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Abstract

Image quality assessment has been a longstanding area of
research, with significant efforts dedicated to developing objec-
tive metrics that can reliably predict perceived image quality.
While numerous image quality metrics have been proposed, rang-
ing from traditional handcrafted approaches to modern machine
learning-based models, their evaluation typically relies on sta-
tistical comparisons with subjective human ratings where cor-
relation is the primary measure of performance. In this study,
we explore an additional dimension in image quality evaluation:
the impact of image semantic complexity on metric performance.
Specifically, we hypothesize that the number of distinct seman-
tic categories within an image influences the accuracy of image
quality metrics. We evaluate 8 state-of-the-art image quality met-
rics across 2 benchmark datasets, analyzing performance varia-
tions with respect to image semantic complexity (category count),
based on two vision-language models. Our findings reveal that for
some image quality metrics there is an impact of semantic com-
plexity and outliers. This suggests that content-aware evaluation
could be crucial for future image quality research.

Introduction

The assessment of image quality has been an active research
field for many years, with attention given to proposing objective
image quality metrics to predict perceived image quality. Sur-
veys show an impressive number of proposed image quality met-
rics [1], and nowadays machine learning based image quality met-
rics are frequently introduced (2} [3]].

The evaluation of image quality metrics is carried out by
comparing their prediction with the scores of subjective exper-
iments. Common statistical measures include correlation, out-
lier ratio, root-mean-squared error, USTRESS [4]. These have
been used extensively in the evaluation of image quality metrics
[3115H9]), and provide information on different aspects of the per-
formance of the metrics.

In this work, we go beyond the normal assessment and in-
vestigate if the content of the images used for the evaluation in-
fluences the performance of image quality metrics. Our hypothe-
sis is that the semantic complexity of images, here defined as the
number of semantic categories in the image, influences perfor-
mance. In view of this hypothesis, we analyze 8 state-of-the-art
deep learning based image quality metrics on 2 datasets, in which
category count has been based on two vision-language models.
Olivia et al. [10] found that visual complexity is principally rep-
resented by the perceptual dimensions of quantity of objects, clut-
ter, openness, symmetry, organization, and variety of colors. In
our work, we focus on the first element, quantity of objects, rep-
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resented by the number of semantic categories.

This paper is organized as follows. First, we introduce rele-
vant background, then the methodology, before we present the ex-
perimental results. At last, we conclude and propose future work.

Background

Analysis of the performance of image quality metrics have
been carried out by numerous researchers.

Samajdar and Quraishi [[11] analyzed a set of image qual-
ity metrics and their performance for different distortions using
correlation. Ponomarkenko et al. [12] evaluated image quality
metrics on TID2013 for the full dataset and for subsets. Lin and
Kup [13] did a similar analysis on image quality metrics on full
datasets and their subsets. Pedersen and Hardeberg [1] also car-
ried out a similar analysis of image quality metrics on various
datasets, and subsets of the TID2008 dataset. Nouri et al. [14] also
analyzed image quality metrics statistically in different datasets
and image subsets. Hanhart et al. [15] benchmarked 35 image
quality metrics for HDR content, and analyzed amongst other the
impact of different color channels using correlation, outlier ratio,
and RMSE.

Chetouani [16] analyzed image subsets and ranked image
quality metrics based on their performance for each subset, and
suggested that one might classify images to select the best per-
forming image quality metric for a specific class, for example us-
ing the approach suggested by Charrier et al. [17].

Analysis has also been carried out with regard to single and
multiple distortions, indicating differences in performance be-
tween image quality metrics in this aspect [[18,[19].

Yang et al. [20] analyzed quality assessment of screen con-
tent images, which included analysis of an image with higher vari-
ation between the evaluated quality metrics.

Outlier ratio has been used to analyze performance, such as
for SSIM [21], CBM [22], and by Sazzad et al. [23]. Group
maximum differentiation was proposed by Ma et al. [24]], which
automatically selects subsets of image pairs from a given dataset
where image quality metrics compete with each other.

The NIMA metric [25] calculates the distribution of quality
scores, and performance evaluation of this metric was carried out
using correlation and earth mover’s distance.

