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ABSTRACT Article information:
High E�ciency Video Coding (HEVC) and its successors, such as Versatile
Video Coding (VVC), o�er substantial bitrate reductions, yet challenges
remain in preserving visual �delity under bandwidth and computational
constraints. This paper proposes a deep learning-based super-resolution
(SR) framework that operates natively in the YUV color space, eliminat-
ing costly RGB-YUV conversions and integrating seamlessly with modern
video compression pipelines. We develop two convolutional network ar-
chitectures trained on YUV-formatted video data: a full 3-channel model
and a lightweight two-stream variant that separately processes luminance
(Y) and chrominance (UV) channels using compact subnetworks. The pro-
posed method enhances both full-frame and region-of-interest (ROI) qual-
ity, outperforming conventional HEVC baselines in terms of rate-distortion
e�ciency. Evaluations on diverse video sequences demonstrate signi�-
cant bitrate savings and e�ective ROI preservation, with the lightweight
model o�ering a practical solution for AI-driven applications in resource-
constrained environments.
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1. INTRODUCTION

Modern video compression systems eg. HEVC,
and VVC encoding increasingly operate under strict
bandwidth and computational constraints, particu-
larly in edge-oriented and task-driven applications.
In such systems, limited network bandwidth is
often shared among multiple mobile and swarm
agents�such as surveillance robots, aerial drones,
and intelligent sensing platforms�making it infeasi-
ble to transmit all visual content at uniformly high
quality.

Under these conditions, visual information does
not contribute equally to downstream tasks: regions
of interest (ROIs) typically contain semantically crit-
ical content, whereas non-ROI regions mainly provide
contextual cues. Motivated by this observation, this
work investigates a task-driven compression frame-
work that reduces bitrate by selectively degrading
non-ROI regions through spatial subsampling, while
preserving and recovering visual �delity within ROIs
via post-decoding reconstruction.

Despite extensive research on task-aware video
compression and deep learning-based enhancement,
two important gaps remain. First, most existing
super-resolution and restoration methods operate in
the RGB domain, whereas modern video codecs na-
tively encode content in the YUV color space. This
mismatch introduces additional color space conver-
sions, increases system complexity, and limits direct
integration with practical video pipelines. Second,
many task-driven or learning-based compression ap-
proaches require modi�cations to encoder internals or
codec-speci�c bit allocation strategies, which hinders
compatibility with standardized and widely deployed
codecs such as HEVC and VVC.

In contrast, modern video codecs continue to
evolve toward higher compression e�ciency and
structural complexity, making encoder-side modi�ca-
tion increasingly impractical in real-world systems.
This raises a fundamental question: can task-driven
bitrate reduction and quality recovery be achieved in
a codec-agnostic manner, without altering the under-
lying video encoder?
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Based on this scope, the research questions ad-
dressed in this paper are: (1) how much bitrate
can be reduced by selectively degrading non-ROI
regions under fixed-QP or fixed-bitrate constraints,
and (2) whether YUV-based super-resolution can ef-
fectively restore visual quality—particularly within
ROIs—while maintaining contextual consistency in
non-ROI areas.

2. OUR CONTRIBUTIONS

This paper presents a task-driven, codec-
compatible framework for bitrate reduction and ROI-
preserving enhancement in modern video codecs. The
proposed approach integrates YUV-based deep learn-
ing with lightweight preprocessing and is designed
to operate under practical encoding constraints, in-
cluding fixed-QP and fixed-bitrate settings, while re-
maining compatible with standardized codecs such as
HEVC and, conceptually, its successor VVC.

The main contributions of this work are summa-
rized as follows:

1) A codec-compatible, task-driven framework
that reduces bitrate by selectively degrading non-ROI
regions while preserving visual fidelity in ROIs under
fixed-QP and fixed-bitrate constraints.

2) A YUV-native super-resolution approach that
operates directly on HEVC-reconstructed frames,
avoiding RGB-domain processing and facilitat-
ing seamless integration with modern and next-
generation video codecs.

3) A comparative study of standard and
lightweight SR architectures, including a three-
channel model and a Y/UV two-stream variant,
demonstrating effective ROI quality recovery and
contextual preservation under bandwidth-limited and
edge-oriented scenarios.

It is important to note that ROI definition is in-
herently task-dependent. In this study, we adopt a
lightweight semantic segmentation model (PIDNet)
[1] as a representative example to generate ROI masks
in real time. However, ROI detection itself is not the
focus of this work.

Instead, our contribution lies in the design of a
task-agnostic, end-to-end framework in which task-
driven preprocessing enables bitrate reduction in
a codec-compatible manner, while post-decoding
super-resolution restores visual quality degraded by
both compression and preprocessing. Together, these
components jointly define a practical bitrate–quality
trade-off suitable for deployment in bandwidth-
constrained and edge-oriented video systems.

