Baghdad Science Journal

Volume 23 | Issue 5 Article 10

5-20-2026

QoE Enhancement for Video Streaming Based on Attention U-Net
Model

Iman Kadhum Abbood
Department of Software, College of Information Technology, University of Babylon, Babylon, Iraq,
iman.abbood@uobabylon.edu.iq

Doaa Ayed Mohammed
Department of Software, College of Information Technology, University of Babylon, Babylon, Iraq,
Doaa.aied@uobabylon.edu.iq

Israa Hadi Ali
Department of Software, College of Information Technology, University of Babylon, Babylon, Iraq,
israa_hadi@itnet.uobabylon.edu.iq

Sarah Abdul-Ridha Abed
Department of Software, College of Information Technology, University of Babylon, Babylon, Iraq,
sarahaba@uobabylon.edu.iq

Follow this and additional works at: https://bsj.uobaghdad.edu.iqg/home

How to Cite this Article

Abbood, Iman Kadhum; Mohammed, Doaa Ayed; Ali, Israa Hadi; and Abed, Sarah Abdul-Ridha (2026) "QoE
Enhancement for Video Streaming Based on Attention U-Net Model," Baghdad Science Journal: Vol. 23:
Iss. 5, Article 10.

DOI: https://doi.org/10.21123/2411-7986.5294

This Article is brought to you for free and open access by Baghdad Science Journal. It has been accepted for
inclusion in Baghdad Science Journal by an authorized editor of Baghdad Science Journal. For more information,
please contact mina.t@csw.uobaghdad.edu.iq.


https://bsj.uobaghdad.edu.iq/home
https://bsj.uobaghdad.edu.iq/home/vol23
https://bsj.uobaghdad.edu.iq/home/vol23/iss5
https://bsj.uobaghdad.edu.iq/home/vol23/iss5/10
https://bsj.uobaghdad.edu.iq/home?utm_source=bsj.uobaghdad.edu.iq%2Fhome%2Fvol23%2Fiss5%2F10&utm_medium=PDF&utm_campaign=PDFCoverPages
https://doi.org/10.21123/2411-7986.5294
mailto:mina.t@csw.uobaghdad.edu.iq

BAGHDAD SCIENCE JOURNAL 2026;23(5):1659-1674 Scan the QR to view

the full-text article on
the journal website I_

RESEARCH ARTICLE

QoE Enhancement for Video Streaming
Based on Attention U-Net Model

Iman Kadhum Abbood® * Doaa Ayed Mohammed®, Israa Hadi Ali®,
Sarah Abdul-Ridha Abed

Department of Software, College of Information Technology, University of Babylon, Babylon, Iraq

ABSTRACT

Video streaming services, including YouTube, Netflix, and Amazon, account for a large portion of global internet
traffic. Therefore, the maintenance of high visual quality is very important to user satisfaction and overall Quality
of Experience (QoE) for these users. However, fluctuating bandwidth often causes frame drops and motion disconti-
nuities, resulting in visual artifacts and degraded QoE. Although existing video frame interpolation methods attempt
to address these challenges, most remain limited in their ability to sustain performance under bandwidth-constrained
environments. To overcome these limitations, IncepU-Net has been introduced. IncepU-Net is proposed as an enhanced
U-Net architecture that integrates multi-scale inception modules and attention-gated skip connections for intelligent
video frame interpolation in bandwidth-limited settings. IncepU-Net was trained and evaluated on the Vimeo90K and
UCF101 datasets. The model at the testing stage achieved 35.19 dB PSNR and 0.958 SSIM using Vimeo90K, and 30.08
dB PSNR and 0.933 SSIM on UCF101. IncepU-Net surpasses several state-of-the-art interpolation methods. These results
demonstrate that IncepU-Net effectively interpolates missing frames, mitigates playback stutter, and maintains motion
continuity, thereby establishing it as a robust and practical solution for improving QoE in real-world video streaming
applications, bridging the gap between restricted network delivery and perceptually meaningful frame synthesis.

Keywords: Attention mechanisms, Frame interpolation, Inception modules, QoE, QoS, U-Net architecture

Introduction

Online video streaming has been completely trans-
formed by the rapid development of Internet speeds,
which have made multimedia content accessible on a
variety of devices. As such, with features and resolu-
tions that can be adjusted to suit personal preferences,
users may now stream video content anywhere they
go. In addition, maintaining a high standard of user
experience is essential to the effective adoption and
long-term expansion of digital streaming services.'
Moreover, live video streaming, responsible for 82%
of internet traffic, is based upon three main compo-
nents: a client for upload, a server for the media, and
a receiver with the aid of adaptive bitrate algorithms.

