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• A novel, lightweight post-processing ensemble framework for Super-Resolution.
• Balances the trade-off between image fidelity (PSNR/SSIM) and perceptual quality.
• Effectively mitigates color, structure, and facial artifacts from perception-oriented models.
• Requires no model retraining, making it a versatile plug-and-play solution.

This is a preprint. The final version is at https://doi.org/10.1016/j.patrec.2026.05.001 © 2026 J.-H. Nah. This work is licensed under CC BY-NC-ND.



Post-Processing Ensemble Framework for Balancing Fidelity and
Perception in Super-Resolution⋆

Dong-Yun Kima, Jae-Ho Naha,∗

aDept. of Computer Science, Sangmyung University, 20, Hongjimun 2-gil, Jongno-gu, Seoul, 03016, Republic of Korea

A R T I C L E I N F O
Keywords:
Super-resolution
Ensemble Methods
Image Enhancement
Artifact Correction

A B S T R A C T
Single Image Super-Resolution (SISR) methods are often specialized, excelling either in fidelity (high
PSNR) or perceptual quality (realistic textures), but rarely both. Fidelity-oriented models tend to
produce blurry results, while perception-oriented models often introduce undesirable artifacts. To
address this trade-off, we propose a novel post-processing ensemble framework that synergistically
combines the outputs of two complementary SR models without requiring any retraining. Our method
leverages the structural integrity of a fidelity-focused model (e.g., SwinIR classical) and the textural
detail of a perception-focused model (e.g., SwinIR real-world). The proposed pipeline involves
three stages: (1) color stabilization via histogram matching to correct chromatic distortions from
the perceptual model; (2) structure-aware blending using an edge mask to merge sharp textures
into structurally coherent regions; and (3) facial fidelity enhancement using a face mask to mitigate
identity-distorting artifacts. The experiments demonstrate that our method achieves a superior balance
between fidelity and perception. It notably enhances perceptual quality compared to both baseline
models, while remaining competitive in terms of fidelity, as evaluated on a comprehensive set of
full-reference and no-reference image quality assessment metrics.

1. Introduction
Single Image Super-Resolution (SISR) aims to recon-

struct a high-resolution (HR) image from a single low-
resolution (LR) counterpart. It is a fundamental task in
computer vision with wide-ranging applications in medical
imaging, satellite surveillance, digital photography, and tex-
ture mapping in 3D graphics [1]. The advent of deep learn-
ing has led to remarkable progress, with models generally
categorized into fidelity-oriented and perception-oriented
approaches.

Fidelity-based methods, often optimized with pixel-wise
losses like 𝐿1 or MSE, excel at achieving high Peak Signal-
to-Noise Ratio (PSNR) and Structural Similarity (SSIM) [2]
scores [3, 4]. Recent Transformer-based architectures like
SwinIR [5] have pushed the boundaries of these fidelity
metrics even further. However, this pixel-level accuracy
often comes at the cost of perceptual quality, as the averaging
nature of these loss functions tends to produce overly smooth
and blurry textures, failing to restore fine, realistic details
[6].

Conversely, perception-based methods, primarily driven
by Generative Adversarial Networks (GANs) and diffusion
models, prioritize visual realism [6, 7]. By employing ad-
versarial and perceptual losses, or iterative denoising pro-
cesses, these models generate images with sharp details
and convincing textures. Advanced GAN-based techniques
like BSRGAN [8] and Real-ESRGAN [9], as well as recent
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diffusion-based models like TSD-SR [10], have pushed the
boundaries of perceptual quality. However, this realism is of-
ten accompanied by a significant drawback: the generation of
undesirable artifacts [11]. As shown in Figure 1, perception-
oriented models can introduce structural distortions, color
shifts, and unnatural patterns, particularly when processing
real-world images with complex degradations. Similarly,
diffusion models frequently exhibit structural distortions,
particularly when reconstructing repetitive patterns such as
grid-like structures.

This dichotomy presents a critical challenge: no single
model offers an optimal solution for all scenarios. While
recent trends favor developing complex, learnable neural
fusion modules to improve outputs, these often introduce
high computational costs and require extensive retraining.
Instead, we propose a novel, lightweight post-processing
ensemble framework built upon classical computer vision
techniques. By relying on established, parameter-efficient
methods rather than a heavyweight AI-driven fusion module,
our approach ensures low computational overhead, inter-
pretability, and true plug-and-play capability without any
retraining. Our method synergistically combines the outputs
of a fidelity-oriented model (e.g., SwinIR classical) and a
perception-oriented model (e.g., SwinIR real-world).