3. RELATED WORK

3.1 Modern Video Encoding and Rate Con-
trol Strategies

High Efficiency Video Coding (HEVC/H.265) and
its successor Versatile Video Coding (VVC/H.266)

significantly improve compression efficiency through
techniques such as quadtree partitioning, advanced
intra/inter prediction, and motion compensation.
These standards use a hybrid coding structure with
I-, P-, and B-frames to reduce spatial and temporal
redundancy, where I-frames are key to high-fidelity
reconstruction. Both codecs adopt the YUV 4:2:0
format by default, allocating most bitrate to the lu-
minance (Y) channel to exploit perceptual sensitiv-
ity—making Y-channel enhancement particularly im-
pactful for super-resolution.

To regulate bitrate, HEVC and VVC implement
rate control by dynamically adjusting the quantiza-
tion parameter (QP) at GOP, frame, and CTU lev-
els. The widely adopted R-λ model [2] balances rate-
distortion trade-offs efficiently, while VVC further in-
troduces skipped vs. non-skipped CTU handling to
optimize bit allocation [3]. Recent approaches ex-
tend beyond conventional control by integrating deep
learning techniques. Reinforcement learning (RL) has
shown promise for adaptive QP selection [4], [5], while
task-driven RL methods [6], [7] prioritize semantic fi-
delity for downstream AI tasks.

In practical video coding systems, bitrate control
differs fundamentally from objectives that prioritize
spatial accuracy or temporal consistency under un-
constrained bandwidth. When bandwidth is suffi-
cient, encoder configurations can allocate more bits
to preserve spatial detail and temporal smoothness
through flexible GOP structures and reference frame
usage.

Under strict bandwidth constraints—such as mo-
bile or edge-based surveillance—bitrate control be-
comes the dominant objective. Encoder modes in-
cluding fixed-QP or fixed-bitrate operation, low-delay
or random-access configurations, and constrained ref-
erence structures inherently limit achievable spatial
and temporal quality, often requiring trade-offs to en-
sure stable transmission.

This work targets such bitrate-constrained operat-
ing points. Instead of modifying internal codec rate
control, we apply preprocessing strategies—such as
spatial subsampling and selective non-ROI degrada-
tion—to adjust the bitrate–quality trade-off at the
encoder input. A post-decoding super-resolution
stage is then employed to recover spatial detail, par-
ticularly within ROIs. Consequently, spatial accu-
racy and temporal consistency are optimized within
bitrate constraints, rather than treated as indepen-
dent objectives.

3.2 RGB and YUV Color Spaces

Most deep learning models for image and video
processing are trained in the RGB color space due to
the availability of large-scale RGB datasets and the
direct use of RGB in display devices. However, RGB
processing is not natively aligned with modern video
coding pipelines, which rely on YUV representations.
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Conversion between RGB and YUV introduces ad-
ditional computational overhead and may result in
color distortion, making it less suitable for practical
codec-integrated systems.

In contrast, modern video codecs such as HEVC
encode content in the YUV color space—typically
YUV 4:2:0—where luminance and chrominance com-
ponents are separated and compressed according to
human visual sensitivity. Despite its prevalence in
video compression, relatively few deep learning ap-
proaches have been explicitly designed to operate di-
rectly on YUV data within a video coding context.

Recent studies have begun exploring YUV-based
learning. For instance, YUVMultiNet [8] employs
YUV inputs for multi-task perception networks in
autonomous driving, focusing primarily on detection-
related applications without addressing video recon-
struction. YUVGAN [9] applies generative adver-
sarial learning in the YUV domain for remote sens-
ing image restoration, while LYTNet [10] investi-
gates lightweight YUV-based transformer models for
low-light image enhancement. However, these ap-
proaches are mainly limited to image-level processing
or perception-oriented tasks and do not consider inte-
gration with modern video coding pipelines, bitrate-
constrained encoding scenarios, or post-decoding re-
construction within standardized video codecs.

In contrast to these approaches, this study pro-
vides a deeper exploration of YUV-aware learning
within a codec-compatible video compression frame-
work. Specifically, we train super-resolution mod-
els directly on HEVC-reconstructed YUV frames
and integrate them into a task-driven pipeline de-
signed for bitrate reduction under fixed-QP and
fixed-bitrate constraints. Furthermore, the proposed
framework explicitly considers ROI-aware quality re-
covery and contextual preservation, enabling selec-
tive reconstruction without modifying codec inter-
nals. This distinguishes our work from prior YUV-
based methods that are not designed for end-to-
end video compression or practical deployment in
bandwidth-constrained systems.

3.3 Super-Resolution for Compression En-
hancement

3.3.1 Image Super-Resolution (Image SR)

Image Super-Resolution (SR) refers to the task
of reconstructing high-resolution (HR) images from
their low-resolution (LR) counterparts. Tradi-
tional interpolation-based methods such as nearest-
neighbor, linear, bilinear, and bicubic upsampling are
simple and computationally efficient, but tend to pro-
duce blurry outputs with limited detail preservation.
With the advent of deep learning, SR techniques have
evolved significantly and can be broadly categorized
as follows [11]: Pre-upsampling SR: Methods such
as SRCNN [12] first upscale LR images using bicu-
bic interpolation, followed by a convolutional neural

network to refine the coarse HR image. This strat-
egy reduces the learning burden by processing images
that are already close to the target resolution. Post-
upsampling SR: Approaches such as SRGAN [13],
ESRGAN [14] adopt Pix2Pix [15] to feed the original
LR image into deep convolutional networks and apply
learnable upsampling layers at the final stage. This
end-to-end structure is capable of capturing richer
textures and high-frequency details. Progressive and
iterative up-sampling SR methods incrementally re-
fine resolution using coarse-to-fine strategies or back-
projection mechanisms, helping stabilize training and
improve fine detail reconstruction.