Pedersen and Cherepkova [26] analyzed outliers for a set of
image quality metrics with regards to features; namely colorful-
ness, lightness, busyness, entropy and sharpness. They did not
find a clear dependency between image properties and the predic-
tion from the image quality, however, some common characteris-
tics exist.
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Triantaphillidou et al. [27] investigated the relationship be-
tween scene content and subjective results. Overall, they observed
that quantification of scene features could match visual observa-
tions of the scenes, and that this could provide explanation on how
these features impacted the perceptability of distortions.

To the best of our knowledge in depth analysis of outliers
(points, either subjective human ratings or objective metric pre-
dictions, that significantly deviate from the expected or majority
trend) have not been done. Therefore, in this paper, we analyze
outliers with regard to the number of categories (semantic com-
plexity), with the hypothesis that semantic complexity has an im-
pact on the performance image quality metrics. Our hypothesis is
based on findings that subjective image quality ratings are influ-
enced by image busyness (or low-level image complexity) [27],
which is usually present in images with many objects (images
with high semantic complexity). Such complex images can re-
sult to outliers when it comes to correlating subjective results with
image quality metric ratings.

Methodology
Image Quality Metrics

We have selected recent image quality metrics that are based
on CNNs, Transformers, and CLIP, namely: ARNIQA [2§]
(regressor trained on KonlQ-10k), CNNIQA [29] (trained on
KonIQ-10k), HyperIQA [30](trained on KonlQ-10k), NIMA [25]
(trained on KonlQ-10k), MANIQA [31]] (trained on KonlQ-10k),
TReS [32] (trained on KonlQ-10k) CLIPIQA+ [33] (ViT-L/14,
fine-tuned on KonlQ-10k), and QualiCLIP+ [34]. These image
quality metrics represent recent methods, that have been shown to
perform well on different datasets. They constitute a good basis
for further analysis of their performance and if they are impacted
by image content.

Datasets

We use the Koniq-10K [3]] dataset for our analysis. This
dataset has 10073 images, with camera distortions, which has
been rated by 1459 crowd observers, with 120 ratings per image.
The dataset has been used extensively for evaluation, but also for
training deep learning image quality metrics. It contains differ-
ent semantic content, and images were selected to span different
attributes such as lightness, contrast, colorfulness, sharpness, con-
tent embeddings, which ensured further diversity of content.

In addition, we use the LIVE in the wild image quality Chal-
lenge dataset [35]. LIVE Challenge contains 1,162 images, cap-
tured using mobile devices, evaluated by over 8100 observers.
The dataset has diverse camera distortions, and covers a wide
range of semantic content.

Semantic complexity analysis

We use Qwen-VL-Max (Qwenvl) [36] and Doubao-Seed-
1.6-vision (Doubao) [37]], both large-scale vision-language mod-
els, to count the number of different categories in an image. A
higher number of categories implies more objects in the image.
Further, for each metric, we define outliers as the points furthest
from the linear regression line fitted between its predicted Mean
Opinion Scores (MOS) and subjective MOS. Our analysis is start-
ing from a small percentage of outlier (5%) and increasing the
number of outliers (up to 60%). We calculate the mean number of
categories for the remaining images (inlier points). We perform
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this analysis for all the image quality metrics.

Figure [T] shows the semantic category count for the Konig-
10K dataset while Figure [2] shows the semantic category count
for the LIVE Challenge dataset, processed with the two vision-
language models. Some disagreement is expected, but in general
their results correlate. We show the results for the Doubao model
only, as the results are similar. We can notice that the range of
categories go from a single category up to 20 categories in the
image. Figure [3|shows examples of images from Koniq-10K that
have few categories (top row) and images with the most categories
(bottom row), while Figure [4] shows examples of images from
LIVE Challenge that have few categories (top row) and images
with the most categories.
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Figure 1: Correlation between category counts for Qwenvl and
Doubao for the Konig-10K dataset.
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Figure 2: Correlation between category counts for Qwenvl and
Doubao for the LIVE Challenge dataset.
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Figure 3: Exple of images from Konig-10K with few cate-
gories (top row) and images with the most categories (bottom
row).

s ! (.
Figure 4: Example of images from LIVE Challenge with few cat-
egories (top row) and images with the most categories (bottom
TOw).

