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Abstract—This paper introduces the Global-Local Image Per-
ceptual Score (GLIPS), an image metric designed to assess the
photorealistic image quality of Al-generated images with a high
degree of alignment to human visual perception. Traditional
metrics such as FID and KID scores do not align closely with
human evaluations. The proposed metric incorporates advanced
transformer-based attention mechanisms to assess local similarity
and Maximum Mean Discrepancy (MMD) to evaluate global
distributional similarity. To evaluate the performance of GLIPS,
we conducted a human study on photorealistic image quality.
Comprehensive tests across various generative models demon-
strate that GLIPS consistently outperforms existing metrics like
FID, SSIM, and MS-SSIM in terms of correlation with human
scores. Additionally, we introduce the Interpolative Binning Scale
(IBS), a refined scaling method that enhances the interpretability
of metric scores by aligning them more closely with human
evaluative standards. The proposed metric and scaling approach
not only provide more reliable assessments of Al-generated
images but also suggest pathways for future enhancements in
image generation technologies.

Index Terms—Photorealistic Image Quality, DALL-E, Stable
Diffusion, Interpolative Binning Scale, GLIPS, MMD

I. INTRODUCTION

HE widespread production of Al-generated images is

reshaping the visual digital landscape. In 2023, over 15
billion images were generated using text-to-image generation
algorithms by surpassing the combined photographic output
of the past 150 years within just a single year since the
technology’s inception [1]. Since the launch of DALL-E 2 [2],
the daily production rates of Al-generated images have soared
to approximately 34 million. with significant contributions
from platforms such as Adobe Firefly, which reported 1
billion images created by users within three months of its
launch [1]. Furthermore, the image-generating segment of the
generative Al market was valued at $299.2 million in 2023
and is predicted to reach $917.4 million by 2030, marking
a compound annual growth rate of 17.4%. [3], [4]. These
figures highlight the importance of the increasing demand
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for photorealistic images by emphasizing the need for robust
evaluation metrics that can align with human judgment in
assessing their quality.

In parallel to the explosive growth, there exists an inherent
challenge: the absence of metrics for assessing photorealistic
image quality. While the surge in Al-generated visuals demon-
strates technological prowess, it also amplifies the need for a
metric that can objectively evaluate the photorealistic quality
of these images against the standards of human perception.
This problem persists across various domains, from entertain-
ment to simulation training, where the distinction between
synthetic and authentic visuals holds significant practical im-
portance. For instance, in the healthcare domain, where Al-
generated images are used for medical training, the ability to
discern realistic imagery could be crucial to learning outcomes
(51, [6].

In addressing the existing methods for photorealism and
quality assessment, previous research has primarily divided the
approaches into two distinct categories: pixel-based compari-
son and model-based evaluation [7]. On the one hand, pixel-
based metrics such as Structural Similarity Index Measure
(SSIM) and Peak Signal-to-Noise Ratio (PSNR) have been
traditionally employed to evaluate the structural similarity and
noise discrepancies between Al-generated images and refer-
ence photographs [8]. On the other hand, model-based metrics
leverage the sophistication of pre-trained neural networks’
learned representations. The Fréchet Inception Distance (FID)
[9] and the Inception Score (IS) are prominent examples of
model-based metrics [10]. These metrics utilize neural network
representations to discern photorealism, image quality, and
diversity. Despite the advancements offered by these methods,
challenges persist, particularly in aligning these metrics with
human judgment. The reason behind this is that both camera-
captured and Al-generated images have different underlying
structures, which makes it challenging to compare them based
on mathematical similarity.

Furthermore, challenges arise in fairly comparing image
metric output and human scores by presenting a crucial
challenge: the scaling of evaluation scores for a fair and
accurate comparison. Traditional scaling methods, such as Z-
score normalization or Min-Max scaling, are often employed
to standardize the scores obtained from various metrics [11].
However, these techniques may inadvertently introduce bias by
disproportionately amplifying the influence of certain metrics
over others due to their naturally wider or narrower scoring
ranges. For instance, a metric like PSNR, which typically
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operates on a larger numerical scale could unduly overshadow
a metric like SSIM, which has a constrained score range.
This incongruity presents a notable challenge and compels the
adoption of a refined scaling methodology to guarantee an eq-
uitable, interpretable, and impartial comparative examination
between computational assessments and human judgments.

To overcome the inherent limitations of both traditional and
model-based metrics, this paper introduces multiple contribu-
tions. First, we present a novel metric called the Global-Local
Image Perceptual Score (GLIPS). GLIPS uniquely integrates
vision transformer-based attention mechanisms to extract at-
tention scores of important image patches. This accommodates
the different structures of camera and Al-generated images.
GLIPS also computes global distributional similarity between
camera and Al-generated images to ensure complete essence
of images have been captured. GLIPS specifically focuses on
critical image patches by evaluating their overlap and direct
differences between their representations, aiming to achieve
high correlation with human perceptual judgments.

Second, we conducted a human study by designing and
conducting a survey on Photorealistic Image Quality. The
publicly available link to the human scores dataset can be
found at: https://github.com/udanish50/Visual Verity.

Third, to ensure a fair comparison between human and met-
ric scores, we introduce the Interpolative Binning Scale (IBS).
IBS provides an interpretable transformation of both human
scores and metric outputs into fair and understandable scores
guided by human experts in the field of image processing.

This paper makes several significant contributions to the
field of photorealistic image assessment:

1) Design of the Global-Local Image Perceptual Score,
which utilizes attention mechanisms to compute local
patch similarity and the second computes the Maximum
Mean Discrepancy of the entire image’s deep features
to assess global distributional similarity.

2) Design of a novel scaling strategy employing the Likert
scale and linear interpolation to ensure unbiased and
interpretable comparison between human and metric
scores.

3) Design of Human Study on photorealistic image quality
to assess and comprehend their correlation with image
metric outputs.