Our contributions are:
• A multi-stage ensemble pipeline that operates purely

in the post-processing domain, relying on classical
computer vision efficiency and requiring no model
retraining.

• A combination of histogram matching, edge-aware
blending, and face-aware correction to effectively re-
duce color, structure, and facial artifacts.
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• A comprehensive evaluation demonstrating that our
method provides a superior balance of fidelity and
perceptual quality, confirmed by both full-reference
and no-reference metrics.

2. Related Works
2.1. CNN-based SR

Convolutional Neural Networks (CNNs) laid the foun-
dation for deep learning in SR. SRCNN [3] pioneered this
direction with a simple three-layer network, introducing an
end-to-end mapping from interpolated LR images to HR im-
ages. Subsequent works like VDSR [4] and DRCN [12] ex-
plored deeper architectures to improve performance. While
effective at extracting local features, CNN-based methods
often struggle to model long-range dependencies, leading to
a loss of textural detail, especially at higher scaling factors.
2.2. Transformer-based SR

To capture global context, recent works have adapted
the Transformer architecture, originally from NLP, for vi-
sion tasks. The Vision Transformer (ViT) [13] demonstrated
the potential of self-attention for image recognition. In im-
age restoration, IPT [14] and SwinIR [5] models (classical
and lightweight) have set new state-of-the-art benchmarks.
SwinIR, based on the Swin Transformer [15], uses shifted
windows for efficient and effective modeling of long-range
dependencies. Other notable models like DAT [16] and
HAT [17] have further improved performance. DRCT [18]
addresses the information bottleneck observed in deep net-
works like SwinIR and HAT—where the intensity distri-
bution of feature maps decreases sharply as the network
deepens by using inter-layer Dense-residual Connections
to alleviate spatial information loss. Despite their strength
in capturing global context, Transformer models optimized
with pixel-wise losses can still produce results that lack
perceptual quality.
2.3. GAN-based SR

GANs address texture issues by learning realistic im-
age distributions via adversarial training. SRGAN [6] first
applied GANs to SR with perceptual loss, and ESRGAN
[7] further improved performance with enhanced architec-
ture and training strategies. To handle real-world degrada-
tions, BSRGAN [8], Real-ESRGAN [9], and SwinIR [5]
(for real-world SR) adopt complex degradation modeling.
Beyond general SR, GAN-based methods such as GFPGAN
[19] focus on face restoration using generative facial priors.
However, these methods often produce artifacts, including
structural distortions and unnatural textures. While DeSRA
[11] mitigates this via a detect-and-delete mechanism, its
effectiveness is limited to known artifact types, leaving
artifacts a key challenge for practical deployment.
2.4. Diffusion-based SR

Diffusion models have emerged as a compelling alter-
native to GANs for SR, iteratively denoising a signal to
synthesize realistic outputs via pre-trained generative priors.

Recent works have focused on reducing the inference cost of
this paradigm. TSD-SR [10] proposes a one-step diffusion
model using target score distillation, attaining strong per-
ceptual quality without iterative sampling, while PiSA-SR
[20] introduces pixel-level and semantic-level adaptation to
adaptively balance fidelity and perceptual quality.
2.5. Ensemble-based SR

Ensemble learning, which combines multiple models to
achieve better performance, has also been applied to SR. The
effectiveness of an ensemble relies on its models being both
accurate and diverse, meaning they should possess different
strengths and weaknesses [21]. Early work involved ensem-
bling Sparse Coding Networks [22]. Jiang et al. [23] pro-
posed an ensemble framework based on Maximum A Poste-
riori (MAP) estimation, weighting individual SR models by
their PSNR and SSIM scores. While effective, these methods
often increase computational complexity and model size,
and some require retraining or fine-tuning, limiting their
flexibility. Our work differs by proposing a post-processing
ensemble that is lightweight and model-agnostic.

3. Motivation and Preliminaries
3.1. Complementary Nature of SR Models

Modern SR models exhibit a clear performance trade-
off, which forms the motivation for our work.
Fidelity-Oriented Models (e.g., SwinIR classical, PFT-
SR [24]) These models are trained with pixel-wise losses
(𝐿1 or 𝐿2) to maximize metrics like PSNR and SSIM. As a
result, they excel at preserving the global structure, contours,
and overall layout of the original image. However, their ten-
dency to average possible solutions leads to overly smooth
textures and a lack of high-frequency detail, as illustrated in
Figure 1.
Perception-Oriented Models (e.g., SwinIR real-world,
TSD-SR [10]) These models are trained with a combina-
tion of adversarial, perceptual, and pixel-wise losses. This
encourages the generator to produce statistically realistic
textures, resulting in visually sharper and more detailed
images. However, this process is not perfectly constrained,
often leading to undesirable artifacts [25]:

• Color Distortion: The model may generate colors
that are inconsistent with the original image.

