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Abstract

Evaluating image quality in natural scene images is
challenging because scene composition is highly variable and image
distortions often differ across regions. Existing image quality
assessment (IQA) methods can quantify such distortions using
frequency information, but are generally ineffective for sensor
artifact detection and localized scoring. In this work, we propose a
versatile short-time Fourier transform (STFT)-based framework for
1QA, enabling intuitive spatial-frequency interpretation of localized
patches. By performing spectral analysis within sliding windows,
the STFT captures localized frequency characteristics that can be
directly mapped back to their spatial positions. To improve
interpretability, we incorporate region of interest (ROI)-aware
patch extraction using Segment Anything 2 (SAM2) to focus the
analysis on relevant areas. Within this framework, the same STFT
representation can be flexibly adapted to multiple IQA scenarios
through different spectral interpretations, including maze artifact
detection, line-broken artifact detection, and texture scoring. Our
experimental results demonstrate that the framework effectively
identifies artifact regions and provides meaningful texture quality
measurements, specifically, the proposed texture frequency metric
achieves a Pearson correlation coefficient of 0.78 with subjective
Elo scores. These results indicate that STFT-based spectral
interpretation provides an intuitive and flexible approach for
analyzing diverse image quality characteristics in natural scene
images and supports practical workflows for image quality
evaluation.

Introduction

Image quality assessment (IQA) is essential in the sensor
industry for evaluating the performance of imaging devices. As the
design of color filter arrays (CFAs) in the sensor pixel layer has
become increasingly complicated, new image signal processing (ISP)
methods for this hardware innovation are continuously being
developed to produce high-quality RGB images from CFA raw data.
In this context, evaluating how much these new technical
advancements improve imaging performance is important for the
manufacturers and their customers. They typically evaluate image
quality using fundamental key performance indicators such as
sharpness, noise, color accuracy, and contrast [1] , [2], and [3].
However, these indicators sometimes fail to fully address the
demands of industrial product quality assurance. Particularly, sensor
manufacturers often conduct IQA to analyze performance while
focusing on specific modifications in their products. In this regard,
sensor artifacts, which appear as periodic patterns in images, are
critical concerns. Some techniques are designed to reduce these
artifacts, whereas new techniques may introduce previously unseen
ones. To address defects and optimize sensor registers, sensor
manufacturers require flexible IQA methods to assess sensor
artifacts from an industrial perspective.

Analyzing images in the frequency domain offers intuitive and
informative insights for this purpose. Specifically, frequency
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components enable clear characterization of both image quality
factors (e.g., texture and resolution) and sensor artifacts (e.g., maze
pattern and line-broken artifacts). However, existing approaches
often fail to fully exploit this potential. Several IQA methods have
been proposed to quantify specific artifacts in high-frequency
regions, such as line-broken artifacts [4] and false color artifacts [5],
but they typically do not leverage frequency-domain information
comprehensively. Conversely, frequency-based IQA methods
typically focus on global quality [6], [7], [8]. Additionally, recent
deep learning-based approaches operate as black box models
without explicit use of frequency interpretation [9], [10]. While
these methods are useful for assessing overall image quality, they
lack localization and diagnostic capabilities required for industrial
use. To address these limitations, we propose a frequency-based
IQA framework that provides localized analysis suitable for
industrial applications.

The short-time Fourier transform (STFT) is a well-established
method for analyzing localized frequency components of signals. It
provides a time-frequency representation of a signal by applying the
Fourier transform to short, overlapping segments [11], allowing it to
handle nonstationary signals effectively [12]. As a result, STFT has
been widely used in various fields such as speech processing,
biomedical signal analysis, and image processing.

In this work, we therefore propose an STFT-based pipeline for
spatially resolved frequency analysis. By computing STFT on local
image patches, we obtain spatially resolved spectral information that
captures both periodic sensor artifacts (e.g., maze patterns and line-
broken defects) and local texture characteristics. This localization
capability allows defect detection as well as texture quality
assessment in complex natural images. However, to extract these
local spectra from semantically consistent regions across different
images, we require precise region of interest (ROI) alignment
regardless of viewpoint or object position. We therefore integrate
Segment Anything Model 2 (SAM2) [13], a state-of-the-art
segmentation model, to ensure consistent evaluation of identical
objects across different images. The proposed framework supports
various industrial applications ranging from artifact detection to
texture scoring. Therefore, we evaluated our framework on the IQA
tasks of maze artifact, line-broken artifact and even texture quality
scoring to demonstrate the effectiveness and versatility of our
approach.
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Figure 1. Typical image regions requiring localized frequency analysis.
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Method

An overview of the proposed IQA framework is illustrated in
Fig. 2. The pipeline consists of three main stages. First, spatial
patches are selected from regions of interest (ROIs) to facilitate the
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Figure 2. Pipeline of short-time Fourier transform applied image quality assessment

ROI-aware Patch Extraction

To focus on perceptually important regions, we first generate
IQA-targeted ROI masks before sampling spatial patches.
Specifically, we employ Segment Anything Model 2 (SAM2) [13],
a state-of-the-art segmentation model, to identify object-level
regions in the image. It is a zero-shot model capable of extracting
semantic masks via prompting without requiring task-specific
training. The flexibility for IQA engineers to specify bounding box,
point, or mask prompts and extract segmentation masks makes this
approach particularly suitable for the proposed pipeline.