However, a key issue is the limited uplink bandwidth,
which forces the upload client to degrade video qual-
ity during encoding, thereby negatively impacting
QoE despite innovations in streaming technology.?
Furthermore, network disruption issues such as
delays, packet loss, and jitter can further degrade
audiovisual quality, impacting the overall user ex-
perience,! and adaptive mechanisms like frame rate
reduction, originally designed for energy savings in
wireless networks, can introduce motion artifacts and
temporal inconsistency.® High frame rates are essen-
tial for maintaining fluid motion, and the human
visual system (HVS) is particularly sensitive to frame
rate variation.® Service providers must guarantee
users access to steady, reliable performance every
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time. Then, multiple video measurement technologies
have been created to develop both the quality evalu-
ation and user experience enhancement procedures.
Since video quality fundamentally depends on how
the HVS interacts with the content presented to users,
visual perception shapes the overall watching expe-
rience.! It is highly sensitive to motion smoothness
and temporal coherence; it is crucial in determining
the way quality of experience is evaluated. Subjec-
tive assessments are still required to evaluate user
satisfaction. Therefore, QoE becomes a critical met-
ric that measures both technical aspects of a service
and user-perceived levels of satisfaction. Over recent
years, the importance of QoE for users to assess their
level of satisfaction with a presented item of content
has increased. QoE represents both technical mea-
surements of quality and user feedback on how well
they perceive an item of content, generally rated
from “poor” to “excellent”. Further, the distinction
between Quality of Service (QoS), and QoE should be
made. Specifically, QoS involves the network perfor-
mance attributes and operational features of IP-based
networks and services. On the other hand, QoE re-
lates to the subjective evaluation of an end-user’s
total experience and level of satisfaction when using a
particular application, system or service.®> However,
traditional empirical studies evaluating the percep-
tual effects of adaptive streaming have consistently
isolated the perceived effects of changes in video
quality due to dynamic quality transitions through
varying temporal fluctuations in bitrate allocations
while maintaining a consistent average bitrate for all
experimental conditions.

Problem statement

Although adaptive bitrate (ABR) streaming proto-
cols like Dynamic adaptive streaming schemes over
HTTP (DASH) are ubiquitous, perceptual video qual-
ity in bandwidth-constrained scenarios is still a major
issue. In order to provide continuous video streaming,
many video streaming platforms use extreme com-
pression, lower the display resolution, or drop frames.
These methods maintain continuity; however, most
commonly they produce temporal distortions, motion
disruption, and/or visual inconsistencies that degrade
the user’s QoE. It has been shown by Zinner et al.,°
that users are more sensitive to the reduction of the
frame rate rather than an equivalent loss of the dis-
play resolution. This demonstrates how important it
can be for adaptive strategies to have a perceptual
focus. Saha et al.” further emphasized the complex,
content-dependent interactions among low-level QoE
metrics, such as buffering events, startup delay, bi-
trate, and switching frequency, which complicate
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efforts to model and optimize user experience. There-
fore, this research aims to develop a new method to
utilize frame interpolation at the client side utiliz-
ing the user device. More specifically, this research
introduces a deep learning-based architecture called
IncepU-Net. IncepU-Net is a novel neural network
structure that utilizes multiple scale inception mod-
ules and attention-gated skip connections inside a
standard U-net structure. The primary function of
IncepU-Net will be to accurately fill in missing frames
while utilizing both spatial and temporal information
to restore a continuous viewing experience and there-
fore improve the QoS in a bandwidth-constrained
network. By enabling real-time frame synthesis at the
client level, IncepU-Net offers a scalable and percep-
tually robust solution for modern video streaming
applications.

The main contributions of this work are as follows:

1 Attention Enhanced U-Net Architecture: Lever-
aged attention mechanisms within a U-Net back-
bone to enhance motion-aware feature refinement
for video frame interpolation.

2 Inception-Enhanced U-Net Architecture: The
incorporation of inception modules into the U-Net
improves multi-scale feature extraction, improv-
ing the capability of the model to capture fine
details.

3 Charbonnier-SSIM Loss: Unified Charbonnier-
SSIM Loss for joint perceptual and pixel-wise
optimization.

Related works

There are many researchers related to the field of
QoE and frame prediction, some of whom will be
explained.