4) Comparative analysis and benchmarking of GLIPS
against traditional photorealistic image quality metrics,
including SSIM, Multi Scale-SSIM, FID, and KID.

The GLIPS consists of two parts: the first extracts the
attention scores of image patches to compute local patch
similarity, and the second computes the MMD of the entire
image’s deep features to assess global distributional similarity.
A regulatory parameter controls the balance between these two
scores. The remainder of the paper is organized as follows:
Section II presents the related work, Section III details the pro-
posed Global-Local Image Perceptual Score and Interpolative
Binning Scale, and Section IV presents results and analysis.
Finally, Section V concludes the paper.

II. RELATED STUDY

This section covers current metrics, image generative mod-
els, subjective assessments, and scaling strategies.

A. Image Metrics

Photorealistic image quality assessment is fundamentally
categorized into pixel-based metrics and model-based dis-
tances [7]. Pixel-based methods, such as SSIM evaluate struc-
tural resemblance by mimicking the human visual system’s
response to spatial variations in images [8]. The Multi-Scale
Structural Similarity Index Measure (MS-SSIM) introduces a
more comprehensive evaluation by assessing image quality
at various resolutions, thereby capturing both fine and coarse
structural details. MS-SSIM is particularly effective in contexts
where images may be viewed at multiple scales or when more
sensitivity to changes in structural information is required [12].

The PSNR calculates the squared discrepancies between a
reference and a generated image, offering a straightforward
measure of image degradation [8]. Visual Information Fidelity
(VIF) is another metric that quantifies the amount of visual
information preserved in an image compared to a reference
image, based on natural scene statistics and the characteristics
of the human visual system [13]. SSIMPLUS, introduced by
Rehman et al. [11], advances SSIM by integrating factors like
human vision, display characteristics, and viewing conditions
by enabling real-time perceptual quality predictions.

On the model-based front, the FID evaluates the statistical
distance between feature vectors of real and generated images
captured by the Inception model serving as an indicator of
visual fidelity [9]. The Inception Score (IS), developed by
Salimans et al. [10] quantifies image diversity and clarity using
the predictive entropy of a classifier trained on diverse datasets
like ImageNet. Kernel Inception Distance (KID), introduced
by Binkowski et al. [14], improves upon FID by employ-
ing a non-parametric approach using a polynomial kernel to
compute the squared Maximum Mean Discrepancy between
feature distributions. This method avoids assumptions about
the distributional form of activations, better accommodating
the non-negative nature of ReLU activations in deep networks.

The Learned Perceptual Image Patch Similarity (LPIPS)
metric was developed by Zhang et al. [15], which offers a
distinct approach by utilizing activations to directly measure
perceptual similarity between images. This metric employs a
weighted combination of activations across multiple layers of a
pre-trained network, reflecting a more effective understanding
of human visual perception compared to traditional pixel-
based metrics.

The effectiveness of traditional metrics in assessing the
photorealism and quality of images generated by advanced
generative models is often limited. For example, image metrics
generally only account for about 60% of the variations in
perceptual quality assessments made by human observers [16].
This highlights a significant gap where these metrics do not
fully capture human visual perception, which is critical for
evaluating the photorealism of Al-generated images. This
discrepancy indicates a substantial opportunity for designing
more advanced metrics that better align with human judgment
and provide more accurate assessments.
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Camera Generated DALL'E 2
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Fig. 1. Images Generated by Camera and Models such as DALL-E 2, DALL-E 3, and Stable Diffusion. The caption given to the model while generating
images is A woman touching her skis going down a ski hill.” The original image belongs to the MS-COCO dataset with ID: 000000080671.

B. Scaling Strategies

Scaling strategies in image quality assessment are critical
for aligning metric scores with human perceptual judgments.
Traditional methods like Z-standardization and Min-Max scal-
ing can introduce biases by disproportionately emphasizing
certain scores, such as giving undue weight to PSNR over
SSIM. To address this, researchers have developed methods
like linear regression to better align metric scores with mean
opinion scores (MOS) from human evaluators, providing a
more representative evaluation of image quality [11].

Advanced models such as the Non-linear Receptive Field
model offer a more nuanced approach by optimizing param-
eters to enhance correlation with human ratings, tailored to
specific image datasets [17]. Additionally, the Saliency-Guided
Local Full-Reference Image Quality Assessment leverages vi-
sual saliency to weight local image quality scores, prioritizing
regions that are more likely to capture human attention, thus
potentially providing a more accurate reflection of human
visual perception [18].

While these methods improve the relevance and accuracy
of assessments, their complexity and black-box nature often
make them less transparent and harder to trust in practical
applications. This highlights a critical gap in the field: the
need for an interpretable and fair scaling strategy that can be
readily trusted by practitioners.

C. Image Generative Models

Recent advancements in image generative models (IGMs)
have markedly transformed the field of image synthesis.
OpenAI’'s DALL-E [2], a groundbreaking model, introduced
the capability to generate detailed images from textual de-
scriptions using a hybrid of Variational Autoencoders (VAEs)
and Transformer [2]. Its successors, DALL-E 2 and DALL-E
3, have built upon this foundation with improved resolution
and fidelity further pushing the boundaries of text-to-image
conversion. DALL-E 2 enhanced image detail at multiple
scales, while DALL-E 3 integrates more advanced diffusion
techniques to produce even more photorealistic outputs [19],
[2].

Other notable models include GLIDE (Guided Language
to Image Diffusion for Generation and Editing), which also
utilizes Transformer-based architectures and diffusion models
to create high-quality images from text [20]. Stable Diffusion

stands out for its efficiency and accessibility by employing a
Variational Autoencoder framework to enable rapid generation
of images [21]. MidJourney and Google’s Imagen have made
significant contributions to the landscape of IGMs. MidJour-
ney utilizes unique training approaches to create visually
artistic interpretations from text prompts, while Imagen pushes
the envelope on photorealism [22] [20], [23].