These categories demonstrate the transition from
conventional SR to highly adaptive learning-based
frameworks that significantly boost visual quality and
restoration performance.

3.3.2 Video Super-Resolution (VSR)

Video Super-Resolution (VSR) techniques aim to
reconstruct high-resolution (HR) video frames from
low-resolution (LR) sequences and can be broadly
categorized into two types: VSR with alignment
and VSR without alignment. The former ap-
plies explicit motion estimation and compensation,
typically using optical flow to temporally align LR
frames. An early example is VSRnet [16], which
emphasized temporal consistency by aligning frames
prior to CNN-based reconstruction.

In contrast, alignment-free approaches rely on end-
to-end deep networks to implicitly perform align-
ment, feature fusion, and reconstruction. These in-
clude 2D convolution-based models such as VSRRes-
FeatGAN [17], 3D convolutional methods like DUF
[18] and 3DSRNet [19]. Beyond that, recurrent ar-
chitectures and non-local attention-based models like
Progressive Fusion Network [20] are introduced but
many of these methods rely on deep and complex
networks, making them less suitable for lightweight
models.

Building on these foundations, Wang et al. [21]
extended the Pix2Pix model to a video-to-video syn-
thesis framework that produces temporally coherent
HR outputs from semantic inputs. A comprehensive
survey by Liu et al. [22] summarizes recent VSR ad-
vancements, highlighting their roles in both visual en-
hancement and end-to-end video coding.

While prior work primarily focuses on restoring
spatial detail and temporal consistency for visual
quality, our work diverges by targeting bitrate re-
duction under standard HEVC/VCC compression.
Moreover, most VSR studies operate in the RGB
domain and rarely address integration with mod-
ern video codec-compatible YUV pipelines, especially
with a focus on region-of-interest (ROI) preservation.
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4. PERFORMANCE EVALUATION

An overview of the complete processing pipeline
corresponding to this section is illustrated in Fig. 4

4.1 Compression Pipeline

We evaluated our pipeline under a range of scenar-
ios by combining three major experimental factors:

Input: Raw YUV video + ROI masks
Preprocessing Scenarios:

1) Original HEVC Baseline: High-resolution YUV
frames are directly compressed and reconstructed
using standard HEVC without super-resolution en-
hancement.
2) Sharp Bicubic Subsampling: Downsampling by 4×
using bicubic interpolation, followed by HEVC encod-
ing, decoding, and 4× SR reconstruction.
3) Blur Bicubic Subsampling: Input frames are first
blurred before downsampling, simulating degraded
low-quality inputs.
4) Non-ROI Blur Subsampling: Only non-ROI re-
gions are blurred while ROI areas remain sharp before
downsampling and compression.

Encoding Settings:
1) Fixed QP: HEVC encoding with constant quanti-
zation parameter (QP).
2) Fixed Bitrate: HEVC encoding under a con-
strained bitrate target.

Reconstruction: Compressed bitstream is de-
coded.

SR Model Decoding Enhancement:
1) 3-channels YUV SR Model: A 3-channel network
trained on full YUV (Y+U+V) data.
2) Lightweight Y/uv Model: A two-stream architec-
ture with a deeper Y-channel network and a compact
UV stream to reduce complexity for edge deployment.

Final YUV video: A standard 3-channel net-
work that jointly reconstructs luminance and chromi-
nance components.

This structured comparison allows us to investi-
gate the impact of different preprocessing techniques
on bitrate savings and reconstruction quality, partic-
ularly in maintaining fidelity for task-driven compres-
sion applications.

4.2 YUV Color Space and Data Preparation

Although RGB is common in deep learning, YUV
is the standard in video compression, with YUV 4:2:0
offering efficient bitrate allocation by prioritizing the
luminance (Y) channel. Recent work like YUVMulti-
Net [8] shows that processing directly in YUV re-
duces computational overhead and memory usage,
benefiting edge applications such as autonomous driv-
ing. Similarly, [23] reports better PSNR and SSIM in
YUV-based colorization tasks.

Motivated by these findings, we train super-
resolution models directly on YUV 4:2:0 videos. The
Y, U, and V planes are extracted from each frame,

with U and V upscaled via bicubic interpolation to
match Y resolution, forming a normalized (3, H, W )
input tensor for CNNs.

We develop two SR models to balance fidelity and
efficiency:

3-channel YUV model: Processes the full YUV
tensor, preserving luminance and chrominance details
for high-quality reconstruction.

Lightweight Y/uv model: Uses a two-stream de-
sign—one deep branch for Y and a compact one for
UV—optimized for edge deployment with reduced
complexity and memory usage.

This dual approach enables both high-fidelity en-
hancement and efficient inference under resource con-
straints.