Results

We analyze the results as plots of the mean number of cat-
egories per image versus the outlier points (in percentage). We
analyze the underpredicted outliers separately from the overpre-
dicted outliers (i.e. points below and above the regression line).
The results based on the category count using Doubao and the
KONIQ-10K dataset are found in FigureEl In general, the cate-
gory count for outliers above the regression line (score overpre-
dicted) are for most image quality metrics stable. TReS has a
slight decline going from 5% outliers to 60% outliers. The excep-
tion is with MANIQA where the mean class count increases with
the number of discarded outliers, with an indication that this met-
ric overpredicts images with fewer classes. We can also notice
that the outliers in MANIQA has a lower mean category count,
at 10% outliers this is at 3 categories, while most of the other
metrics have above 4 categories as the mean. In FigureEl we an-
alyze the outliers below the regression line, we notice a different
behavior than those above the regression line. For ARNIQA, CN-
NIQA, TRES, and QUALICLIP+, we see that the category count
increases with the number of outliers. This indicates that these
metrics underpredict the quality of images with fewer categories.
MANIQA has a different behaviour, where the most extreme out-
liers have more categories and the mean number of categories is
reduced with increasing number of outliers. This indicates that
MANIQA underpredicted images with more semantic complex-
ity. For HyperIQA, NIMA and CLIPIQA+ we do not see an im-
pact of category count. It is also interesting to notice that the
mean category count for the outlier above and below the regres-
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sion line is different. As an example, the 60% mean outlier cat-
egory count is almost 4.4 for ARNIQA above the regression line
but only 3.6 below the regression line. We see a similar tendency
for CNNIQA, with 4.4 above the regression and 3.6 below. For
MANIQA we see the opposite, with 3.4 as the mean category
count at 60% outliers above and a bit above 4.8 mean category
count in the points below the regression line.

When analyzing the results for Konig-10K using Qwenvl we
see the same trends as for Doubao in Figure[5] This is expected as
Doubao and Qwenvl results are correlated, as shown in Figurem

Figure [f] shows the results for the LIVE Challenge dataset
when using Doubao. On the left column showing the outlier above
the regression line, we can notice that the curves have higher vari-
ability compared to Konig-10k, which is expected as the size of
the LIVE dataset is only approximately 10% of Koniq-10k. We
notice that the CNNIQA curve has an increasing trend, for the
first part, which indicates that the most extreme metric outliers
originate from images with fewer categories. Looking at the out-
liers below the regression line in the right column, we notice that
several image quality metrics (ARNIQA, CNNIQA, HyperlQA,
NIMA, TReS, QualiCLIP+) all have curves that increase with the
number of outliers, indicating that these metrics tend to under-
predict the quality of images with fewer categories. Looking more
closely at these, we can also notice that for many the category
count is lower for the outlier below the regression line than those
above. If we look at the 60% outlier mean, for ARNIQA this is
7 categories above and around 4,75 below, while for CNNIQA it
is almost 6,5 above and 5,25 below, and a similar tendency for
the other metrics. MANIQA and CLIPIQA does not have a clear
trend.

Table [1] quantifies the relation between outlier percentage
and mean semantic category count on KonlQ and LIVE Chal-
lenge, using Spearman p (subtable (a)) and the linear slope (sub-
table (b)), for outliers above and below the regression line. We
first notice a very clear asymmetry between the two sides. For
the below-line (underpredicted) outliers, the relationship is con-
sistently strong and positive on both datasets: on KonlQ, most
metrics have p very close to 1 (typically ~ 0.87-1.00) with clearly
positive slopes (around 0.008-0.012 for several methods), and
on LIVE Challenge the same pattern holds with uniformly high
p (roughly =~ 0.81-0.99) and even larger positive slopes (up to
~ 0.016). This indicates that as we keep more extreme under-
predicted outliers, their images tend to have higher semantic cat-
egory counts. In contrast, for the above-line (overpredicted) out-
liers the behavior is much more method-dependent: some metrics
still show positive association (e.g., ARNIQA and QualiCLIP+ on
KonlQ; many methods on LIVE Challenge), while others show
clear negative association (e.g., CNNIQA and TReS on KonlQ;
HyperIQA and TReS on LIVE Challenge), with slopes changing
sign accordingly. A particularly distinctive case is MANIQA on
KonlQ, where the association flips direction across sides: it is
strongly positive above the line (p ~ 0.99, slope ~ 0.0064) but
strongly negative below the line (p =~ —0.99, slope ~ —0.0095),
matching the plot-level impression that MANIQA’s outlier behav-
ior is tightly coupled to semantic category count but in opposite
ways for over- vs under-prediction.