There have been notable works using generative adversarial
networks (GAN) with attention mechanisms such as Mi et
al. proposed a novel detection algorithm that exploits GAN
structural defects and a Self-Attention mechanism to enhance
global information comprehension, leading to significantly
improved fake image detection accuracy [24]. Similarly, Cheng
et al. [25] introduce a Sequential Attention Generative Adver-
sarial Network (SeqAttnGAN) for interactive image editing,
enabling users to modify images through multi-turn textual.
Emami et al [26] proposed SPA-GAN, a lightweight spatial
attention GAN model that enhances image-to-image transla-
tion by focusing on discriminative regions, improving both
realism and feature preservation. Ali et al. [27] proposed an
attention-based GAN (AGAN) to generate synthetic thermal
images, which improves the accuracy of an internal damage
segmentation network (IDSNet) for concrete structures, en-
abling real-time pixel-level damage detection with lightweight
computational requirements. Similarly, Ali et al. also proposed
[28] employs an attention-based GAN (AGAN) to generate
synthetic thermal image data for training a lightweight in-
ternal damage segmentation network (IDSNet), significantly
improving segmentation accuracy for concrete structures with
subsurface damage.

D. Subjective Assessment

Human visual perception plays a crucial role in image
comprehension, particularly in evaluating image quality and
realism. Li et al. introduced a questionnaire for assessing
the general quality and fidelity of generative images [29].
Lu et al. [30] advanced the field by proposing HPBench
which is specifically designed for the subjective evaluation
of photorealism. Further exploring the intersection of visual
perception and artificial intelligence, Ragot et al. [31] con-
ducted a pivotal study that aimed to align painting captions
with their corresponding visuals. Zhou et al. [32] embarked
on a multifaceted exploration into the subjective realms of
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beauty, liking, valence, and arousal by offering insights into
emotional responses. Treder et al. [33] focused on the sub-
jective evaluation of image quality through a human-centered
study, prioritizing human ratings to gauge image quality. In
the realm of photorealistic image synthesis, Sarkar et al.
[34] introduced HumanGAN, a study that demonstrates the
capabilities of generative models in crafting lifelike images.
Complementing these efforts, Rassin et al. [35] provided an
in-depth analysis of text-image alignment within the DALL-E
2 framework, showcasing the potential for synergistic visual-
textual narratives. Degardin et al.’s research on generative
images depicting human actions [5] and Sun et al.’s gender bias
assessment in DALL-E 2 [36] further highlight the complexity
and ethical considerations inherent in generative Al

III. PROPOSED METHODS

This section will explain the Global-Local Image Perceptual
Score (GLIPS) and the Interpolative Binning Scale method
in detail to provide a comprehensive understanding of their
theoretical framework.

A. Global-Local Image Perceptual Score (GLIPS)

The GLIPS consists of two parts: the first extracts the
attention scores of image patches to compute local patch
similarity, and the second computes the Maximum Mean Dis-
crepancy of the entire image’s deep features to assess global
distributional similarity. A regulatory parameter controls the
balance between these two scores.

1) Salient Patch Extraction Algorithm: The major chal-
lenge in assessing camera-captured and Al-generated images
arises from their differing structures. This difference is evident
in Figure 1, where images generated from the same caption,
’A Woman touching her skis going down a ski hill, show
variability. There are two common elements in these images:
the woman and the ski hill. However, the position, color, and
standing angle of the woman vary significantly between im-
ages. This variability poses a substantial challenge for standard
metrics to accurately compute their similarity. To address this
issue, we leverage a pre-trained Vision Transformer (ViT) [37],
which enables us to obtain attention scores for important image
patches. The ViT architecture takes an input image of size
RHXWXC where H, W, and C represent the image’s height,
width, and number of channels, respectively. The image is
divided into non-overlapping patches of size P x P x C', which
are flattened and linearly transformed into vectors, known
as patch embeddings. These embeddings are then combined
with positional encodings and then are fed into a Transformer
encoder. The encoder consists of multiple self-attention layers
that compute relationships between image patches by allowing
the model to capture both local and global dependencies. After
passing through the encoder layers, a classification token is
appended to summarize the global features of the image. A
multi-layer perceptron (MLP) head is applied at the end to the
output for downstream tasks. This method is likely to assign
higher scores to patches with more significant intensity values,
ultimately providing a more appropriate measure of similarity
for Al-generated images.

Let’s consider two images, I, for the original camera-
generated image and I, for the Al-generated image. The
salient patch extraction algorithm aims to identify and extract
the most relevant patches from input images based on ViT
attention mechanisms. Given input images, the algorithm op-
erates directly on the outputs of the Multi-Head self-attention
of the Vision Transformer as follows:

Initially, the images I, and I, are processed through the ViT,
which includes computing attention maps:

Ao = VIT(1,) (1)
Ag = ViT(I,) )

Here, A, and A, represent the attention maps for each patch
from the original and generated images, respectively. These
attention maps indicate the relative importance of different
patches within each image.

The next step involves identifying and selecting patches based
on their attention scores using the selection function 7:

Pro = T(Aoa k) (3)
Prg =71(Ag, k) 4)

where P, and P, represent the selected patches from the
original and generated images, chosen based on having the
highest attention scores, and & is a hyperparameter that repre-
sents the number of top patches to be selected. The 7 selection
function is designed to select important and relevant patches
for computation. The input images are divided into fixed-size
patches (e.g., 16x16) and passed through the ViT encoder.
During this process, attention maps are generated from the
last self-attention layer, which assigns weights to each patch
based on their relevance to the global context of the image.
These attention maps are then averaged across all attention
heads to produce a unified attention score for each patch.
The attention scores are flattened into a 1D vector, and the 7
function is applied to select the top k patches with the highest
scores, indicating the most relevant regions of the image.
These selected patches are used for further processing, such
as similarity assessment by ensuring that the ViT focuses on
the most critical areas that contribute to image photorealistic
quality evaluation.