4.3 ROI Extraction via Semantic Segmenta-
tion

Identifying semantically important regions is cru-
cial for an effective ROI-based compression and re-
construction. Various methods have been proposed
for region detection, including latent feature extrac-
tion from pre-trained backbones and attention-based
ROI selection. However, in our work, we employed
PIDNet [1], which is recognized for its balance be-
tween accuracy and real-time performance.

PIDNet achieved top ranking in the Cityscapes
Panoptic Segmentation Challenge, demonstrating its
ability to perform precise and efficient segmentation
tasks. PIDNet is particularly well suited for edge-
device applications, a priority in our study, owing to
its efficient shared backbone and lightweight decoder
heads.

We applied PIDNet to the original REDS dataset
[24] frames to generate ROI masks. The masks are
stored in the JSON format following a schema simi-
lar to Cityscapes, ensuring compatibility and ease of
integration into our preprocessing pipeline.

The target objects for the ROI extraction were se-
lected based on their relevance to surveillance and au-
tonomous driving applications. Specifically, we used
the following person, rider, car, truck, bus, caravan,
trailer, train, motorcycle, and bicycle classes as the
target ROIs.

These categories cover the dynamic and critical
objects commonly encountered in real-world driving
and surveillance scenarios. The generated binary
masks guide both the selective blurring process dur-
ing preprocessing and evaluation of ROI-specific met-
rics during model assessment.

To simulate selective degradation, the non-ROI re-
gions are blurred using a Gaussian filter. Specifically,
we applied Gaussian blur with a kernel size of (15,
15) and a standard deviation of 0 to the non-ROI ar-
eas, ensuring that the ROI regions remain sharp while
the surrounding context was intentionally degraded.
This technique effectively emphasizes the importance
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of preserving ROI fidelity during the subsequent com-
pression and reconstruction processes.

4.4 Our Neural Network Model for YUV
Super-Resolution

We adapted a Pix2Pix-style architecture [15] with
a U-Net-inspired generator and a PatchGAN dis-
criminator for YUV super-resolution. Following this
framework, our generator network maps the HEVC-
reconstructed low-resolution YUV frames to high-
resolution outputs, whereas the discriminator en-
forces perceptual realism by distinguishing between
real and generated HR frames.

Furthermore, unlike traditional RGB-based super-
resolution methods, we operate directly on the YUV
color space, avoiding unnecessary color space conver-
sion and focusing on luminance-chrominance proper-
ties, which are critical for video compression stan-
dards such as HEVC.

Fig.1: Network architecture diagrams: (a) Gener-
ator for 3-channel YUV super-resolution, (b) Patch-
GAN discriminator used for adversarial training.

4.4.1 Full 3-Channel YUV Generator Network

The generator network in the full 3-channel
YUV model is based on the GeneratorResNet ar-
chitecture, Fig. 1(a), designed to process all three
YUV channels together. This design prioritizes re-
construction quality by allowing cross-channel feature
learning, which is particularly beneficial for preserv-
ing fine luminance detail and chroma consistency in
high-quality reconstruction scenarios. Residual learn-
ing and long-range skip connections are employed to
stabilize training and facilitate the recovery of high-
frequency details lost during spatial subsampling and
compression. This architecture serves as the quality-
oriented baseline in our experiments.

Fig.2: Architecture of the lightweight Y/uv two-
stream generator. The Y and UV branches are pro-
cessed independently and concatenated after upsam-
pling to form the final output YUV frame.

4.4.2  Lightweight Y/uv Two-Stream Generator
Network

To support deployment on resource-constrained
devices, we designed a lightweight generator, Light
Y/uv, with separate processing streams for luma
(Y) and chroma (UV) components of standard input
YUV 4:2:0 format. We introduce a lightweight two-
stream generator, Fig. 2, that decouples luminance
and chrominance processing. The Y channel, which
carries most perceptual detail, is handled by a ded-
icated branch with higher representational capacity,
while the subsampled U and V channels are processed
jointly using a compact branch. The two streams
are upsampled independently and merged to form
the final YUV output. This design significantly re-
duces model complexity and computational cost while
maintaining competitive reconstruction performance.

4.4.3 PatchGAN Discriminator Network

Both the full and lightweight models use the same
PatchGAN Discriminator architecture, Fig. 1(b),
which classifies the patches of the image as real or
fake to provide granular feedback to the generator.
Both generator variants share the same PatchGAN
discriminator, which operates on local image patches
rather than full frames. This choice encourages the
generation of locally realistic textures and mitigates
over-smoothing artifacts commonly observed in pixel-
wise reconstruction losses.

5. EXPERIMENTAL SETUP

5.1 Datasets

We conducted experiments on the REDS dataset.
The REDS dataset, introduced in the NTIRE 2019
Challenge on Video Deblurring and Super-Resolution
[24], provides high-resolution RGB video sequences
captured under real-world motion blur and degrada-
tion, making it well suited for super-resolution and
video compression research.