• Structural Distortion: Straight lines can become
warped, and geometric patterns may be unfaithfully
reconstructed (see Fig. 1).

• Facial Artifacts: Faces are a particularly challenging
area in which perception-oriented models can produce
distorted or unnatural features, severely impacting
perceived quality.
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Figure 1: Comparison of SwinIR classical (top-left) and real-
world (bottom-right) models. The classical model preserves
structures but lacks texture, resulting in a loss of detail
(Left: BSD100 38082), while the real-world model maintains
texture but can introduce distortions, such as circular holes
reconstructed as squares (Right: Urban100 img004).
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Figure 2: The proposed ensemble pipeline. The process starts
with two inputs, 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 and 𝐼𝑝𝑟𝑐 . First, color stabilization is
applied to 𝐼𝑝𝑟𝑐 via histogram matching. Second, an edge mask
derived from 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 is used to guide the structure-aware blending
of the two images. Finally, a face mask is utilized to adaptively
correct facial artifacts, producing the �nal output.

3.2. Problem Formulation
Given a low-resolution input 𝐼𝐿𝑅, we use two pre-trained

SR models to generate two intermediate HR images:
• 𝐼𝑠𝑡𝑟𝑢𝑐𝑡: A structurally faithful image from a fidelity-

oriented model.
• 𝐼𝑝𝑟𝑐 : A perceptually rich image from a perception-

oriented model.
In our primary experiments, 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 and 𝐼𝑝𝑟𝑐 are generated
by SwinIR classical and SwinIR real-world. To demonstrate
the versatility of our framework, we also evaluate alternative
pairings using PFT-SR as the structural baseline combined
with TSD-SR (a diffusion-based model).

The goal of our framework is to synthesize a final output
image 𝐼 that combines the strengths of both inputs:

𝐼 =  (𝐼𝑠𝑡𝑟𝑢𝑐𝑡, 𝐼𝑝𝑟𝑐)

where is our proposed multi-stage ensemble function. This
function aims to maximize both fidelity and perceptual qual-
ity by preserving the structure from 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 while selectively
incorporating the valid textures from 𝐼𝑝𝑟𝑐 and correcting its
artifacts.

4. Proposed Method
Our proposed framework is a three-stage pipeline de-

signed to intelligently merge the outputs of fidelity- and
perception-oriented SR models. The overall process is illus-
trated in Figure 2.

4.1. Stage 1: Color Stabilization via Histogram
Matching

To address the color distortion often present in perception-
oriented models’ outputs (𝐼𝑝𝑟𝑐), we align its luminance
distribution to that of the more faithful 𝐼𝑠𝑡𝑟𝑢𝑐𝑡. Rather than
applying a full per-channel CDF-based histogram mapping,
we adopt a Reinhard Color Transfer [26] approach operating
in the LAB color space, which corrects tonal shifts without
introducing quantization noise or banding artifacts.

The process is as follows:
1. Both 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 and 𝐼𝑝𝑟𝑐 are converted from BGR to the

CIE LAB color space and cast to floating-point.
2. The mean 𝜇 and standard deviation 𝜎 of the 𝐿 (lumi-

nance) channel are computed for each image.
3. The 𝐿 channel of 𝐼𝑝𝑟𝑐 is linearly rescaled so that its

distribution matches that of 𝐼𝑠𝑡𝑟𝑢𝑐𝑡:
𝐿′ =

(

𝐿𝑝𝑟𝑐 − 𝜇𝑝𝑟𝑐
)

⋅
𝜎𝑠𝑡𝑟𝑢𝑐𝑡
𝜎𝑝𝑟𝑐

+ 𝜇𝑠𝑡𝑟𝑢𝑐𝑡

4. The rescaled 𝐿′ is clipped to [0, 255], and the image is
converted back to BGR to produce the color-corrected
image 𝐼𝑝𝑟𝑐 .

By operating solely on the luminance channel, this ap-
proach corrects brightness and contrast discrepancies while
leaving the 𝑎∗ and 𝑏∗ chroma channels of 𝐼𝑝𝑟𝑐 intact, preserv-
ing its perceptual texture without introducing color noise.
This step ensures that the subsequent blending stages operate
on images with consistent tonal characteristics.
4.2. Stage 2: Structure Preservation via

Edge-Aware Blending
The core of our method is to selectively blend the de-

tailed textures of 𝐼𝑝𝑟𝑐 into the structurally sound 𝐼𝑠𝑡𝑟𝑢𝑐𝑡. We
hypothesize that the structural integrity is most critical along
edges and contours, while flat regions are more tolerant to
texture distortion.