2) Patch-based Similarity Assessment: The similarity be-
tween the obtained patches P, and P, is quantified using
a modified version of the Dice coefficient, because we have
now continuous image data, and Dice is usually used for binary
data, so we modified Dice as:

D(Pyo, Pry) = 2 [P0 0 Dro| [Pro 0 P
|Prol + | Prgl

where | P, N P,4| represents the intersection of the patches,
computed as the sum of the element-wise product, and |P,.,
and |P,4| are the sums of the values in P,, and P,,, respec-
tively.

The overall Dice similarity for the images is then computed
as an average of the Dice coefficients for all corresponding
pairs of high-attention patches.

(&)

N
. 1
DZCG:NZ;D(PTONP”‘.%) (6)
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where NNV is the number of patch pairs compared. Since we
integrate Dice with So MMD where a lower score (close to 0)
is better, so we also inverted Dice to align with this preference:

S1 =1— Dice @)

This inversion is essential as it aligns S; with S5, both
reflecting a preference for lower scores.

3) Deep Feature Extraction: To extract deep features from
these images, we utilize a last layer before the classification
decision of a pre-trained Vision Transformer (ViT).

The feature extraction of the original image process can be
expressed mathematically as follows:

fo = e(ViT(Io)) (8)

The deep features extraction for the generated image can be
expressed as:

fo = 0(ViT(Iy)) ©)

where f, and f, represent the deep features of I, and I,
respectively. Here, 6 denotes the transformation applied by
the ViT before the classification decision that condenses the
spatial dimensions and returns deep features.

4) Maximum Mean Discrepancy (MMD): In the previous

section, we computed the similarity S; using patches of
images. However, in this section, we will examine the dis-
tributional differences in the entire image’s deep features. For
this purpose, we employed the Maximum Mean Discrepancy,
which is a powerful non-parametric method used in statistics
to compare the similarity between two distributions. It was
first used in Kernel Inception Distance (KID), introduced
by Binkowski et al. [14]. However, it was used only with
the Polynomial Kernel and remains unexplored with other
effective kernels.
In the context of the GLIPS, we investigate the use of other
kernels such as Radial Basis Function (RBF) and Exponential
Kernels, which help evaluate how closely the feature distribu-
tions of the generated image align with those of the original
image. Each kernel has hyperparameters that are optimized to
measure the similarity between the deep feature distributions
of the original (I,) and generated (/) images.

Radial Basis Function (RBF) Kernel:

krer(z, y) = exp (—7[lz — y||?) (10)

where v = 55 is the hyperparameter that determines the
width of the Gaussian function.
Polynomial Kernel:

kpory (€, y) = (axTy + c)? (11)

where « is the slope, c is the constant term, and d is the degree
of the polynomial.
Exponential Kernel:

kexp(, ) = exp (—M) (12)

o

where o determines the rate of the exponential decay. x
and y are two points of original or generated deep feature
distribution. Given the feature sets f, and f, derived from the
real and generated images respectively, the MMD is calculated

using a kernel function, a kernel function is selected using
Hyperparameter optimization, typically Radial Basis Function
(RBF), Polynomial or Exponential Kernel, to measure the
distance between these sets in high-dimensional space:

1 N
Koo = m Z k(fowf%)

(13)
ij=1
1M
Kog =175 D Kl fa,) (14)
ij=1
9 N,M
Koy = w17 ‘Zlk(fwfgj ) (15)
)=
Then, the MMD is computed as:
So = Koo+ Kgg — Kog (16)

In the context of our dataset, where human perceptual scores
directly constrain the image sets, the output range of our
modified MMD inherently aligns with these scores, typically
ranging between 0 and 1 due to the properties of the kernels
and the normalization of the input features. This inherent
alignment obviates the need for additional scaling of MMD
scores.

Hence, our methodology benefits from maintaining the
MMD in its native scale by preserving its direct interpretability
and relevance to human-judged standards of image realism,
so there is no scaling required and we can now integrate So
with S; by facilitating a balanced integration into the final
GLIPS score where no single component disproportionately
impacts the outcome. MMD serves as a critical component
in determining whether the generated images retain the statis-
tical properties necessary to be considered photorealistic. By
computing the MMD using a variety of kernel functions, we
can assess the model’s performance from different perspectives
by offering a comprehensive understanding of the generative
model’s capabilities.

5) Final Score: The final score in the Global-Local Image
Perceptual Score is computed by integrating the results from
the patch-based continuous Dice similarity (S1) and the MMD
assessment (S2). The GLIPS utilizes both the inverted Dice
coefficient S7 and the MMD S5 to form a comprehensive
metric that assesses image similarity on both micro and macro
levels. This combined metric provides a robust measure of
image fidelity and realism, crucial for applications where
precise image analysis is paramount. The computation is as
follows:

S=A51+(1-X)S, 17

where A is a balancing parameter empirically selected to
optimize the alignment between scores and allows the integra-
tion of both local patch similarity and global similarity. The
effectiveness of this scoring method has been validated through
correlation analysis with human ratings, and the choice of A

was refined through sensitivity analysis to ensure robustness
across different image sets.
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TABLE I
CLASSIFICATION BINS FOR METRICS

Criteria Score SSIM PSNR FID MS-SSIM LPIPS GLIPS Inception Score
Strongly Disagree 0.0-1.0 -1 to -0.6 0-7 > 201 -1 to -0.6 09to 1 > 0.8 0<1
Somewhat Disagree 1.1 -2.0 -0.5 to -0.2 8-15 1510200 -05t0-02 0.7t00.8 0.7 to 0.8 1<2
Neutral 21-3.0 -0.1t002 16-23 100 to 150 -0.1t0 02 05t0 0.6 0.5to0 0.6 2<3
Somewhat Agree 3.1-40 0.3 to 0.6 24-31 51 to 99 0.3 to 0.6 03t 04 03to04 3<5
Strongly Agree 4.1-50 0.7 to 1.00 > 32 < 50 0.7 to 1.00 0to 0.2 0to 0.2 > 6

B. Interpolative Binning Scale (IBS)

To address the challenge of conducting a fair comparison be-
tween human and metric scores, we introduce the Interpolative
Binning Scale (IBS), a novel quantitative scaling method. The
IBS is designed to provide an interpretable understanding of
metric scores by first classifying these values into predefined
bins reflective of the score’s interpretive meaning, and then
refining these classifications through linear interpolation to
find the exact position of the score within the bin. This
two-step process allows for a high-resolution conversion of
raw metric values into a scoring system that mirrors human
evaluative gradations.