All video sequences were converted into YUV 4:2:0
format for consistency with the HEVC compression
pipeline. To enable region-of-interest (ROI)–aware
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Fig.3: Examples of preprocessing steps used in this study. Each column corresponds to a different video
sequence with a randomly sampled frame. The first row shows the original subsampled frames, the second
row shows the binary ROI masks generated by PIDNet, and the third row shows the preprocessed frames after
applying non-ROI blurring.

processing, we applied a pre-trained PIDNet model
[1] to generate binary ROI masks for each frame.
These masks primarily capture semantically impor-
tant regions such as pedestrians and vehicles, which
are common targets in surveillance and autonomous
driving scenarios.

Figure 3 illustrates representative snapshot exam-
ples used in this study. The first row shows the
original subsampled video frames after format con-
version. The second row presents the corresponding
binary ROI masks generated by PIDNet, where high-
lighted regions indicate ROIs. The third row shows
the resulting preprocessed frames after applying non-
ROI blurring, in which background regions outside
the ROI are deliberately degraded to reduce bitrate
while preserving ROI fidelity.

We split the REDS dataset into 210 sequences for
training, 30 sequences for validation, and 30 held-out
sequences for testing, ensuring that all splits were per-
formed at the sequence level to avoid content leakage
across sets.

5.2 HEVC Encoding Settings

Two primary encoding configurations are evalu-
ated in this study:

• Fixed-QP Mode: Encoding is performed using
a constant quantization parameter (QP), with QP
set to 22 to balance compression efficiency and visual
quality.

• Fixed-Bitrate Mode: Encoding targets a prede-
fined bitrate (e.g., 1000 kbps) using rate control.

All encoding and decoding processes are carried
out using FFmpeg (version 4.2.7) with the libx265
encoder, which is a widely used open-source imple-
mentation of the HEVC standard.

The proposed pipeline operates exclusively on de-
coded YUV frames and does not modify codec inter-

nals, rate control mechanisms, or bitstream syntax.
As a result, the framework is codec-compatible and
conceptually applicable to block-based hybrid video
coding standards such as HEVC and VVC. How-
ever, experimental validation in this work is limited
to HEVC, and no empirical performance claims are
made for VVC.

5.3 Training Details

Figure 4 illustrates our training pipeline, which
begins with YUV input and applies one of three
preprocessing scenarios: (1) sharp bicubic subsam-
pling, (2) blur bicubic subsampling, and (3) non-ROI
blur subsampling—each downsampling by a factor of
4. The resulting low-resolution sequences are com-
pressed with HEVC, decoded, and then reconstructed
using either standard bicubic upsampling or one of
our proposed super-resolution (SR) models. We eval-
uate two SR architectures:

3-channel YUV model (3CH): A full-capacity
generator that jointly reconstructs Y, U, and V com-
ponents for high-fidelity output.

Lightweight Y/uv model (LW): A two-stream
design processing luminance (Y) and chrominance
(UV) separately to reduce complexity while preserv-
ing ROI fidelity.

Each model was trained independently on sharp,
blur, and non-ROI blurred versions of the HEVC-
reconstructed YUV datasets. This setup enables
the networks to learn artifact restoration under
real-world compression. The resulting models are
optimized for both quality and deployment on
bandwidth-limited or edge environments.
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Fig.4: Our proposed framework supporting various compression and reconstruction scenarios.
It should be noted that the framework illustrated in Fig. 4 represents multiple scenario-specific processing
paths rather than a combined or fused super-resolution strategy. Each experimental setting activates only

one preprocessing configuration and its corresponding SR model (e.g., sharp bicubic, blur bicubic, or
non-ROI blur bicubic). The different SR models shown in this figure are therefore applied independently

under different scenarios, and no model fusion or joint reconstruction is performed.

5.3.1     Training Configuration & Implementation
Details

The training was performed on an Nvidia Geforce
RTX 4090 GPU. Each model was trained for 2000
epochs with a batch size of 2 and an initial learning
rate of 2 × 104, decayed by a factor of 0.5 every 100
epochs. The Adam optimizer is used with β1 = 0.5
and β2 = 0.999.

All models were implemented in PyTorch. The
YUV frame extraction and color space processing
were conducted using OpenCV and custom Python
scripts. Gaussian blurring for non-ROI areas was per-
formed with a kernel size of (15, 15).
• Mean Squared Error (MSE) loss is used for the

adversarial loss.
• The L1 loss (mean absolute error) is used as the

content loss between the generated and ground-truth
high-resolution YUV frames.
• Instead of using VGG-based perceptual loss in RGB
space, we directly calculate L1 loss on YUV channels,
which is critical to preserve structure and color con-
sistency in video compression tasks, as suggested in
[9]. The L1 loss formulation is as follows:

L1(G) = ‖Y − Ŷ ‖1 + ‖U + Û‖1 + ‖V − V̂ ‖1 (1)

5.3.2 Training Scenarios

We systematically trained with the following video
sequences:
• Sharp-only bicubic subsampling.
• Blur-only bicubic subsampling.

• ROI-preserving non-ROI blur subsampling.

For each scenario, we trained from HEVC recon-
structed output to learn the artifact and impact of
HEVC encoding.