To achieve this, we create a soft edge mask 𝑀𝑒 from the
structurally reliable image, 𝐼𝑠𝑡𝑟𝑢𝑐𝑡:

1. We apply a 3×3 Sobel filter to the grayscale version of
𝐼𝑠𝑡𝑟𝑢𝑐𝑡 to compute the gradient magnitude, highlight-
ing the edges.

2. The resulting edge map is dilated using a 7×7 kernel.
Dilation thickens the edges, creating a smoother tran-
sition zone for blending and ensuring that the areas
immediately surrounding contours are also preserved
from 𝐼𝑠𝑡𝑟𝑢𝑐𝑡.3. The mask is normalized to the range [0, 1].

Using this mask, we perform a linear interpolation be-
tween the two images (to get 𝐼𝑆 , a structure-preserved
image):

𝐼𝑆 = 𝑀𝑒 ⊙ 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 + (1 −𝑀𝑒)⊙ 𝐼𝑝𝑟𝑐

where ⊙ denotes element-wise multiplication. This opera-
tion preserves the pixels of 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 in the edge regions (𝑀𝑒 ≈
1) while seamlessly introducing the textures from 𝐼𝑝𝑟𝑐 in the
non-edge regions (𝑀𝑒 ≈ 0).

D-Y. Kim and J-H. Nah: Preprint submitted to Elsevier Page 3 of 8

This is a preprint. The final version is at https://doi.org/10.1016/j.patrec.2026.05.001 © 2026 J.-H. Nah. This work is licensed under CC BY-NC-ND.



Post-Processing Ensemble Framework for Balancing Fidelity and Perception in Super-Resolution

4.3. Stage 3: Face-Aware Correction
Perception-oriented models often distort facial features

due to insufficient structural constraints. To address this, we
use the MediaPipe Face Detector [27] to selectively perform
per-face quality comparison using the FGResQ metric [28],
adaptively blending the optimal facial features.

For each detected face, we extract crops (𝐼𝑓𝑠𝑡𝑟𝑢𝑐𝑡, 𝐼𝑓𝑝𝑟𝑐 , 𝐼𝑓𝑆 )
using a bounding box expanded by 50 % to encompass
the entire head. We then calculate their respective FGResQ
scores (𝑞𝑠𝑡𝑟𝑢𝑐𝑡, 𝑞𝑝𝑟𝑐 , 𝑞𝑠). If the intermediate edge-blended re-
sult 𝐼𝑆 yields the highest score (𝑞𝑠), no correction is applied.

Otherwise, we generate a 2D Gaussian kernel (𝜎 = 1
3 of

the crop dimension) and accumulate it into one of two global
masks, depending on which source model provides superior
quality:

• 𝑀𝑠𝑡𝑟𝑢𝑐𝑡: updated if 𝑞𝑠𝑡𝑟𝑢𝑐𝑡 > 𝑞𝑝𝑟𝑐 , steering the correc-
tion toward the fidelity-oriented 𝐼𝑠𝑡𝑟𝑢𝑐𝑡.

• 𝑀𝑝𝑟𝑐 : updated if 𝑞𝑝𝑟𝑐 ≥ 𝑞𝑠𝑡𝑟𝑢𝑐𝑡, steering the correction
toward the perception-oriented 𝐼𝑝𝑟𝑐 .

The final image 𝐼 is obtained by sequentially blending
the intermediate result 𝐼𝑆 using the generated masks:

𝐼𝑡𝑒𝑚𝑝 = 𝑀𝑠𝑡𝑟𝑢𝑐𝑡 ⊙ 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 + (1 −𝑀𝑠𝑡𝑟𝑢𝑐𝑡)⊙ 𝐼𝑆
𝐼 = 𝑀𝑝𝑟𝑐 ⊙ 𝐼𝑝𝑟𝑐 + (1 −𝑀𝑝𝑟𝑐)⊙ 𝐼𝑡𝑒𝑚𝑝

This adaptive per-face strategy ensures that the final
image recovers realistic facial details without compromising
structural accuracy.
4.4. Adaptive Facial Restoration Framework

Our face enhancement algorithm evaluates and selects
the optimal result among 𝐼𝑠𝑡𝑟𝑢𝑐𝑡, 𝐼𝑝𝑟𝑐 , and the intermediate
output up to Stage 2 by employing the FGResQ metric.
However, these outputs are generated by models that are
not primarily focused on face restoration. Therefore, as
proposed in [29], incorporating a dedicated face restoration
model (e.g., GFPGAN [19]) could provide superior facial
quality. We do not integrate this into our main pipeline be-
cause GFPGAN employs the RetinaFace_ResNet50 model
for face detection, which incurs a longer processing time than
the MediaPipe detector we selected. Furthermore, the face
restoration process itself requires additional inference time
during image processing. Such computational overhead is
unsuitable for the lightweight image post-processing system
pursued in our study. Nevertheless, we conducted supple-
mentary experiments to demonstrate the extensibility and
general applicability of our framework.