1) Classification and Interpolation: In the classification
step, raw scores from an image metric are discretely cate-
gorized into bins that represent levels of agreement or quality,
such as ’Strongly Agree’ to ’Strongly Disagree’. This quali-
tative mapping transforms the continuous spectrum of metric
scores into a finite set of interpretable categories. The reason
is that we often have human scores in a Likert scale ranging
from ’Strongly Agree’ to ’Strongly Disagree’. So converting
metric scores into Likert bins provides a more interpretable
situation.

The second step applies linear interpolation within these
bins to assign a precise numerical score. Specifically, for a
given value x, and a set of ordered bins {b;} with correspond-
ing scores {s;}, the IBS score is calculated as follows:

IBS Score = s; + (S“_S) ¥ (z—b)  (18)
bit1 —b;

Here, s;+1 and s; are the scores corresponding to the bins
immediately above and below the value z, and b; 1 — b; are
the boundaries of the bin within which z resides. This basic
method provides the fairest and most interpretable mechanism
to conduct a comparison between human and metric scores.

C. Illustrative Example

In the context of image quality evaluation, let’s take the
example of SSIM, it is an essential metric that needs to be
interpreted qualitatively. For the purpose of this example, let
us consider an SSIM score of 0.45. We aim to scale this score
using the proposed Interpolative Binning Scale method.

1) Classification: Initially, the SSIM score is classified into
one of the predefined categories that represent various levels of
image quality. These categories, or bins, are detailed in Table
L

The SSIM score of 0.45 is categorized into the ’Somewhat
Agree’ bin.

2) Interpolation: The next step involves interpolating the
score within this bin. The formula used for interpolation within
the *Somewhat Agree’ range is as follows:

5—4

IBS Score = 3.1+ [ ——
core =3 +<0.6—0.3

> x (0.45 — 0.3) 19)
Calculating the above formula provides us with the interpo-
lated IBS score:

1
IBS Score = 3.1 + (03) x (0.15) =4+0.5=3.6 (20)

a) Interpretation: The IBS score of 3.6 indicates that the
original SSIM value of 0.45 aligns closer to the ’Somewhat
Agree’ end of the score spectrum. This score is particularly
meaningful as it provides a refined and precise placement
of the SSIM value within its bin. Moreover, this scoring
method is superior to traditional normalization techniques
such as Z-Standardization and Min-Max scaling, as well as
linear regression-based black-box methods, as it mitigates their
inherent biases and offers a more interpretable score that is
understandable to humans.

IV. EVALUATION AND RESULTS

This section will provide details on the selection of Image
Generative Models, the Human Study, and the results of the
experiments we conducted.

A. Human Study

We designed and conducted a human study divided into
three parts: a) Photorealism, b) Image Quality, and c¢) Text to
Image Alignment, each comprising five questions. This paper
focuses solely on the Photorealism component, which assesses
human perceptions of photorealistic quality. The questions in
the Photorealism section were carefully selected to cover the
core aspects of realism: Does the image look like a real scene?
Could the image exist in the real world? How authentic are the
visual details? How natural are the textures? How believable
are the lighting and shadows?

Our study’s ethics approval was granted by the Western
University Non-Medical Research Ethics Board (NMREB),
Canada, under project ID: 124753.

For the study, we presented both original and Al-generated
images to 350 participants recruited through the Prolific
platform [38]. We selected original images from the widely
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TABLE II
PHOTOELECTRIC IMAGE QUALITY SCORES OF DIFFERENT MODELS RATED BY HUMAN

Question Text Camera Generated DALL-E 2 GLIDE  Stable Diffusion DALL-E 3
The image looks like a photograph of a real scene. 4.12 3.61 2.05 3.27 2.66
I can easily imagine seeing this image in the real world. 4.30 3.80 2.04 3.34 2.84
The visual details in this image make it appear realistic. 4.10 3.56 1.94 3.32 2.76
The textures in the image look natural and real. 3.95 3.47 2.03 3.23 2.61
The lighting and shadows in the image contribute to its realism. 3.83 3.70 2.15 3.35 2.87
Average Response (Out of 5) 4.06 3.63 2.04 3.30 2.75

Imaginability
=== Camera Generated
==DALL-E 2
== GLIDE
=== Stable Diffusion
DALL-E 3

Visual Details

Photorealism

Natural Textures

Lighting & Shadows

Fig. 2. Comparative Analysis of Photorealistic Image Quality Across Differ-
ent AI Models

recognized COCO (Common Objects in Context) dataset [39],
which comprises 330,000 images and includes human-written
captions for each image. We selected 20 images from this
dataset for our study to compare with our proposed metric.

Participants were also shown images generated by four
prominent image generative models: Stable Diffusion [21],
DALL-E 2 [40], GLIDE [20], and DALL-E 3 [41]. This
selection, which includes a blend of technologies such as
Transformers, Variational Autoencoders, and Diffusion mod-
els, represents both industry and academic research outputs.
This diverse range will help investigate the effectiveness of
different technologies in generating photorealistic images, as
depicted in Figure 1.

Participants rated both the camera-captured and Al-
generated images. The camera-generated images scored an
average of 4.06 out of 5.00, while DALL-E 2 scored
3.63, GLIDE 2.04, Stable Diffusion 3.30, and DALL-E 3
2.75 on the photorealism scale. Detailed results are pre-
sented in Table II. We presented a graphical illustration
of the results in Figure 2. The publicly available link
to the human scores and demographics can be found at:
https://github.com/udanish50/Visual Verity.

