced datasets, for instance when rare diseases
are to be detected in medical images [116]. It
is also valuable in segmentation, where missing a
small but important part of an object can change the
result substantially [51], and in applications such as
biometric security, where false positives and false
negatives must be balanced [22, 51]. Table 16 shows
when to use accuracy and the Fl-score.

Taken together, accuracy is appropriate for balanced
datasets but can remain high even when a model is
biased towards the majority class, whereas the F1-score
exposes the limitations of a model when false negatives
and false positives both matter. In medical imaging,
biometric security, and segmentation, the F1-score is
therefore generally preferred.

Accuracy is nevertheless frequently reported as the
sole metric in the literature. Plausible reasons include
its simplicity and interpretability, the use of balanced
benchmark datasets in many studies, the convenience
of benchmarking against earlier accuracy-based results,
and its computational simplicity. In image processing
research, both accuracy and the Fl-score should be
reported to provide a more complete evaluation.

4.12 Receiver Operating Characteristic (ROC) and
Area Under the Curve (AUC)

The Receiver Operating Characteristic (ROC) curve is
a graphical representation of a classification model’s
ability to distinguish between classes. It is particularly
useful in digital image processing applications such
as image segmentation, object detection, and medical
imaging classification [118]. The ROC curve plots
the true positive rate (TPR, also called sensitivity or
recall) against the false positive rate (FPR) at various
classification thresholds [118-120].

The Area Under the Curve (AUC) quantifies the
overall ability of the model to discriminate between
classes [118-120]: AUC = 1 corresponds to perfect
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Table 16. Comparison of accuracy and Fl-score under different evaluation scenarios.

Scenario

Use Accuracy Use F1-Score

Balanced dataset (equal positives and negatives)
Imbalanced dataset (rare class detection)

Image classification with multiple classes
Medical image analysis (e.g., cancer detection)

Yes Optional
Not alone Yes
Yes Yes
Not alone Yes

classification, AUC = 0.5 means that the model
performs no better than random guessing, and AUC <
0.5 means that the model performs worse than random
guessing. AUC-ROC is widely used in medical
image processing (e.g., tumor detection), biometric
recognition, and other classification-based tasks.

The two quantities needed to plot the ROC curve are
the TPR,

TP

TPR = ———
R TP+ FN

(20)

which measures how well the model detects positives
and is identical to the recall in Eq. (15), and the FPR
defined in Eq. (18), which measures how often the
model incorrectly classifies negatives as positives. The
AUC is computed as the integral of the ROC curve:

1
AUC = / TPR d(FPR) (21)
0

In practice, the ROC curve is available only at a finite
number of thresholds, so the integral is evaluated
numerically, for example with the trapezoidal rule.

ROC analysis has three main attractions. First, it
is threshold-independent: whereas accuracy and
precision depend on a chosen classification threshold,
the ROC curve describes performance across all
thresholds [119]. Second, the ROC curve is insensitive
to class prevalence, unlike accuracy, which can be
misleading for imbalanced datasets [119, 121]; for
highly skewed data, however, precision-recall curves
are often considered more informative [122]. Third,
in tasks such as cancer detection or face recognition,
ROC-AUC makes the balance between false alarms and
missed detections explicit [118].

AUC-ROC applies most directly to binary problems,
such as distinguishing tumor from non-tumor images
[118]. It extends to multiclass classification by
computing one-vs-all ROC curves for each class [119,
121], and it is also used for target and anomaly
detection in imagery, for example in hyperspectral
target detection [120].

An AUC above 0.9 indicates a strong model with a
high capability to differentiate the two classes (e.g.,
tumors vs. non—tumors). In summary, the ROC curve
evaluates model performance across all classification
thresholds, and the AUC provides a single score to
compare classifiers. Both should be used alongside
precision, recall, and the Fl-score for a complete
evaluation.

5 Conclusions and Future Work

Evaluation is a fundamental component of digital
image processing and machine learning because
the validity of a model or image-processing method
depends not only on its development but also on how
its performance is measured. This review examined
commonly used evaluation metrics across five major
task categories: image quality assessment, image
classification, image segmentation, image restoration,
and object detection. The findings show that metric
selection is inherently task-dependent, and no single
metric can adequately capture all dimensions of
image-processing performance. For image quality
and restoration, pixel-wise measures such as MSE,
RMSE, MAE, and PSNR provide useful information
about numerical fidelity and reconstruction error
but may not fully reflect structural or perceptual
similarity. Metrics such as SSIM, MS-SSIM, FSIM,
VIF, and LPIPS therefore provide complementary
information. Similarly, classification should not rely on
accuracy alone, particularly for imbalanced datasets;
precision, recall, F1-score, confusion matrices, and
ROC-AUC provide additional insight into classification
performance. For segmentation, Dice and IoU measure
agreement between predicted and reference regions,
while object detection commonly relies on AP and
mAP to evaluate localization and classification
performance. Thus, metric selection should be guided
by the characteristics and objectives of the specific
task. An important implication of this review is that
evaluation metrics should be selected according to the
evaluation objective rather than their popularity or
convenience. Pixel-level fidelity, structural similarity,
perceptual quality, classification discrimination,
localization accuracy, robustness, and class imbalance
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represent different performance dimensions and may References

require complementary measures. The limitations of
conventional metrics such as MSE, RMSE, and PSNR
further support combining numerical and perceptual
measures when appropriate.

Future research should focus on standardized,
reproducible, and task-aware evaluation protocols,
with stronger links between objective metrics
and human perceptual judgments and greater
consistency across datasets and implementations.
Such frameworks will be increasingly important
for emerging areas including multimodal image
processing, foundation models, generative image
restoration,  three-dimensional imaging, and
vision-language systems. Therefore, metric selection
should be treated as an integral part of experimental
design rather than simply a reporting step. A
well-designed evaluation strategy should use
interpretable, task-appropriate metrics capable of
capturing the relevant dimensions of performance.
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