5.4 Evaluation Metrics

Our evaluation protocol includes multiple dimen-
sions to thoroughly assess the performance of the pro-
posed super-resolution models and the compression
pipeline.

• Bitrate: We measured the bitrate of the HEVC
encoded output in kilobits per second (kbps)
to evaluate the effectiveness of bitrate reduction
techniques across different scenarios. The bitrate
was extracted from the HEVC bitstream meta-
data.
• PSNR and MS-SSIM: Peak Signal-to-Noise

Ratio (PSNR) and Multi-Scale Structural Sim-
ilarity Index Measure (MS-SSIM) were used
to quantify the reconstruction quality. The
PSNR provides a pixel-level assessment of fi-
delity, whereas MS-SSIM captures structural and
perceptual similarities.
• Model Efficiency Metrics: To assess com-

putational feasibility, especially for edge deploy-
ment,we compared the following performance in-
dicators between the full 3-channel YUV model
and the lightweight Y/uv model:

− Number of Parameters: Total trainable pa-
rameters in each model.

− FLOPs: Estimated floating-point operations
required per frame.
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− Processing Time: Average elapsed time per
frame (in milliseconds) measured during infer-
ence on a standardized test set using the same
hardware configuration.

These metrics help quantify the trade-off between re-
construction quality and computational cost, partic-
ularly in real-time or resource-constrained environ-
ments.

This comprehensive evaluation setup ensures a de-
tailed understanding of both compression efficiency
and quality preservation, particularly emphasizing
the impact on regions that are semantically signifi-
cant.

6. RESULTS AND DISCUSSION

We evaluated the quality and compression trade-
offs of the proposed models using the PSNR, PSNR
ROI, MS-SSIM and bitrate metrics under various
conditions.

6.1 Performance under fixed QP condition

Under a fixed QP setting of 22, comparisons across
distinct video sequences revealed the following trends:
• Baseline HEVC encoding (full resolution

without preprocessing or super-resolution) con-
sistently achieved the highest PSNR and MS-
SSIM across all video sequences. However, this
comes at the expense of substantially higher bi-
trates, often exceeding 10–20Ö the bitrate of the
subsampled pipelines (see figure 5 (c)).
• Super-resolution (SR) models applied af-

ter HEVC reconstruction substantially improve
quality over their non-SR counterparts. Both
the 3-channel YUV model and lightweight Y/uv
model boost the PSNR and MS-SSIM, depend-
ing on the sequence content as shown in table
1.
• The 3-channel model slightly outperformed

the lightweight variant in terms of the av-
erage PSNR and MS-SSIM. Nevertheless, the
lightweight Y/uv model remains highly compet-
itive, while offering clear advantages in terms
of speed and computational efficiency, making it
well-suited for edge deployment.

Fig.5: Bitrate Comparison with Full Resolution at
QP=22.

Fig.6: Bitrate Comparison with Full Resolution at
Bitrate=100Kbps.

6.2 Performance under fixed bitrate condition

When encoding with a fixed target bitrate of 100
kbps, the analysis across sequences reveals the follow-
ing key findings:

• The baseline configuration, HEVC applied di-
rectly to full-resolution videos, fails to meet the
target bitrate in most sequences. Bitrates fre-
quently overshoot the constraint by several hun-
dred percent (see figure 6), rendering this config-
uration impractical under strict bandwidth lim-
its.
• In contrast, the subsampled pipelines (4×

down-scale) consistently meet the 100 kbps tar-
get. These include sharp bicubic, blurred bicu-
bic, and non-ROI blur variants, all processed at
a reduced resolution before HEVC encoding.
• Super-resolution models (both 3-channel and

lightweight Y/uv) significantly improved the
quality of the HEVC-reconstructed sequences.
As shown in table 2, SR-enhanced outputs out-
perform their non-SR counterparts, delivering
higher PSNR and MS-SSIM while maintaining
compliance with the bitrate constraint.
• The 3-channel YUV model yields the best

overall reconstruction quality. However, the
lightweight Y/uv model achieves competi-
tive performance, particularly in sequences with
moderate complexity, while requiring fewer pa-
rameters and a lower computational cost.

Under the extremely constrained fixed-bitrate con-
dition (100 kbps), the 3CH SR model shows a slight
negative cumulative ∆PSNR in the sharp bicubic sce-
nario. At very low bitrates, the encoder’s bit allo-
cation may not sufficiently preserve high-frequency
information required for effective SR reconstruction.
As a result, even though the 3-channel SR model at-
tempts to recover details, the severely quantized in-
put limits its pixel-level reconstruction performance.

Nevertheless, the corresponding MS-SSIM in-
creases, suggesting that structural information is still
better preserved. The small magnitude of the nega-
tive ∆PSNR (-1.536) further indicates that the degra-
dation is minor and primarily affects pixel-wise fi-
delity rather than perceptual structure.
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Table 1: Average reconstruction quality under fixed-QP setting. Mean PSNR and MS-SSIM are averaged
over all sequences. Σ∆PSNR is computed relative to the corresponding w/o SR baseline within each scenario.