B. Selection of Metrics for Comparisons

We have chosen to compare our proposed method against
several established metrics for assessing photorealism, namely
FID, LPIPS, KID, SSIM, and MS-SSIM. The rationale be-
hind this selection is twofold: first, we included baseline

metrics such as FID and KID, which are commonly used
deep features-based metrics to evaluate the photorealism of
generated images. Second, LPIPS offers a similar measure to
FID and KID but utilizes activations of pre-trained models
rather than deep features and provides a perceptual sense of
images. Additionally, we employed two pixel-based metrics,
SSIM and its multi-scale version MS-SSIM, to ensure a
comprehensive comparison with our proposed metric.

To compare the human and metric scores numerically, we
employed two statistical measures: Mean Absolute Difference
(MAD) and Mean Absolute Percentage Error (MAPE) [42].
These can be defined as follows:

N

1
MAD:N;m—M (21)
100% N Ty — Yi
MAPE = 22
] (22)

i=1
where N is the total number of observations, z; represents

the human scores, and y; denotes the metric scores for the i-th
observation.

C. Classification Bins for Metrics

To implement our proposed scaling strategy, we designed
bins classified against a Likert scale ranging from “strongly
disagree” to “strongly agree,” with scores ranging from 1
to 5. As mentioned earlier, these bins were created based
on the results of a human study conducted by experts from
the Human-Centric Computing Group at Western University
Canada. Due to the complexity of the task and the need for
expertise in computer vision and Al-human interaction, an
open survey was not feasible, necessitating a study conducted
by specialized experts in the field. The classification bins can
be found in Table I.

D. Results and Analysis

The Table III provides complete details and interoperable
insight into results, ”Actual Score” in Table III refers to the
score obtained directly from the metric, whereas “Rescaled
Score” indicates that the score has been adjusted using the
our proposed IBS technique. The Likert category of the
metric provides a direct and understandable comparison in a
subjective sense, whereas the MAD quantifies the absolute
difference between the human and metric scores. The MAPE
expresses the error in terms of a percentage.
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TABLE III

COMPARISON OF METRIC SCORES WITH HUMAN JUDGMENT ON PHOTOREALISM

Model Metric ‘ Actual ‘ Rescaled| Human | Likert Category | Likert Category ‘ MAD ‘ MAPE ‘
Score Score Score (Metric) (Human)
| Stable Diffusion | | 2883 | 452 | 3.30 | Strongly Agree | Somewhat Agree | 1.22 | 36.96 |
| DALLE 2 | FID | 1381 | 4.90 | 3.63 | Strongly Agree | Somewhat Agree | 1.27 | 3498 |
| GLIDE | | 2128 | 471 | 2.04 | Strongly Agree | Neutral | 2.67 | 130.80 |
| DALLE 3 \ | 41.81 | 420 | 275 | Strongly Agree | Neutral | 145 | 5272 |
| Stable Diffusion | | 0.78 | 2.05 | 3.30 | Neutral | Somewhat Agree | 1.25 | 37.87 |
| DALLE 2 | LPIPS | 066 | 267 | 363 | Neuwal | Somewhat Agree | 0.96 | 2644 |
| GLIDE \ | 067 | 265 | 204 | Neutral | Neutral | 060 | 2990 |
| DALLE 3 | | 0.74 | 2.29 | 275 | Neutral | Neutral | 0.45 | 1672 |
| Stable Diffusion | | 0.153 | 3.88 | 3.30 | Somewhat Agree | Somewhat Agree | 0.58 | 17.57 |
| DALLE 2 | SSIM | 0.195 | 3.98 | 3.63 | Somewhat Agree | Somewhat Agree | 0.35 | 9.64 |
| GLIDE | | 0396 | 449 | 2.04 | Strongly Agree | Neutral | 2.45 | 120.09 |
| DALLE 3 | | 0.115 | 3.78 | 275 | Somewhat Agree | Neutral | 1.02 | 3745 |
| Stable Diffusion | | 0.128 | 3.82 | 3.30 | Somewhat Agree | Somewhat Agree | 0.52 | 1575 |
| DALLE 2 | MS-SSIM | 0.134 | 3.83 | 3.63 | Somewhat Agree | Somewhat Agree | 0.20 | 5.50 |
| GLIDE | | 0.139 | 3.84 | 2.04 | Somewhat Agree | Neutral | 1.79 | 88.23 |
| DALLE 3 | | 0.058 | 3.64 | 275 | Somewhat Agree | Neutral | 0.89 | 3236 |
Stable Diffusion 0.98 1 3.30 Strongly Somewhat Agree | 2.30 69.69
KID Disagree
DALLE 2 0.67 1.15 3.63 Somewhat Somewhat Agree | 2.48 68.31
Disagree
| GLIDE | | 0.33 | 3.07 | 2.04 | Somewhat Agree | Neutral | 1.02 | 5049 |
DALLE 3 0.66 1.16 2.75 Somewhat Neutral 1.59 57.81
Disagree
| Stable Diffusion | | 0.37 3.12 | 3.30 | Somewhat Agree | Somewhat Agree | 0.17 | 5.45 |
| DALLE 2 | GLIPS A = 0.54| 0.32 | 3.82 | 3.63 | Somewhat Agree | Somewhat Agree | 0.19 | 5.23 |
GLIDE 0.73 1.34 2.04 Somewhat Neutral 0.70 34.31
Disagree
| DALLE 3 \ | 055 | 220 | 275 | Neutral | Neutral | 054 | 1999 |
| Stable Diffusion | | 0.34 | 3.28 | 3.30 | Somewhat Agree | Somewhat Agree | 0.02 | 0.61 |
| DALLE 2 | GLIPS A =0.62| 0.23 | 3.35 | 3.63 | Somewhat Agree | Somewhat Agree | 0.28 | 771 |
GLIDE ‘ 0.62 ‘ 1.85 ‘ 2.04 ‘ Somewhat Neutral ‘ 0.18 ‘ 8.95 ‘
Disagree
| DALLE 3 \ | 048 | 256 | 275 | Neutral | Neutral 1017 | 623 |