Based on the generated ROI masks, we extract patches using a
sliding window strategy following the conventional STFT patch
sampling. This process combined traditional spatial sampling with
ROI filtering: we retain only those patches where all pixels within
the sliding window were fully contained within the mask. Patches
exhibiting partial overlap with non-ROI regions are discarded to
ensure that frequency analysis was restricted solely to the target
regions.

To enable reliable frequency-domain analysis, the patch size is
determined proportionally to the ROI scale to consider both spatial
localization and frequency-domain representation. By adapting the
patch size to the ROI dimension, the proposed approach preserved
meaningful spatial context within the region while enabling stable
frequency analysis of local image structures.

Patch Spectral Representation

As our goal is to capture periodic variations related to image
quality assessment, we use the spatial derivatives in the frequency
domain. The spectral representation using the derivative property of
the Fourier transform can be efficiently computed as |jwF{l}|,
which is obtained by multiplying STFT coefficients with
frequency terms w and j. This operation suppresses the DC
component and reduces the influence of gradual shading and low-
frequency illumination variations while emphasizing structural
variations.

This spectral representation captures the localized frequency
characteristics of each spatial patch. We interpret each patch
differently depending on the specific IQA task and the results enable
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Patch Spectral Representation

Texture

extraction of frequency information. These patches are then
transformed into the frequency domain for patch-wise analysis in
the second stage. Finally, the desired final outputs are generated for
individual images according to the specific objectives of the IQA
task.

Image-level Aggregation
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us to examine the signals exhibited at each original spatial position
by the image. This approach allows flexible patch analysis. Spectral
components can be probed, and signal frequencies can be calculated
through statistical analysis. The interpretation can be adapted to
target artifacts or image quality factors.
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Figure 3. Derivatives in the spectral domain.

Image-level Aggregation

After patch-level signal analysis for the target IQA task, the
results are aggregated at the image level. Patch-wise measurements
can be statistically combined to produce a global image quality score
for image ranking. Alternatively, patch scores can be mapped back
to their spatial locations to generate artifact localization heatmaps,
enabling detection and visualization of spatial quality degradations.

Experiments

Experimental Settings

Natural scene images were used for the experiments. The
dataset consists of images capturing the same objects under similar
physical positions using wide field-of-view (FOV) settings, while
varying the imaging sensors. Specifically, sensors with resolutions
of 12 MP, 50 MP, and 100 MP were used.

The experiments were conducted from three perspectives:
maze artifact, line-broken artifact, and texture preservation. For
artifact analysis, scenes were selected where maze and line-broken
artifacts are frequently observed. For texture analysis, regions
containing high-frequency patterns, such as the hair and clothing,
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were used. Since maze artifacts tend to appear across the entire
image, the full image was used as the ROI in this case. For the other
scenarios, ROI masks were generated using SAM2 based on regions
identified by an IQA engineer.

STFT-based patch extraction was performed using a sliding-
window approach. The patch size was set to 5% of the ROI
dimension with a 50% overlap between adjacent patches.

Maze Artifact Analysis

Maze artifacts are known to originate from color filter array
(CFA) demosaicing errors in the imaging pipeline [14]. These
artifacts typically appear as maze patterns in regions containing
repetitive high-frequency structures. In the frequency domain, they
are associated with responses around the CFA lattice frequency

f=+—,0€{0,907, €8)
Tcra

where T¢cpa denotes the CFA period and 8 represents the orientation
in the frequency domain.

Based on this observation, the proposed STFT-based analysis
was used to probe frequency responses around these characteristic
locations. As illustrated in Fig. 4, spatial patches were first
transformed into the frequency domain, and Gaussian probing was
applied around the target CFA-related frequencies. Among the
probed responses, the maximum value was selected as the maze

signal magnitude for each patch, which was then used to construct a
spatial detection heatmap.

max(Aq,A,, A3, A,)

STFT A, = Bandpass(STFT Patch)

Maze probing (f =% m)

Figure 4. Maze artifact probing and signal interpretation.

In our experiments, we used entire image as the region of
interest (ROI) in this experiment. The resulting maze responses were
visualized as heatmaps to analyze the spatial distribution of the
artifacts. As shown in Fig. 5, images containing strong maze
artifacts exhibited larger regions with high response values,
appearing as red-colored areas in the detection maps. In contrast,
images without maze artifacts showed relatively low responses
across the image.

