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ABSTRACT

Compressed videos frequently present artifacts that compromise
visual quality. Deep learning models have demonstrated signif-
icant effectiveness in mitigating such distortions. In this study,
we introduce 3D-STDF, an architecture based on the well-known
Spatio-Temporal Deformable Fusion (STDF) and augmented with
3D convolutions to more effectively model temporal dependencies
across video frames. Furthermore, we refine the Quality Enhance-
ment (QE) module by integrating residual blocks, thereby enabling
the extraction and representation of more intricate spatial features.
Experimental results indicate that models based on the 3D-STDF ar-
chitecture achieved an overall average improvement of up to 0.607
dB in PSNR, clearly outperforming previous STDF-based solutions.
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1 INTRODUCTION

The transmission of high-resolution videos, such as 4K and 8K,
has expanded significantly in recent years, becoming one of the
main drivers of global internet traffic growth. According to the 2024
Global Internet Phenomena Report published by Sandvine, video
on demand remains the largest contributor to internet data traffic,
surpassing categories such as online gaming and cloud services.
The report indicates that in 2024, global traffic exceeded 33 exabytes
per day, with the average daily consumption per user reaching 4.2
GB. Video content accounted for approximately 54% of the total
downstream traffic volume, solidifying its position as the primary
driver of broadband usage worldwide [19].

To meet this demand, researchers and industry professionals
have developed compression techniques essential for video storage
and transmission over limited bandwidth. These techniques are
categorized into lossless, which enables exact reconstruction of
the original video, and lossy, which achieves higher compression
rates at the cost of some quality loss [20]. During compression,
lossy methods introduce visual artifacts such as blocking, ringing,
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(b) Compressed Frame
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Figure 1: Compression Artifacts: (a) Original Frame (RAW);
(b) Compressed Frame; (c) Blocking Artifact; (d) Ringing Ar-
tifact; (e) Blurring Artifact.

and blurring, which degrade the perceived quality [7]. Figure 1
illustrates such effects, with blocking in the blue area of the ball
(c), ringing with wave-like patterns along the orange rim (d), and
blurring with lost details like nails and floor separations (e). These
artifacts often overlap, making them hard to isolate individually.

Aiming at these issues, modern video coding standards like High
Efficiency Video Coding (HEVC), Versatile Video Coding (VVC),
and AOMedia Video 1 (AV1) employ standardized in-loop filter-
ing algorithms, including the Deblocking Filter (DF) [16] to reduce
blocking artifacts, the Adaptive Loop Filter (ALF) [22] to minimize
distortion between original and decoded samples, and the Sample
Adaptive Offset (SAO) [8] to mitigate banding artifacts, all applied
after frame reconstruction to enhance visual quality. However, com-
pression artifacts are still visible in compressed videos, especially
those encoded for transmission using low bitrates. These limita-
tions indicate that traditional in-loop filters are not sufficient to
fully restore perceptual quality, motivating the development of ad-
vanced post-processing techniques to further reduce artifacts and
enhance the visual experience.

Unlike traditional in-loop filters, Deep Neural Networks (DNNss),
especially those based on Convolutional Neural Networks (CNNs),
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can analyze surrounding pixels to extract contextual and struc-
tural patterns, thereby minimizing the introduction of new arti-
facts during enhancement. In the context of Video Quality En-
hancement (VQE), such models can be used either in-loop, where
enhanced frames influence the encoding of future frames, or as
post-processing modules, which refine the decoded frames inde-
pendently of the video codec [13].

This work introduces a novel post-processing VQE model named
3D-STDF, built upon the established Spatio-Temporal Deformable
Fusion (STDF) architecture [6]. The proposed model introduces tem-
poral fusion blocks that utilize 3D convolutions to capture temporal
features across frames during fusion. Additionally, the baseline QE
module is improved by replacing flat CNN layers with residual
blocks, enabling deeper feature extraction without losing critical
spatial information. Experiments show that the proposed model
achieves consistent objective improvements, with overall average
improvement of up to 0.607 dB in Peak Signal-to-Noise Ratio (PSNR),
surpassing both the original STDF and other related approaches.

2 RELATED WORK

Early VQE methods such as [3, 15] applied uniform linear heuristics
across all pixels, disregarding spatial variability and often degrad-
ing unaffected regions. These were replaced by nonlinear machine
learning models capable of analyzing local regions and applying
more effective corrections [18]. With the advancement of DNN,
more robust architectures emerged, capable of learning complex
patterns and significantly improving artifact reduction. A key mile-
stone was the introduction of the Artifact Reduction Convolutional
Neural Network (ARCNN) [7], which inspired further works such
as VRCNN [5], an in-loop filter for HEVC, and MDCNN [12], a
post-processing model applied at the decoder side.