5. Experiments
5.1. Experimental Setup
Datasets We evaluate our method on widely used bench-
mark datasets, including Set5 [30], Set14 [31], BSD100 [32],
Urban100 [33], and Manga109 [34]. Additionally, we use
two real-world datasets, RealSR [35] and DRealSR [36], to
assess performance on authentic degradations. All experi-
ments are conducted for a 4× upscaling factor.

Implementation Details Our framework is governed by a
small set of parameters, prioritizing simplicity and robust
generalization. For edge detection, we utilize a 3 × 3 Sobel
filter followed by a 7×7 dilation kernel. These specific kernel
sizes were determined by evaluating 49 candidate combina-
tions—ranging from 3 × 3 to 15 × 15 with odd-numbered
increments to identify the optimal balance between edge
sensitivity and structural connectivity. For facial masking,
we employ the MediaPipe "Full-range" model with a min
detection confidence of 0.5. All parameters were set heuris-
tically and kept identical across all datasets to demonstrate
the plug-and-play capability of our pipeline. While dataset-
specific fine-tuning could yield marginal performance gains,
our fixed configuration underscores the universal applicabil-
ity of the proposed solution.
Models We use pre-trained SwinIR models. The classical
SR model (SwinIR-C) was trained on DIV2K and Flickr2K.
The real-world SR model (SwinIR-RW) was trained on
DIV2K, Flickr2K, and OST. We also utilized PFT-SR and
TSD-SR [10] to evaluate the universal applicability of our
framework across a diverse range of modern SR architec-
tures.
Evaluation Metrics We use a comprehensive set of met-
rics to evaluate both fidelity and perceptual quality. For all
metrics except FGResQ, we utilize the PyIQA library [37]
for standardized evaluation.

• Fidelity Metrics: PSNR and SSIM (higher is better),
which measure fidelity against a ground-truth image.

• Perceptual Metrics: NIQE [38] (lower is better) and
FGResQ [28] (higher is better), which assess percep-
tual quality without a ground-truth, and LPIPS [39]
(lower is better) to evaluate perceptual quality with a
ground-truth.

Methods for Comparison

• SwinIR-C, PFT-SR: The baseline fidelity-oriented
models.

• SwinIR-RW, TSD-SR: The baseline perception-oriented
models.

• Our1 (Edge Blend): The intermediate output after
edge blending only.

• Our2 (Final): The final output from our full pipeline,
which includes all refinement stages (Stage 1: his-
togram matching, Stage 2: edge blending, Stage 3:
face correction).
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Table 1
Quantitative results utilizing SwinIR outputs. For each metric,
the best and second-best scores are highlighted.

Metric Benchmark SwinIR-C SwinIR-RW
Our1
(Edge)

Our2
(Final)

PSNR^

Set5 31.4824 26.1221 28.6486 28.6419
Set14 27.4848 24.0935 25.7713 26.0191
B100 26.6148 23.8285 25.0752 25.2667

Urban100 26.0991 21.4291 23.8290 24.1037
Manga109 30.7627 24.3835 28.0251 28.1471
RealSR 26.2299 24.5537 25.8860 26.3594
DRealSR 29.2974 26.8728 28.4385 29.1680

SSIM^

Set5 0.8755 0.7111 0.7632 0.7902
Set14 0.7596 0.6378 0.6781 0.6883
B100 0.7265 0.6147 0.6504 0.6525

Urban100 0.8069 0.6562 0.7204 0.7137
Manga109 0.9013 0.7709 0.8299 0.8293
RealSR 0.7383 0.7308 0.7471 0.7438
DRealSR 0.7897 0.7510 0.7758 0.7821

FGResQ^

Set5 0.5351 0.5641 0.5627 0.5816
Set14 0.6502 0.7210 0.7075 0.7128
B100 0.5989 0.7027 0.6688 0.6732

Urban100 0.8490 0.8673 0.8648 0.8637
Manga109 0.8270 0.8406 0.8401 0.8416
RealSR 0.3446 0.6381 0.5424 0.5342
DRealSR 0.2326 0.5134 0.4131 0.4055