Table [ summarizes the overall ranking performance of dif-
ferent NR-IQA models on the KonlQ-10k and LIVE Challenge
datasets, measured in terms of SRCC and PLCC. These results
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Figure 5: Mean category count plotted against percentage of outliers for the Konig-10K dataset and using Doubao. The dotted line shows
the average object count after removing 60% of the largest-error outliers. Please note that the mean category count axis is different for
each plot.
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provide a global performance reference for the models analyzed
in Tablem enabling the subsequent investigation of how semantic
category complexity influences model outlier behavior relative to
their overall ranking accuracy.

The results for Qwenvl on the LIVE dataset gives similar
results to that of Doubao. This is expected as Doubao and Qwenvl
correlated in Figure 2]

Although higher semantic category counts are associated
with increased outlier rates (Figure |§] and Figure @), many
high-semantic-complexity images still lie close to the regres-
sion line, implying that semantic richness alone is not suffi-
cient to produce large errors. Based on our observations, high-
complexity images that become outliers often co-occur with addi-
tional challenging visual factors (e.g., difficult illumination such
as backlighting/low-light, strong local artifacts, or atypical struc-
tural degradations), whereas high-complexity images with more
balanced illumination and less dominant artifacts tend to remain
near the regression. The broadly shared trend across multiple IQA
models suggests a common sensitivity to such “semantic com-
plexity x distortion” interactions rather than a single architecture-
specific artifact; nevertheless, the model-dependent variations
(e.g., MANIQA) indicate that architecture/training strategy mod-
ulates this sensitivity. Since outliers are defined relative to MOS,
we interpret the divergence primarily as a model-MOS mismatch
under semantically rich content, rather than MOS being directly
driven by semantic category diversity.

Conclusion and Future Work

We have analyzed how image semantic complexity, here by
number of categories, in an image influence the performance of
image quality metrics. For the Konig-10k and LIVE Challenge
datasets we have counted the number of categories, and investi-
gated if outliers have more categories than inliers. Our analysis
shows indications that for most image quality metrics, outliers
have more categories than inliers. This indicates that image qual-
ity metrics struggle more with predicting the quality of complex
images containing more categories.

Future work can include more semantic analysis of the cate-
gories, and how this impacts the performance.

Acknowledgments

Marius Pedersen and Sophie Triantaphillidou were sup-
ported by the project “Quality and Content: understanding the
influence of content on subjective and objective image quality as-
sessment” (grant 324663) from the Research Council of Norway.

References
[1] Marius Pedersen, Jon Yngve Hardeberg, et al. Full-reference im-
age quality metrics: Classification and evaluation. Foundations and
Trends® in Computer Graphics and Vision, 7(1):1-80, 2012.

[2] Jie Yang, Mengjin Lyu, Zhiquan Qi, and Yong Shi. Deep learning
based image quality assessment: A survey. Procedia Computer Sci-
ence, 221:1000-1005, 2023.

[3] V. Hosu, H. Lin, T. Sziranyi, and D. Saupe. Konig-10k: An eco-
logically valid database for deep learning of blind image quality as-
sessment. [EEE Transactions on Image Processing, 29:4041-4056,
2020.

2346

[4] Pedro Latorre-Carmona, Rafael Huertas, Marius Pedersen, and
Samuel Morillas. Proposal of a new fidelity measure between com-
puted image quality and observers quality scores accounting for
scores variability. Journal of Visual Communication and Image Rep-
resentation, 90:103704, 2023.

[5

[t}

Seyed Ali Amirshahi, Marius Pedersen, and X Yu Stella. Im-
age quality assessment by comparing cnn features between images.
Journal of Imaging Science and Technology, 60:1-10, 2016.

[6

=

Rameez Wajid, Atif Bin Mansoor, and Marius Pedersen. A hu-
man perception based performance evaluation of image quality met-
rics. In George Bebis, Richard Boyle, Bahram Parvin, Darko Ko-
racin, Ryan McMahan, Jason Jerald, Hui Zhang, Steven M. Drucker,
Chandra Kambhamettu, Maha El Choubassi, Zhigang Deng, and
Mark Carlson, editors, Advances in Visual Computing, pages 303—
312, Cham, 2014. Springer International Publishing.

[7

—

Seyed Ali Amirshahi, Marius Pedersen, and Azeddine Beghdadi.
Reviving traditional image quality metrics using cnns. In Color and
Imaging Conference, volume 26, pages 241-246. Society for Imag-
ing Science and Technology, 2018.