Later studies began leveraging temporal redundancy through
multi-frame architectures [2, 6, 9, 27], which use sliding windows to
enhance the central frame by fusing information from adjacent ones.
This exploits the GOP structure in video codecs, using high-quality
frames to enhance low-quality ones [21]. Temporal alignment is
often achieved via optical flow estimation, preserving motion conti-
nuity across frames [21, 25]. Alternatively, deformable convolutions
[6, 23] offer a more adaptive solution, replacing fixed grids with
learnable offsets (Fig. 2) that adjust sampling positions based on
input features. Despite increased computational cost [4], they pro-
vide robustness to motion and spatial transformations, avoiding
the limitations and errors of optical flow [14].

However, some models show limited generalization across differ-
ent codecs. For instance, Multi-Codec STDF [11] found that the best
performance was achieved when videos were compressed using
the same codecs employed during training. To improve cross-codec
performance, Multi-Domain STDF (MD-STDF) [10] was introduced,
building on STDF [6] and training on videos encoded with various
video codecs. Expanding on this idea, the present work proposes
a novel VQE architecture that enhances frame alignment using
3D convolutions, which process spatial and temporal information
jointly, unlike 2D convolutions or optical flow methods that treat
frames separately. This approach improves motion modeling and
temporal coherence, resulting in more robust feature alignment
and fusion.
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Figure 2: Types of convolution: (a) Fixed 3x3 pixel grid used
in standard convolution, where the kernel samples values
from a regular and uniform grid across the input feature
map; (b) Grid with offset sampling points used in deformable
convolution, which adaptively adjusts the sampling locations
to better align with the geometric structure of the input.

Additionally, the proposed EnhancedQE module replaces stan-
dard flat CNNs with residual blocks, enabling the learning of deeper
and more complex representations while preserving spatial and
temporal details. The adoption of residual learning helps mitigate
the vanishing gradient problem in deeper networks, facilitates more
stable and efficient training, and allows the model to focus on learn-
ing meaningful residual mappings that refine the decoded frame
quality. Furthermore, 3D convolutions, which have proven effective
in tasks such as video super-resolution [28] and gesture recognition
[29], apply filters jointly across height, width, and time to capture
dynamic spatio-temporal patterns. This joint modeling strategy
enhances the network’s ability to mitigate compression artifacts
and ultimately improves the perceptual quality of the reconstructed
video.

3 PROPOSED 3D-STDF ARCHITECTURE

The proposed 3D-STDF architecture is based on the STDF archi-
tecture introduced by [6], which employs a multi-frame approach
to enhance a central frame. The architecture is divided into two
main modules: the first is responsible for frame alignment, fusion,
and shallow feature extraction, while the second is dedicated to
quality enhancement. The model receives as input the central frame
to be enhanced (f), concatenated with its neighboring frames (¢;
for future frames and ¢_; for past frames). The number of neigh-
boring frames concatenated with the central frame is determined
by the Radius parameter (R), which defines how many adjacent
frames will be considered. Thus, if R=1, the total number of frames
concatenated and input to the model is 3.

As illustrated in Fig. 3, the alignment and fusion module in the
3D-STDF architecture is designed for feature extraction, beginning
with a shallow U-Net-based network [17] that predicts the offset
field. This U-Net employs stride-1 convolutions to preserve spatial
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Figure 3: Structure of the proposed 3D-STDF architecture.

resolution, stride-2 convolutions for downsampling, and stride-2 de-
convolutions for upsampling. A novel addition to the architecture is
the temporal fusion block, which introduces 3D convolutions to ex-
plicitly model spatiotemporal dependencies. The input is reshaped
to include a temporal dimension and processed by two sequen-
tial 3D convolutional layers (3x3x3 kernels, ReLU activations) that
jointly capture spatial and temporal features more effectively than
2D convolutions. A subsequent Temporal Pooling layer computes
statistics over consecutive frames to reduce the temporal dimension
while retaining spatial structure and encoding dynamic patterns.

After temporal pooling, a 2D convolution refines the features
spatially. The outputs of the U-Net and temporal fusion block are
combined via element-wise summation to produce an offset field
mask, which, together with the input frames, is passed to a sin-
gle modulated deformable convolution layer. This layer adaptively
learns offsets and modulation weights, enabling flexible sampling
across varying object shapes, sizes, and positions. The resulting
fused feature map is processed by the EnhancedQE module, which
replaces the standard QE in the original STDF with a more expres-
sive architecture based on residual blocks—each comprising two
convolutional layers with ReLU activations and skip connections.
EnhancedQE outputs a residual, which is added to the central input
frame, enhancing each frame individually and generating a refined
video sequence. The network uses a temporal radius of 3 (i.e., 7
input frames: one central, three past, and three future), with each
convolutional layer in the U-Net and temporal fusion block using
38 filters, the modulated deformable convolution layer producing
64 output channels, and the EnhancedQE module composed of 8
residual blocks with 42 filters per layer.