LPIPS_

Set5 0.1663 0.1660 0.1397 0.1467
Set14 0.2664 0.2267 0.2147 0.2165
B100 0.3536 0.2597 0.2579 0.2592

Urban100 0.1840 0.2014 0.1821 0.1820
Manga109 0.0920 0.1454 0.1103 0.1105
RealSR 0.3963 0.2614 0.2528 0.2544
DRealSR 0.4390 0.2830 0.2764 0.2746

NIQE_

Set5 7.1313 7.2162 6.2083 6.6400
Set14 6.2128 4.7497 4.8210 4.9061
B100 6.1092 4.1204 4.2027 4.2733

Urban100 5.4528 4.3865 4.4106 4.5018
Manga109 5.3244 4.4098 4.3348 4.4502
RealSR 8.3344 5.7362 6.0240 6.0937
DRealSR 10.4529 6.5676 6.7367 6.8129

5.2. Quantitative Results
Tables 1 and 2 present the quantitative comparison

across all datasets. The results show a clear trend. Fidelity-
oriented models (SwinIR-C and PFT-SR) consistently achieve
the highest PSNR/SSIM scores except for SwinIR-C on
RealSR. In contrast, perception-oriented models (SwinIR-
RW and TSD-SR) perform well on these two no-reference
metrics: NIQE and FGResQ.

As shown in Tables 1 and 2, our proposed method, Our2
(Final), strikes an effective balance. It significantly improves
PSNR and SSIM compared to the perception-oriented mod-
els, recovering much of the lost fidelity. For instance, on Ur-
ban100 in Table 1, our method improves PSNR from 21.43
(SwinIR-RW) to 24.10 (Our2). Furthermore, in RealSR, our
method based on the two SwinIR models achieves the best
PSNR score.

Rather than aggressively maximizing a single objective,
our framework aims to maintain a robust balance between vi-
sual fidelity and perceptual realism. While it may not always
outperform specialized baselines in their primary metrics,
it effectively mitigates extreme structural distortions and
textural blurring. This balanced performance is particularly
evident. Our ensemble outputs (Our1 and Our2) consistently
achieve the best or second-best scores across most datasets
and metrics.

A significant practical advantage of our approach is its
computational efficiency. Our framework is implemented as
a post-processing step, entirely separate from model train-
ing, and requires no additional fine-tuning. As detailed in

Table 2
Quantitative results utilizing PFT and TSD-SR outputs. For
each metric, the best and second-best scores are highlighted.

Metric Benchmark PFT-SR TSD-SR
Our1
(Edge)

Our2
(Final)

PSNR^

Set5 31.6767 24.3916 28.0182 27.2450
Set14 27.6472 22.3697 24.7628 24.7531
B100 26.6958 22.3693 24.2418 24.4179

Urban100 26.8483 19.9651 23.2513 23.4226
Manga109 31.3273 21.6307 26.3633 26.2804
RealSR 26.2245 22.0823 24.4746 25.1717
DRealSR 29.2615 24.8758 27.3529 28.1055

SSIM^

Set5 0.8774 0.7162 0.7801 0.7532
Set14 0.7632 0.5957 0.6491 0.6431
B100 0.7298 0.5785 0.6257 0.6270

Urban100 0.8232 0.6226 0.7027 0.6940
Manga109 0.9051 0.7370 0.8101 0.8004
RealSR 0.7376 0.6505 0.6915 0.6970
DRealSR 0.7893 0.6660 0.7130 0.7297

FGResQ^

Set5 0.5502 0.7521 0.7047 0.7200
Set14 0.6535 0.8293 0.8040 0.7942
B100 0.6058 0.8436 0.8113 0.7928

Urban100 0.8468 0.8582 0.8613 0.8591
Manga109 0.8255 0.8314 0.8421 0.8430
RealSR 0.3471 0.7571 0.6750 0.6437
DRealSR 0.2327 0.6713 0.5911 0.5682

LPIPS_

Set5 0.1616 0.1439 0.1175 0.1249
Set14 0.2604 0.1942 0.1729 0.1733
B100 0.3476 0.2033 0.1939 0.1945

Urban100 0.1677 0.1706 0.1482 0.1468
Manga109 0.0872 0.1376 0.1025 0.1021
RealSR 0.3972 0.2805 0.2527 0.2503
DRealSR 0.4394 0.3115 0.2823 0.2717

NIQE_

Set5 6.4653 5.1420 5.5910 5.3679
Set14 6.0587 3.9963 3.9044 3.9721
B100 5.9730 3.6788 3.6091 3.6349

Urban100 5.2631 4.2533 4.1440 4.2573
Manga109 4.9014 4.0514 3.9317 4.0644
RealSR 8.2619 5.0851 5.1089 5.2986
DRealSR 10.2892 5.7729 5.5731 5.6605

Table 3
Total post-processing time (ms) for all images in the Urban100
dataset. For this measurement, we used images generated by
SwinIR. The total size of the loaded images was about 250MB,
and the saved images were about 130MB. This measurement
was performed on a system equipped with an Intel Core i7-
14700K CPU, 32GiB DDR5 RAM, and an NVIDIA GeForce
RTX 4080 GPU.