Σ∆PSNR
Mean PSNR (dB) (vs w/o SR) Mean MS-SSIM

Scenario w/o SR LW 3CH LW 3CH w/o SR LW 3CH
Sharp Bicubic 81.986 83.105 82.689 33.581 21.076 0.976 0.982 0.982
Blur Bicubic 79.730 80.520 81.165 23.676 43.022 0.931 0.950 0.961
Non-ROI Blur 78.054 78.263 79.601 6.290 46.415 0.894 0.918 0.926

Σ∆ROI PSNR
Mean ROI PSNR (dB) (vs w/o SR) Mean ROI MS-SSIM

Scenario w/o SR LW 3CH LW 3CH w/o SR LW 3CH
Sharp Bicubic 86.018 86.737 88.242 20.851 64.493 0.956 0.974 0.978
Blur Bicubic 84.157 83.278 86.223 -25.477 59.927 0.819 0.879 0.909
Non-ROI Blur 86.015 86.570 88.246 16.103 64.709 0.956 0.971 0.978

Table 2: Average reconstruction quality under fixed-bitrate setting (100 kbps). Mean PSNR and MS-SSIM
are averaged over all sequences. Σ∆PSNR is computed relative to the corresponding w/o SR baseline within
each scenario.

Σ∆PSNR
Mean PSNR (dB) (vs w/o SR) Mean MS-SSIM

Scenario w/o SR LW 3CH LW 3CH w/o SR LW 3CH
Sharp Bicubic 77.794 77.823 77.743 0.873 -1.536 0.890 0.889 0.893
Blur Bicubic 77.305 77.518 77.494 6.380 5.666 0.869 0.882 0.882
Non-ROI Blur 76.826 77.069 77.079 7.291 7.587 0.865 0.869 0.872

Σ∆ROI PSNR
Mean ROI PSNR (dB) (vs w/o SR) Mean ROI MS-SSIM

Scenario w/o SR LW 3CH LW 3CH w/o SR LW 3CH
Sharp Bicubic 79.825 80.053 80.426 6.610 17.435 0.729 0.740 0.745
Blur Bicubic 79.659 79.859 80.319 5.798 19.158 0.658 0.702 0.699
Non-ROI Blur 79.825 80.536 81.584 8.240 16.836 0.729 0.787 0.805

6.3 ROI-Specific Evaluation

Although global PSNR and MS-SSIM metrics pro-
vide a broad view of reconstruction quality, many
edge-centric and AI-driven applications, such as
surveillance or robotics, prioritize the fidelity of spe-
cific semantic regions, often referred to as regions
of interest (ROIs). We evaluated the ROI vs. full
frame reconstruction quality across two encoding con-
straints, fixed QP (QP=22) and fixed bitrate
(100 Kbps), using both the 3-channel YUV and
Lightweight Y/uv models. The results are shown
in the tables 1,2.

• Non-ROI Subsampling achieves the lowest
bitrate: From the last section, among the three
pre-processing strategies (sharp, blur, non-ROI
blur), the non-ROI subsampling consistently
yields the lowest overall bitrate, demonstrat-
ing its efficiency in suppressing irrelevant con-
tent.
• ROI Quality Is Prioritized and Preserved:

While the full-frame PSNR and MS-SSIM in
non-ROI setups are slightly lower, they re-
main competitive. Notably, the ROI re-
gions achieve higher PSNR and MS-SSIM
across nearly all conditions, especially under con-

strained bitrate, proving that this strategy ef-
fectively reallocates quality toward semantically
important areas.

A negative cumulative ∆ROI PSNR is observed
for the lightweight (LW) SR model in the blur bicu-
bic scenario under fixed-QP (QP=22). This can be
attributed to the compact network capacity of the
LW model. Since the input has already undergone
blur preprocessing, the LW architecture may not pos-
sess sufficient representational capacity to fully recon-
struct high-frequency details within the ROI region.

However, the corresponding MS-SSIM value in-
creases compared to the w/o SR baseline. This indi-
cates that although pixel-wise reconstruction fidelity
(PSNR) is reduced, the LW model is still able to pre-
serve structural consistency within the ROI. In other
words, structural similarity is maintained even when
absolute pixel accuracy slightly degrades.

Additionally, in the non-ROI blur scenario, the LW
model performs better in ROI recovery. This sug-
gests that the LW architecture is more suitable for
spatially selective degradation patterns rather than
globally blurred inputs.

This evaluation highlighted the practical benefits
of combining selective degradation with SR-based
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recovery. Specifically, when the bandwidth is lim-
ited, protecting the semantic quality of the ROI re-
gions enables more intelligent and efficient compres-
sion strategies suited for edge deployment.

It should be noted that the definition of regions of
interest (ROIs) is inherently task-dependent and may
influence both compression behavior and evaluation
outcomes. Although the ROI categories considered
in this study reflect common scenarios in surveillance
and autonomous systems, prioritizing specific seman-
tic regions can introduce bias by emphasizing certain
content while suppressing others. In addition, degra-
dation of non-ROI regions may lead to partial loss
of contextual information that could be relevant for
downstream tasks beyond those explicitly considered.
Moreover, the quality of perceptual reconstruction
within ROIs is used as a proxy for semantic preser-
vation; however, the relationship between perceptual
quality and the performance of downstream tasks is
task-dependent and not guaranteed.