4 EXPERIMENTAL RESULTS

This section presents both objective and perceptual evaluations of
the proposed VQE method, offering a comprehensive assessment
of its effectiveness. The model was trained on a system equipped
with an AMD Ryzen 7 5700X CPU, 32 GB RAM, and an Nvidia

GeForce RTX 3080 GPU with 12 GB of VRAM. Training was per-
formed using a single GPU with a batch size of 32 and 300.000
iterations, totaling 10 epochs. The MFQE dataset [26], which in-
cludes 126 uncompressed videos (108 for training and 18 for testing)
with resolutions from 352x240 to 1920x1080, was chosen due to
its wide variety of content—including sports, faces, animals, and
screen content—as well as diverse lighting conditions, camera an-
gles, and environments. We chose to use only the first 300 frames of
each video sequence that has more than 300 frames. Video compres-
sion was carried out using the HEVC reference software (HM 16.5)
with the low_delay_p configuration and a Quantization Parameter
(QP) of 37. The training utilized the Adam optimizer (learning rate
0.0001) and the Charbonnier loss function to minimize pixel-level
reconstruction errors.

This base configuration required approximately 45 hours of train-
ing. A second, more robust variant of the model, named 3D-STDF-L,
was also implemented, featuring 16 residual blocks. The training
time for this extended model was 58 hours.

4.1 Objective Quality Results

Table 1 shows VQE results for the proposed 3D-STDF model across
18 test video sequences, grouped by resolution classes according to
[1]: Class A (2560x1600), B (1920x1080), C (832x480), D (416x240),
and E (1280x720). The objective VQE outcomes are expressed as
differences (A) between the decoded video quality and the quality
after processing by the 3D-STDF model. Quality metrics used are
Peak Signal to Noise Ratio (PSNR) and Structural Similarity Index
Measure (SSIM) [24], where PSNR quantifies objective error and
SSIM evaluates structural similarity, with values ranging from 0 to
1. Positive A values indicate quality improvement, while negative
values denote degradation.

Tests were performed on videos compressed at various quality
levels controlled by the QP, a key parameter in standards like HEVC.
QP regulates the quantization of transform coefficients, with lower
values yielding higher quality and larger file sizes, and higher values
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Table 1: Results of the 3D-STDF model for compressed videos with different QP settings

APSNR(dB) and ASSIM(dB)
Configuration|Video Class Video STDF-R3 | MD-STDF | 3D-STDF |3D-STDF-L
PSNR|SSIM|PSNR |SSIM [PSNR|SSIM|PSNR |SSIM
Class A Traffic 0.667 10.012| 0.663 |0.011| 0.722 |0.013| 0.729 | 0.013
PeopleOnStreet | 1.108 [0.019 1.126 [0.020 | 1.191 [0.021 1.242 |0.021
Kimono 0.8010.016| 0.828 |0.016 | 0.883 |0.017 | 0.906 |0.017
ParkScene 0.538 {0.014| 0.554 [0.013| 0.593 |0.014| 0.599 [0.015
Class B Cactus 0.679 {0.013| 0.696 [0.013| 0.754 |0.014| 0.781 | 0.014
BQTerrace 0.558 10.010 | 0.541 | 0.009 | 0.584 |0.010 | 0.624 {0.011
BasketballDrive | 0.673 |0.012| 0.689 [0.012| 0.727 [0.012{ 0.770 | 0.013
RaceHorses 0.706 |10.013 | 0.694 | 0.018 | 0.781 | 0.020 | 0.808 |{0.021
Class C BQMall 0.831{0.017| 0.843 {0.017| 0.893 [0.018 | 0.920 | 0.019
QP 37 PartyScene 0.617 {0.020| 0.637 [0.019| 0.686 |0.022 | 0.679 | 0.021
BasketballDrill | 0.720 {0.014 | 0.721 |0.014| 0.793 |0.015| 0.843 [0.016
RaceHorses 0.4830.013| 0.454 |0.011| 0.554 | 0.014| 0.556 |0.015
Class D BQSquare 0.89910.014| 1.023 | 0.015| 0.979 | 0.016 | 1.088 | 0.016
BlowingBubbles| 0.620 |0.020 | 0.632 [0.019| 0.682 [0.021 0.692 |0.022
BasketballPass | 0.947 {0.019| 0.968 |0.019 | 1.038 |0.020 | 1.081 |0.021
FourPeople 0.940 {0.011| 0.907 {0.011| 1.002 |0.012| 1.022 | 0.012
Class E Johnny 0.832 {0.007 [ 0.797 |0.007 | 0.875 | 0.008 | 0.941 | 0.009
KristenAndSara | 0.984 | 0.009 | 0.970 {0.009 | 1.054 |0.010| 1.067 |0.010
Average 0.756 |10.014| 0.764 | 0.014 | 0.827 | 0.015| 0.853 | 0.016
QP 32 Average 0.525{0.007| 0.399 {0.004| 0.477 |0.006 | 0.446 | 0.007
QP 42 Average 0.59510.017| 0.662 |0.019| 0.679 |0.019| 0.710 | 0.020
QP 47 Average 0.351 {0.015| 0.416 |0.018| 0.406 |0.017| 0.420 {0.017
Total Average 0.556 (0.013| 0.560 (0.013| 0.597 [0.014| 0.607 [0.015