Component Time (ms) Percentage

FGResQ Loading 2043 14.45%
MediaPipe Loading 2 0.01%
Image Loading 2117 14.97%
Histogram Matching 2928 20.71%
Edge Blending 4084 28.89%
Face Correction 892 6.32%
Image Saving 2071 14.65%

Total 14137 100%

Table 3, the entire process takes only 14.137 seconds for all
images (100 images), highlighting its practical feasibility.
5.3. Qualitative Analysis
Effect of Histogram Matching Figure 3 demonstrates the
effectiveness of our color stabilization stage. In the top row
using SwinIR, the image shows how the bright, unnatural
glow of the clock generated by SwinIR-RW is successfully
suppressed via histogram matching with SwinIR-C. Simi-
larly, in the bottom image using PFT-SR and TSD-SR, our
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HR 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 𝐼𝑝𝑟𝑐 Our1(Edge) Our2(Final)

Figure 3: E�ect of histogram matching. The 𝐼𝑝𝑟𝑐 outputs
present color distortions and unrealistic color expressions. Top
(SwinIR), Bottom (PFT-SR & TSD-SR): Our2 accurately
suppresses the excessive artifacts introduced by SwinIR-RW,
restoring the natural glow of the clock (Top) and returning
overly dark, saturated colors to their original state (Bottom).
(Top: Urban100 img022, Bottom: Urban100 img023).

approach pulls back overly saturated colors introduced by the
perceptual model, successfully restoring the original natural
colors of the scene.

HR 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 𝐼𝑝𝑟𝑐 Our1(Edge) Our2(Final)

Figure 4: E�ect of edge-aware blending. By blending with 𝐼𝑠𝑡𝑟𝑢𝑐𝑡
at structural boundaries, our method preserves �ne shapes and
textures without being completely dominated by perceptual
hallucinations. Top (SwinIR): Halftone dots erased from the
original manga by SwinIR-RW are restored. Middle (PFT-SR
& TSD-SR): Grass texture generated well by 𝐼𝑝𝑟𝑐 is preserved
and seamlessly blended. Bottom (SwinIR): Structural circular
holes are distinctly preserved using the geometry of 𝐼𝑠𝑡𝑟𝑢𝑐𝑡. (Top:
Manga109 WarewareHaOniDearu, Middle: Urban100 img003,
Bottom: Urban100 img004).

Effect of Edge-Aware Blending Figure 4 shows the ben-
efit of our edge-aware blending strategy, which leverages the
structural reliability of 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 to anchor intricate shapes. The
top image shows that SwinIR-RW entirely erases the specific
halftone dots present in the manga image; however, our
framework flawlessly restores these repeating patterns. In the
middle image, utilizing PFT-SR and TSD-SR, the complex
organic textures of the grass well-synthesized by 𝐼𝑝𝑟𝑐 are
carefully preserved without introducing geometric irregular-
ities. The bottom row highlights structural accuracy, as our
blending strategy prioritizes the clear circular holes robustly
restored by SwinIR-C over the distorted shapes presented by
the real-world model.
Effect of Face-Aware Correction Figure 5 highlights the
critical role of our dedicated face correction stage within
the main pipeline. By evaluating facial crops through the
FGResQ metric, the framework autonomously selects the

HR 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 𝐼𝑝𝑟𝑐 Our1(Edge) Our2(Final)

Figure 5: E�ect of face-aware correction within the main
pipeline using PFT-SR and TSD-SR. Top: Our face-aware
correction evaluates the outputs and appropriately selects the
well-restored features from Our1. Bottom: When perceptual
outputs introduce strong facial noise, the dynamic framework
uses the slightly blurred, artifact-free 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 as a fallback. Both
cases demonstrate a reliable selection mechanism guided by
FGResQ. (Top: B100 189080, Bottom: Manga109 DualJus-
tice).

most visually pleasing features. In the top row, the system ac-
curately adopts the high-quality intermediate face naturally
produced by Our1. Conversely, in the bottom row, where
the perception-oriented TSD-SR produces excessive noise,
the dynamic framework intelligently defaults to the slightly
blurrier but structurally clean representation of 𝐼𝑠𝑡𝑟𝑢𝑐𝑡.