A closer inspection of the cropped regions further reveals grid-
like patterns that correspond to the visual appearance of maze
artifacts. The corresponding cropped detection maps also exhibit
strong responses in these regions, indicating that the proposed
frequency probing effectively captures the spectral characteristics of
maze artifacts.

Figure 5. Maze artifact detection results. Rows show (a) a maze-free image and (b) a maze-affected image. Columns present the original image, the maze

detection heatmap, a cropped region, and the cropped detection heatmap.

Line-broken Artifact Analysis

Line-broken artifacts are mainly caused by errors in pattern
direction estimation within the image signal processor. These
artifacts appear as abnormal responses along directions inconsistent
with the dominant structural orientation in the image [15]. In order
to observe this phenomenon, we selected ROIs with predominantly
vertical patterns so that strong horizontal responses could be
interpreted as line-broken artifacts.

To analyze this behavior, we first estimated the dominant
signal direction from the STFT spectrum of each patch. Figure 6
shows how we measured line-broken on each STFT patches. Since
the selected ROI contains structures primarily oriented in one
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direction, the peak response naturally indicates the main direction of
the pattern. Based on this direction, we constructed an X-shaped
mask spanning +45° around the main direction to separate the
signals. The two sectors aligned with the main direction were
defined as the normal regions, while the opposite sectors were
defined as the error regions. This process is referred to as normal-
error separation, as illustrated in Fig. 6. The artifact strength in a
single patch was then quantified using the anisotropic level defined
as,
Ani ic Level(dB) = —20 log [ 2orma! 2
nisotropic Level(dB) = —20 og( S Error ) (2)
This metric was computed for each patch, resulting in a patch-wise
anisotropic level representation.
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Figure 6. Line-broken artifact signal interpretation.

Figure 7 shows examples of anisotropic levels computed for
different patches. Patches containing fewer line-broken artifacts
exhibit higher anisotropic levels, while patches with stronger
artifacts show lower values. By spatially arranging these patch-wise
anisotropic levels, a detection map highlights regions where line-
broken artifacts are prominent. An example of the resulting

detection heatmap is shown in Fig. 8.
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Figure 7. Patch-wise anisotropic level examples.
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Figure 8. Line-broken artifact detection results.
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Texture Quality Assessment

Texture quality has been widely analyzed in the frequency
domain due to its strong relationship with spatial frequency
characteristics [6], [8]. To examine the applicability of our
framework to this aspect, we evaluated texture quality through
region of interest (ROI) frequency estimation. For this experiment,
we selected ROIs containing high-frequency patterns suitable for
texture assessment such as hair and textiles.

The texture analysis began with ROI-aware patch extraction
followed by frequency-domain interpretation of each patch. After
patch extraction, we analyzed each patch to figure out the texture
frequency as Fig.9. To obtain a rotation-invariant power spectrum,
polar warping was applied and the maximum response across
orientations was selected for each spatial frequency, resulting in a
one-dimensional  rotation-invariant ~power spectrum. The
representative texture frequency of each patch was then defined as
the median frequency of this spectrum.

Warping + Max Projection

/ Rotation-Invariant f median .

1-D Power Spectrum k
ZicS medianWk
Spectral Z w
- k"k
Entropy Wtexture

Texture Richness Function

Figure 9. Texture frequency estimation.

However, not all patches contribute equally to texture
perception. Therefore, we introduced a texture richness weight
based on the normalized spectral entropy of each patch. Frequency-
domain entropy has been shown to provide discriminative
information for texture analysis [16]. The normalized spectral
entropy, denoted as H,,,,-m, is calculated as,

2
_ Xipilogap;

Hnorm - 10g2 NZ 'Hnorm € [0'1] (3)

where p; is the normalized frequency probability of the i -th
frequency bin, and N is the patch size (i.e., the patch has NxN bins).
The normalized entropy shows the complexity of the frequency
distribution. Flat regions produce low entropy, whereas noisy
regions produce high entropy. In our observations, texture-rich
patches, which are important to our assessment, typically lie in an
intermediate range of entropy values. As shown in Fig. 10, patches
around 0.7-0.8 entropy were found to contain meaningful texture
structures. To emphasize these, we defined the texture richness
using a modified Tukey window:

1 0.7 — H, )
3 [1 + cos (7‘[ T’“’"")], if 0.65 < Hporm < 0.7
1,  if 0.7 < Hporm <038

1 0.8 — Huorm ]
k2[1+C"S(” 0.05 ) ’
0,

Riexture (Hnorm) = (€]
if 0.8 < Hypprm <0.85

otherwis

where the parameters were selected. Finally, we obtained the texture
frequency of the image as the weighted mean of the patch
frequencies:

Yk Frneaian Wi
frexture = % Wi = Reexture (Hr]form): (5)

where £, 1ian is the frequency representation of k-th patch.
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Figure 10. Patch-wise spectral entropy distribution for texture richness
estimation.