producing stronger compression at the cost of quality. For bench-
marking, besides the proposed 3D-STDF and 3D-STDF-L models,
the STDF-R3 model from [6] and the MD-STDF model were also
evaluated.

The proposed 3D-STDF and 3D-STDF-L models consistently out-
perform both the STDF-R3 and MD-STDF models across different
compression levels, achieving the highest average improvements
in APSNR and ASSIM. At the training compression level (QP 37),
3D-STDF reached 0.827 APSNR and 0.015 ASSIM, while 3D-STDF-L
slightly improved these results to 0.853 APSNR and 0.016 ASSIM.
For higher QP values (42 and 47), both models maintained superior
performance, with 3D-STDF-L achieving up to 0.710 APSNR and
0.020 ASSIM at QP 42, and 0.420 APSNR and 0.017 ASSIM at QP 47.
The overall average results confirm that 3D-STDF and 3D-STDF-L
surpass the STDF-R3 model, attaining up to 0.607 APSNR and 0.015
ASSIM compared to STDF-R3’s 0.556 APSNR and 0.013 ASSIM.

4.2 Visual Perception Analysis

Figure 4 presents a comparative visual analysis of patches extracted
from two test sequences, BasketballPass and FourPeople, to provide
qualitative insights into the performance of models trained using
the 3D-STDF architecture. The rows display patches from the cited
sequences: first in RAW format, then compressed using HEVC (QP
37), and subsequently enhanced by the STDF-R3, MD-STDF, 3D-
STDF, and 3D-STDF-L models.

The STDF-R3 model appears to introduce noticeable smoothing,
which may lead to some loss of fine details—such as the court lines
near a player’s knee in the second column and the clothing folds in
the first column. In contrast, the 3D-STDF and 3D-STDF-L models
seem to retain finer structural information, with the latter, shown
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in the third column, suggesting a sharper restoration. Blocking arti-
facts visible in the STDF output appear less prominent in MD-STDF
and are further reduced in the 3D-STDF variants. Additionally, edge
definition and curvature, particularly in text regions, seem better
preserved in the 3D-STDF and 3D-STDF-L results. Overall, these
visual tendencies suggest that the 3D-STDF and 3D-STDF-L models
may better preserve perceptual details compared to STDF-R3 and
MD-STDF, potentially benefiting from a more effective exploitation
of temporal information from higher-quality neighboring frames.

5 CONCLUSION

This paper introduced 3D-STDF, a novel video quality enhancement
model based on the STDF architecture, which incorporates 3D con-
volutions to more effectively capture temporal features across video
frames and replaces the standard convolutional structure with a
residual block-based enhancement network. Experimental results
showed that both 3D-STDF and its variant 3D-STDF-L significantly
improved the visual quality of compressed videos, surpassing previ-
ous methods in most evaluations by achieving up to 0.607 dB gain
in APSNR and 0.015 in ASSIM at QP 37, while maintaining strong
performance at higher compression levels (QP 42 and 47) with ef-
fective detail preservation. As this research is ongoing, future work
will involve further analysis using perceptual metrics like VMAF
and LPIPS for a more comprehensive assessment of visual quality,
computational cost evaluations, and ablation studies to explore the
solution’s feasibility and adaptability. Additional refinements will
target the number and structure of residual blocks, network depth
and width, and temporal fusion strategy.
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Figure 4: Comparison of results through visual quality per-
ception of images.
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