HR 𝐼𝑠𝑡𝑟𝑢𝑐𝑡(PFT-SR) 𝐼𝑝𝑟𝑐(TSD-SR) Our2 Our2+GFPGAN

Figure 6: E�ect of Adaptive Facial Restoration Framework
using GFPGAN. When integrated with specialized facial
restoration networks, the quality of detected faces improves.
While TSD-SR manages to recover partial facial semantics
compared to PFT-SR, our supplemental GFPGAN integration
delivers superior realism and facial acuity. (Top: B100 85048,
Middle: B100 216081, Bottom: Urban100 img009).

5.4. Adaptive Facial Restoration Framework
(GFPGAN)

As introduced previously, combining our base frame-
work with a supplementary specialized model highlights
its significant extensibility. Figure 6 presents the results of
utilizing the GFPGAN configuration on detected facial re-
gions. Although TSD-SR produces an adequate foundational
representation compared to PFT-SR, the intricate alignment
of facial semantics remains incomplete. Additionally, it oc-
casionally selects a blurrier face. The integration of GFP-
GAN corrects misaligned facial contours, restoring high-
quality, realistic faces that out-perform both base implemen-
tations, proving that our framework can easily integrate with
domain-specific models for targeted operations.
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HR 𝐼𝑠𝑡𝑟𝑢𝑐𝑡 𝐼𝑝𝑟𝑐 Our1(Edge) Our2(Final)

Figure 7: Failure cases. Top (PFT-SR & TSD-SR): The
perceptually-oriented TSD-SR model hallucinates dotted ar-
tifacts on the koala's fur, which incorrectly bleed into the
�nal result. Bottom (SwinIR): Structural misalignment artifact.
The two models produce divergent restorations for the aliased
diagonal line, resulting in a visible overlap in the blended
output. (Top: BSD100 69015, Bottom: Urban100 img092).

5.5. Failure Cases
Despite its effectiveness, our method remains dependent

on the baseline capabilities of the chosen SR models. Figure
7 illustrates typical failure cases. In the top image, the highly
complex texture of koala fur leads TSD-SR to generate
repetitive, dotted point artifacts. Because these artifacts exist
as texture outside the structural boundary, our method unwit-
tingly preserves them, leading to a degraded overall quality.
The bottom image exhibits ghosting artifacts arising from
structural misalignment, where the two base models produce
divergent restorations for the aliased diagonal line. Conse-
quently, attempting to blend these conflicting components
exacerbates noise, rendering structural ghosts overlapping
across the output.

These cases highlight avenues for future improvement.
First, mitigating semantic-level artifacts like the unnatural
dots generated by TSD-SR requires the development of dy-
namic, content-aware filtering beyond simple edge masking.
Second, ghosting artifacts from structural inconsistencies
heavily rely on the baseline robustness of the foundational
models [40]. Finally, GFPGAN in our adaptive framework
sometimes produces incomplete or unrealistic facial restora-
tion results. Since it remains difficult to accurately deter-
mine which restoration is superior relying solely on current
metrics, the development of more advanced no-reference
metrics strongly aligned with human perception is essential.
6. Conclusion

In this work, we proposed a novel post-processing en-
semble framework to address the persistent trade-off be-
tween fidelity and perception in SISR. By combining the out-
puts of fidelity- and perception-oriented SR models through
a multi-stage process involving histogram matching, edge-
aware blending, and face-aware correction, our method ef-
fectively mitigates common artifacts while producing im-
ages that are both structurally sound and texturally rich.

Our experiments confirm that the proposed method
achieves a superior balance across both full-reference and
no-reference quality metrics. The qualitative results further
demonstrate its ability to correct specific color, structural,
and facial distortions. A key advantage of our approach is

its modularity and efficiency; as it requires no retraining,
it can be readily applied to the outputs of various existing
and future SR models, serving as a versatile tool for quality
enhancement.

Future work could explore more sophisticated blending
strategies, such as using semantic segmentation to create
content-aware masks or developing a dynamic blending
algorithm that adapts to the level of distortion. Addressing
the limitations observed in our failure cases, particularly
through more robust artifact detection, remains a promising
direction for further research. Ultimately, our work repre-
sents a practical step toward generating high-quality super-
resolved images that are suitable for real-world applications.
Appendix

The source code and online viewer are available at https:
//github.com/tama0728/ESR and https://tama0728.github.io/

ESR_viewer, respectively.
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