[8

=

Marius Pedersen. Evaluation of 60 full-reference image quality met-
rics on the CID:1Q. In 2015 IEEFE International Conference on Im-
age Processing (ICIP), pages 1588—1592. IEEE, 2015.

[9

—

Aladine Chetouani and Marius Pedersen. Image quality assessment
without reference by combining deep learning-based features and
viewing distance. Applied Sciences, 11(10):4661, 2021.

[10] A. Olivia, M. L. Mack, Shrestha M., and Peeper A. Identifying
perceptual dimensions of visual complexity of scenes. Proceedings
of the Annual Meeting of the Cognitive Science Society, 2004.

[11] Tina Samajdar and Md. Igbal Quraishi. Analysis and evaluation
of image quality metrics. In J. K. Mandal, Suresh Chandra Sat-
apathy, Manas Kumar Sanyal, Partha Pratim Sarkar, and Anirban
Mukhopadhyay, editors, Information Systems Design and Intelligent
Applications, pages 369-378, New Delhi, 2015. Springer India.

[12] Nikolay Ponomarenko, Lina Jin, Oleg Ieremeiev, Vladimir Lukin,
Karen Egiazarian, Jaakko Astola, Benoit Vozel, Kacem Chehdi,
Marco Carli, Federica Battisti, and C.-C. Jay Kuo. Image database
TID2013: Peculiarities, results and perspectives. Signal Processing:
Image Communication, 30:57-77, 2015.

[13

[t

Weisi Lin and C.-C. Jay Kuo. Perceptual visual quality metrics: A
survey. Journal of Visual Communication and Image Representa-
tion, 22(4):297-312, 2011.

[14] Anass Nouri, Christophe Charrier, Abdelhakim Saadane, and Chris-
tine Fernandez-Maloigne. Statistical comparison of no-reference
images quality assessment algorithms. In 2013 Colour and Visual
Computing Symposium (CVCS), pages 1-5. IEEE, 2013.

[15] Philippe Hanhart, Marco V Bernardo, Manuela Pereira, Anténio M
G. Pinheiro, and Touradj Ebrahimi. Benchmarking of objective
quality metrics for hdr image quality assessment. EURASIP Journal
on Image and Video Processing, 2015(1):39, 2015.

IS&T Infernational Symposium on Electronic Imaging 2026
Human Vision and Electronic Imaging 2026



Model KonlQ (Above)  KonlQ (Below) LIVE (Above) LIVE (Below) Model KonlQ (Above)  KonlQ (Below) LIVE (Above) LIVE (Below)
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TReS -0.963 0.997 -0.351 0.959 TReS -0.00408 0.00909 -0.00129 0.01614
CLIPIQA+ 0.425 -0.064 0.642 0.809 CLIPIQA+ 0.00164 0.00042 0.00675 0.00597
QualiCLIP+ 0.841 0.998 0.720 0.912 QualiCLIP+ 0.00420 0.00851 0.00419 0.00982
BRISQUE 0.527 0.995 0.551 0.678 BRISQUE 0.00082 0.00816 0.00363 0.00574
BLIINDS-II 0.207 0.996 0.893 0.754 BLIINDS-II 0.00071 0.00801 0.00951 0.00731

(a) Spearman correlation (p) between outlier percentage and mean seman-

tic category count.
Table 1: Relationship between outlier percentage and semantic category count across different NR-IQA models on KonlQ-10k and LIVE

datasets.

Model KonlQ SRCC KonlQ PLCC LIVE SRCC LIVE PLCC
ARNIQA 0.798 0.836 0.676 0.733
CNNIQA 0.776 0.820 0.609 0.640
HyperlQA 0.947 0.956 0.750 0.793
NIMA 0.951 0.964 0.793 0.833
MANIQA 0.905 0.933 0.832 0.849
TReS 0.935 0.948 0.771 0.807
CLIPIQA+ 0.873 0.889 0.773 0.779
QualiCLIP+ 0.872 0.890 0.805 0.831
BRISQUE 0.764 0.767 0.164 0.193
BLIINDS-II 0.651 0.657 0.247 0.254

Table 2: Overall performance (SRCC and PLCC) of different NR-

IQA

models on KonlQ-10k and LIVE Challenge datasets. PLCC

is computed after standard non-linear mapping.
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