The FID shows a substantial deviation from human judg-
ment across various models. Specifically, the Mean Absolute
Percentage Error (MAPE) for FID stands at 36.96% for
Stable Diffusion, 34.98% for DALL-E 2, sharply increases
to 130.30% for GLIDE, and remains at 52.72% for DALL-E
3. These figures underscore that FID scores deviate signifi-
cantly—by at least 30%—from human scores. Furthermore,
a comparative analysis of Likert categories reveals that FID
consistently fails to align with human-assessed categories;
where humans tended to rate images from Stable Diffusion and
DALL-E 2 as ’Somewhat Agree’, and GLIDE and DALL-E 3
as ’Neutral’. This inconsistency highlights FID’s inability to
capture the essence of image quality as perceived by humans.

The LPIPS metric shows comparatively better alignment
with human judgment than the FID. Specifically, LPIPS

achieves a MAPE of 37.87% for Stable Diffusion, an im-
provement over its FID counterpart. For DALL-E 2, the error
is reduced to 26.44%, and for GLIDE, the error decreases to
29.90%, which is nearly a 100% improvement compared to
FID’s performance. Most notably, LPIPS records a minimal
error of 16.72% for DALL-E 3, the lowest among all metrics
evaluated for this model. This metric matches the human judg-
ment of "Neutral” for both GLIDE and DALL-E 3, illustrating
its superior capability in capturing nuances more reflective of
human perception than FID.

The SSIM shows a promising correlation with human per-
ception. For instance, the SSIM for Stable Diffusion showed a
rescaled score of 3.88 closely aligning with the human score
of 3.30, which reflects a high degree of perceptual alignment
as both fall into the *Somewhat Agree’ category on the Likert
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Fig. 3. Comparison of GLIPS with other approaches for each model.

scale with just 17.17% error. However, notable discrepancies
emerge in cases such as GLIDE, where despite a high SSIM
rescaled score of 4.49 indicating ’Strongly Agree’, the cor-
responding human score was only 2.04 ’Neutral’, resulting
in a substantial MAPE of 120.09%. This significant variance
in MAPE highlights the occasional challenges SSIM faces
in mirroring human judgments across different settings and
suggesting areas for further refinement.

The MS-SSIM offers an extended analysis of image quality
by assessing visual details across multiple scales. As shown
in Table III, the alignment between the MS-SSIM scores and
human judgments varies but it gives impressive improvement
to SSIM alone. For instance, in the case of Stable Diffusion,
the MS-SSIM score closely mirrors the human score 3.82 vs.
3.30, and both are categorized as ’Somewhat Agree’, indi-
cating a consistent perception of image quality. This scenario
exhibits a relatively low MAPE of 15.75%, suggesting a good
match between the metric and human perception. Similarly,
there is a low error in the case of DALL-E 2 of just 5.50%.
However, GLIDE shows a divergence; despite an MS-SSIM
score indicating Somewhat Agree’ 3.84, the human judgment
falls under ’Neutral’ (2.04), resulting in a significantly higher
MAPE of 88.23%.

We implemented KID with three different kernels namely
Polynomial, RBF, and Exponential. The KID metric shows
varied accuracy when compared to human judgments. For
instance, in the case of Stable Diffusion, a misalignment is
evident with a high MAPE of 69.69%, where the metric
categorizes image quality as ’Strongly Disagree’, starkly con-
trasting the human judgment categorized under ’Somewhat
Agree’. Similarly, for DALL-E 2, the discrepancy remains
significant with a MAPE of 68.31%, again reflecting a serious
mismatch in the perceptual evaluation as the metric suggests
’Somewhat Disagree’ versus the human-assigned Somewhat
Agree’. The model GLIDE shows a MAPE of 50.49%, where
KID slightly improves in capturing human perception aligning
’Somewhat Agree’ with a ’Neutral” human rating. The smallest

MAPE observed is with DALL-E 3 at 57.81%, where both
metric and human judgment categorizes the image quality
under a neutral standpoint.

We compared our proposed model GLIPS at different A
values, after conducting sensitivity analysis, we presented
results on two different values where results were good at
0.54 and 0.62. At the lambda value, 0.54 metric shows an
impressive performance in mirroring human scores of pho-
torealistic image quality, For instance, in the case of Stable
Diffusion, GLIPS indicates a MAPE of just 5.45%, which
shows a high level of agreement with humans, categorizing
both metrically and human-rated as ’Somewhat Agree’. For
DALLE 2, the MAPE slightly increases to 5.23% but main-
tains consistent alignment in the ’Somewhat Agree’ category.
Moving to the GLIDE model, GLIPS showcases a higher
MAPE of 34.31%, with the metric score ’Somewhat Disagree’
and human aligning to 'Neutral’. This indicates a divergence
in perception assessed by GLIPS compared to humans. The
analysis of DALL-E 3 presents a MAPE of 19.99%, the highest
among the models. Here, both GLIPS and human judgments
correspond to a ’Neutral’ category by reflecting a consistency
in assessment.

Next, at A = 0.62, GLIPS not only outperformed all other
metrics but also reduced the MAPE to less than 10% across
all models tested. For Stable Diffusion, GLIPS achieved an
impressive MAPE of just 0.61%, closely matching human
assessment. For DALL-E 2, the MAPE remained at 7.71%.
Notably, in the case of GLIDE, where other metrics strug-
gled, GLIPS significantly reduced the error to 8.95%, nearing
human judgment levels. For DALL-E 3, GLIPS reduced the
MAPE to 6.23%. In all instances, the Likert classification
matched human ratings, except in the case of GLIDE, where
GLIPS stood at ’Somewhat Disagree’ and human perception
at 'Neutral’, with only a 0.18 mean absolute deviation. These
results affirm our initial hypothesis: GLIPS not only reduces
error close to human assessments by evaluating patch-level
local similarity and global characteristics but also ensures no
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critical information from the image is missed, thus providing
a robust approach to assessing the photorealistic quality of
images.