Finally, the estimated texture frequency was used as the overall
texture quality score, where higher frequencies indicate better
preservation of fine texture structures. To obtain subjective
references, a user survey was conducted using image patches
extracted from the selected ROIs. During the survey, the ROI height
was normalized across images captured with different sensor
resolutions so that participants evaluated textures under comparable
spatial scales. Accordingly, the texture frequency metric was
expressed in the unit of line pairs per object ROI height (LP/Object
ROI Height).
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Figure 11. Comparison of Texture Frequency and Elo Score (Subjective
Image Quality Score

Figure 11 compares the proposed texture frequency metric with
the subjective Elo scores obtained from the survey. The proposed
method achieved a Pearson correlation coefficient of 0.78 with the
subjective scores. Although variations in object shape can
occasionally produce abnormal values due to the frequency unit
being defined with respect to object ROI height, the results
demonstrate a meaningful level of consistency with subjective
image quality assessments.

Discussion

The wuse of the short-time Fourier transform (STFT)
representation provides several practical advantages for image
quality analysis. The frequency-domain representation provides an
intuitive interpretation to IQA engineers by directly examining
spectral responses corresponding to specific artifacts or texture
characteristics. This intuitive approach makes it straightforward to
select and analyze frequency components related to particular
degradations, and conversely, to quantify the degree of image
quality loss. As demonstrated in Figs. 5, 7-8 and 10-11, the STFT-
based analysis effectively captured maze and line-broken artifacts
and provided meaningful estimates of texture frequency, illustrating
the practical utility of the method. The same framework can be
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adapted to multiple IQA scenarios simply by applying different
spectral interpretations, demonstrating its versatility and flexibility.
In particular, within the sensor industry, unexpected image quality
issues often need to be analyzed quickly, and the proposed
framework allows engineers to investigate newly observed artifacts
efficiently.

Another important aspect of the proposed approach is the use
of ROIl-aware analysis for natural scene images. Unlike
standardized chart-based measurements, natural scene images
contain objects with varying shapes and scales. Consequently,
analyzing image quality at the object level provides more
meaningful and reliable interpretations. By incorporating ROI
segmentation prior to spectral analysis, the method directly reflects
object-level structure in the frequency-domain signal interpretation.
This improves interpretability, enables reliable artifact localization,
and aligns with practical qualitative evaluation protocols, where
IQA engineers typically select ROIs to compare perceptual
differences between images.

The artifact detection heatmaps generated by the proposed
pipeline also provide practical benefits for large-scale image
analysis. Modern imaging sensors often exceed 100 megapixels, and
manually inspecting all pixels to identify artifacts is extremely time-
and effort-consuming. By highlighting regions likely to contain
artifacts, the proposed method significantly reduces the manual
inspection workload. Moreover, the intuitive quantification of
image quality allows the derived metrics to serve as auxiliary signals
in subjective surveys or as labeling guidance for data-driven quality
assessment. For example, the proposed texture frequency metric
achieved a Pearson correlation coefficient of 0.78 with subjective
Elo scores (Fig. 11), confirming its effectiveness in quantifying
perceptual quality.

Finally, as the method operates on patch-wise representations,
it can be naturally integrated with modern vision architectures that
process images as collections of patches, such as vision transformers
(ViT). This suggests that the proposed framework could serve as a
bridge between traditional signal-based image quality analysis and
learning-based image quality modeling in future work, while also
providing a practical tool for engineers to quickly assess and
interpret image quality in natural scene applications.

Conclusion

In this work, we propose a versatile short-time Fourier
transform (STFT)-based framework for image quality assessment
(IQA) in natural scene images. By combining ROI-aware patch
extraction with spatial-frequency analysis via STFT, the proposed
framework provides intuitive and interpretable metrics for
evaluating a variety of image degradations, including maze and line-
broken artifacts as well as texture quality.

The proposed approach effectively captures both artifact
localization and perceptual texture characteristics, as demonstrated
by detection maps for maze and line-broken detection maps (Figs.
4-8), and the texture frequency analysis with high correlation to
subjective Elo scores (Fig. 11, Pearson coefficient 0.78). ROI-aware
spectral analysis ensures reliable evaluation in non-standardized,
natural scene images, while the patch-wise representation facilitates
scalable analysis of high-resolution sensors and potential integration
with learning-based IQA models.

Overall, the framework offers a practical and flexible tool for
IQA engineers, enabling rapid artifact assessment, quantitative
assessment of perceptual quality, and generation of labeled data for
data-driven modeling.
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