The proposed framework itself is task-agnostic and
does not depend on a specific ROI generation mecha-
nism. Different ROI definitions or generation strate-
gies can be incorporated depending on application re-
quirements, allowing practitioners to balance seman-
tic focus and contextual preservation without modi-
fying the overall pipeline design.

6.4 3CH vs Lightweight Models Comparison

To evaluate the efficiency of our proposed models,
we compared the standard 3-channel YUV generator
(3CH) and the lightweight Y/uv generator (LW) in
terms of parameter count, model size, FLOPs, and
runtime performance across multiple video sequences.
The key differences are summarized in Table 3.

Table 3: Model Efficiency Comparison between 3CH
and Lightweight Y/uv.

Model Input Shape
Input Size Params FLOPs

(MB) (M) (G)
3CH SR YUV: 3×320×180 0.69 1.55 514.74

LW SR
Y: 1×320×180

0.35 1.02 88.06
UV: 2×160×90

To evaluate computational performance, we com-
pare the inference speed between the lightweight
Y/uv (LW) model and the 3-channel YUV (3CH)
model across different scenarios and target settings.
The percentage speed difference is computed per
video sequence, where negative values indicate
that the lightweight model is faster. In terms of
inference performance, Figure 9 illustrates the speed
difference (%) between the LW and 3CH models in
two representative scenarios: blur bicubic and non-
ROI blur. We omit the sharp bicubic case as it yields
similar results to the others.

For both QP=22 and bitrate=100 Kbps con-
figurations, the LW model consistently demonstrates
faster processing times across most video se-

quences, particularly in the non-ROI blur sce-
nario. In some cases, the speed improvement exceeds
20–40%, while only a few sequences show the 3CH
model slightly outperforming. This improvement is
attributed to the LW model’s reduced UV input res-
olution and more compact architecture.

In general, the lightweight Y/uv model
achieves substantial acceleration, offering an ef-
ficient solution for resource-constrained deployments,
while maintaining competitive reconstruction quality.
The practical deployment on edge devices imposes
constraints on latency, memory footprint, and power
consumption. Although this work does not provide
hardware-specific benchmarks, these constraints are
explicitly considered in model design. From a system
perspective, the reduced model size and FLOPs di-
rectly translate to lower inference latency and power
consumption on edge devices. This design allows
practitioners to trade the fidelity of the reconstruc-
tion for computational efficiency depending on the
application requirements. Hardware-specific opti-
mization and runtime profiling are left as future work.

Although the proposed framework is motivated
by task-driven applications, ROI-focused perceptual
quality remains a fundamental and widely adopted
evaluation criterion in video coding systems. Conse-
quently, this study evaluates the performance of re-
construction using PSNR and MS-SSIM to assess the
effectiveness of ROI preservation and overall visual
fidelity under constrained encoding settings. Explicit
downstream task-level evaluation, which depends on
specific application objectives and task models, is be-
yond the scope of this work and is identified as an
important direction for future research.

6.5 Visual Reconstruction Results

To qualitatively assess the fidelity of the recon-
structed video frames, we present representative vi-
sual comparisons from two different encoding config-
urations: fixed QP (QP=22) and fixed bitrate (100
Kbps). Each sample demonstrated a full process-
ing pipeline from preprocessing to HEVC compres-
sion and final super-resolution reconstruction using
both the 3-channel and lightweight Y/uv models.

Super-resolution models effectively restore lost
quality:

• Both 3-channel YUV and lightweight Y/uv mod-
els substantially boost the PSNR compared to
their non-SR counterparts.
• The 3-channel model yields the highest recon-

struction fidelity, whereas the lightweight model
achieved a competitive performance at a lower
computational cost.

Additionally, non-ROI blur preprocessing delivers
the lowest overall bitrate by sacrificing the quality
in the background regions. When paired with SR,
this configuration maintains strong ROI fidelity at a
minimal bitrate.
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Fig.7: Sample reconstructed frames for fixed QP=22 scenario. Each row shows preprocessing, HEVC recon,
and SR results under sharp, blur, and non-ROI blur subsampling.

7. CONCLUSION

This research proposes a YUV-based super-
resolution (SR) framework for bitrate-constrained
video compression, targeting both full-frame and
ROI fidelity. By integrating SR into the post-
HEVC pipeline, we show that aggressive downsam-
pling (sharp, blur, non-ROI blur) can be effectively
compensated with minimal quality loss.

Experiments under fixed QP and bitrate settings
demonstrate that both the 3-channel and lightweight
Y/uv models significantly improve PSNR and MS-
SSIM over HEVC-only baselines. The lightweight
model offers a strong balance of quality and efficiency,
making it suitable for edge deployment.

ROI-focused analysis confirms that selectively de-
grading non-ROI areas allows efficient bitrate use
while preserving task-relevant content. Visual results
further validate the structural and perceptual gains.
Overall, the framework provides a practical solution
for task-driven video enhancement under real-world
constraints. Future work may explore adaptive ROI
selection, temporal consistency, and chroma enhance-
ment.
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