E. Discussions and Limitations

The paper presents three important contributions: GLIPS,
which has proven to be a scalable and close to human
perception metric for assessing photorealism; IBS, a human-
assisted, fair, and interpretable scaling method that accurately
scales the scores of different metrics to align with human
perception; and the validation of GLIPS and other metrics
through benchmarking against our designed human question-
naire. While human perception remains the ultimate bench-
mark for assessing photorealistic image quality but the prac-
tical scalability of human evaluations is limited by time and
resources. The GLIPS addresses this challenge by automating
process that closely approximates human perception. This is
particularly valuable in industries such as media production, e-
commerce, and entertainment, where large volumes of content
are generated and evaluated in real-time [39]. The IBS further
enhances this process by providing an easily interpretable,
human-aligned scaling method. To ensure trust and reliability,
we validated GLIPS through a rigorously designed multi-item
questionnaire, confirming its alignment with human perception
and establishing it as a practical tool for automated image
quality assessments.

The role of prompts in the quality of the generated images is
important [43], as they significantly influence various aspects
of image creation, including object placement, lighting, and
overall realism. The specific wording of a prompt may intro-
duce subtle differences in the resulting images [43], which
may affect the performance of photorealism metrics. For
instance, a prompt that emphasizes certain visual attributes
(e.g., texture or depth) might yield images that challenge the
metric’s ability to assess realism consistently across different
contexts. To account for this, future research could focus on
extending the current study by incorporating a diverse range of
prompts with varying complexity. This would allow for a more
comprehensive understanding of how prompt nuances affect
both human and computational assessments of photorealism. A
more extensive human study could be designed to evaluate the
consistency of GLIPS across images generated from different
prompt styles.

In this study, we opted for a Likert scale-based evalua-
tion to capture human perceptions of photorealism, aligning
well with our computational metric, GLIPS. However, we
acknowledge that a ranking-based approach could offer an
alternative perspective by focusing on relative comparisons
between images, potentially reducing subjectivity in responses
[44]. Future research could explore ranking methods to further
refine human judgment alignment, especially in cases where
small differences in photorealism may not be effectively
captured by absolute scales. This could provide deeper insights
into how human evaluators perceive subtle variations in Al-
generated imagery.

Our study utilized Lambda as a balancing parameter be-
tween global and local scores. The use of Lambda has been

explored in several studies, including [45] and [46], where it
controls the trade-off between key aspects of similarity. In our
study, we used these references as a foundation but performed
additional experiments to fine-tune the lambda value for our
particular application of GLIPS. The chosen lambda value
performed well for the datasets in this study, we acknowledge
that it might need adjustment when applied to different types
of images or in other domains. This observation opens avenues
for future work, where further research could explore the
adaptation of lambda values across diverse datasets, ensuring
that GLIPS remains versatile and accurate in its evaluations.

We also conducted an ablation study to evaluate the ef-
fectiveness of S; equation: 6 local patch similarity and .S
equation: 16 global distributional similarity separately, to
justify the necessity of combining them to reduce the deviation
from human scores. For S; alone, the ability to mirror human
judgment is apparent. Consider the first example with Stable
Diffusion, where .S; yields a score of 3.80 and .S; produces a
score of 3.01. It is important to note that both scores have been
rescaled using our proposed scaling method IBS. In the case
of Stable Diffusion, the human score is 3.30. It can be clearly
observed that neither S; nor S5 alone can closely match the
human score. However, by combining both at a specified A\, we
achieve a score of 3.28, which is very close to the human score,
with an error of just 1.99%. This underscores the effectiveness
of our proposed GLIPS and the essential need to consider both
local and global distributional similarities of images.

V. CONCLUSION

This study introduced and validated the Global-Local Image
Perceptual Score is a novel metric for assessing the photore-
alistic image quality of Al-generated images. By integrating
patched-based attention mechanisms with Maximum Mean
Discrepancy of entire image features, GLIPS provides a ro-
bust measure that significantly correlates with human visual
judgments, outperforming traditional and commonly used met-
rics across several benchmarks. The GLIPS methodologically
advances the field of photorealistic image quality evaluation
by addressing critical flaws inherent in existing metrics which
are generally tailored for camera-generated images. Traditional
metrics such as FID, SSIM, and their derivatives often fail to
capture the full spectrum of human perception, as evidenced
by their substantial MAPE in comparative tests. In contrast,
GLIPS demonstrates a consistently lower MAPE by indicating
a higher alignment with human assessments, particularly for
images from leading-edge models like Stable Diffusion and
DALL-E 2.

Furthermore, the development of the Interpolative Binning
Scale (IBS) for scaling metric scores to align with human
judgment has been shown to reduce bias significantly and
provide human interpretable results that can be trusted. This
method refines the resolution of categorization within the
GLIPS framework by ensuring that the metric’s sensitivity to
the image is accurately reflected in its scoring. The impli-
cations of this research are manifold. For one, by providing
a reliable tool that mirrors human perception, GLIPS can
be instrumental in the iterative development of generative
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models, potentially guiding enhancements in photorealism
and detail. Moreover, its application extends beyond mere
academic interest to practical use cases in media production,
medical imaging, and other fields where photorealistic image
quality is critical.

Future work will aim to further optimize the GLIPS by
exploring different configurations of the underlying neural
network architectures and refining the kernel functions used
in the MMD calculation. These enhancements will seek to
broaden the metric’s applicability to a wider range of image
types and generative models by ensuring that GLIPS remains
effective in the face of evolving Al capabilities. In sum,
the GLIPS marks a significant step forward in the objective
evaluation of Al-generated images. It aligns closely with
human visual standards, thereby providing a robust tool for
developers and researchers aiming to improve the fidelity and
realism of synthetic imagery.
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