Frame and packet loss in video delivery

Multimedia delivery over IP networks faces signif-
icant challenges due to network bottlenecks, such
as server-side congestion, Internet service provider
interconnections, and last-mile connections, which
cause delays and packet losses, thereby negatively
impacting QoE. While Dynamic adaptive stream-
ing, such as DASH,® mitigates some of these issues
through adaptive bitrate selection and segment-based
delivery, its reliance on the Transmission Control
Protocol (TCP) introduces additional complexity due
to TCP’s unpredictable behavior.” The DASH video
player dynamically adjusts its streaming parame-
ters, such as video bitrate, spatial resolution, and
frame rate, by selecting the most suitable encoded
stream from the available options. This adaptive
selection process is governed by multiple dynamic
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parameters, including current playback speed, buffer
occupancy levels, and real-time network throughput
measurements.® The diversity of devices (smart-
phones, tablets, smart TVs) and connection types
(cable, Wi-Fi, cellular) further complicates QoE op-
timization. Optimizing QoE remains a complex task
due to the inherently interdependent and often non-
linear nature of its underlying metrics. Scholarly
work, such as the comprehensive survey conducted
by Kua et al.,” demonstrates an increasing inter-
est in the measurement of QoE during dynamically
changing streaming conditions. As the industry tran-
sitions from Unicast Datagram Protocol (UDP)-based
transport to Internet Protocol (TCP)-based transport
via Dynamic Adaptive Streaming over HTTP (DASH),
DASH is becoming the standard for delivering video
content over the Internet. By utilizing adaptive bi-
trate technology at the client level, DASH allows
for near-real-time changes to video quality, which
will improve continuity of play and overall QoE. Un-
like continuous streaming, DASH transmits video in
multi-second chunks, allowing efficient adaptation to
network conditions and device capabilities. The client
controls the process through real-time bandwidth
assessment by choosing appropriate bitrates, which
control the server transmission rate. The approach
enables DASH to become a highly adaptable sys-
tem that delivers exceptional streaming quality across
various network conditions.® Authors in,!? present
“Sammy”, a video streaming architecture that jointly
integrates adaptive bitrate selection with application-
informed pacing to reduce network traffic burstiness
while maintaining high QoE. The implementation
smooths data flow and minimizes network conflicts
to help maintain or enhance QoE. Evaluation on
a large-scale streaming platform demonstrated en-
hanced traffic stability and more efficient network
resource utilization compared to traditional ABR al-
gorithms. Sammy’s design includes a dynamic pacing
strategy that adapts pacing rates based on playback
buffer occupancy, accelerating downloads when the
buffer is low and slowing down when the buffer is
sufficiently filled. ' Two Machine Learning Methods
are being used to improve video quality adaptation
- specifically using Convolutional Neural Network
(CNN) and Long Short-Term Memory (LSTM) based
Recurrent Neural Networks (RNN), which allow the
extraction of features in video streaming that can
then be predicted with an optimum bitrate per frame.
This allows users to have both a personalized and
most efficient way to watch their desired videos. The
use of CNN and LSTM together is highly beneficial
for all real-time applications like dynamic adaptive
streaming over HTTP, and is able to provide the
ability for users to adapt the video quality of their
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preferred content through video content analysis, and
by creating a model of how both the user and the net-
work behave over time.!! Eswara et al. introduce an
advanced LSTM-based model, termed LSTM-QoE, for
continuous prediction of video quality. In LSTM-QoE
model, there are several cascading layers of LSTMs.
These layers allow for the capture of both nonlinear
behavior and complex temporal relationships inher-
ent within QoE. They show how effective their model
is with respect to predicting QoE dynamics via several
analyses using data from a publicly available contin-
uous QoE database. 2

Existing approaches in adaptive streaming have fo-
cused on reducing bursty traffic patterns produced
by DASH’s on-off chunk delivery. While these so-
lutions do provide rate smoothness and congestion
avoidance, they have not addressed the issue of miss-
ing frames caused by network issues. Our work will
address this gap by developing a frame prediction
solution to allow for content recovery during off pe-
riods, which will improve continuity of playback and
user experience.

Video frame reconstruction through interpolation

Video frame interpolation is a major technique in
computer vision that enables the generation of inter-
mediate frames between the already existing video
frames. This ability is particularly important in areas
like autonomous driving and robotics, where sys-
tems must be able to predict and determine future
states of dynamic environments. Interpolation-based
frame reconstruction improves the temporal resolu-
tion and leads to a stronger understanding of the
scene, which is critical in decision-making in real-
time, safety-critical systems. Prior to the advent
of Deep Learning, Convolutional Long Short-Term
Memory Models (ConvL.STM) models, !*> have greatly
advanced video frame interpolation, improving both
accuracy and temporal consistency. Based on what
was observed in the previous frames, these models
can be useful in making predictions regarding the
appearance of future frames. Aravinda et al.'* pro-
posed an application of a hybrid architecture based
on ConvLSTM and 3D CNN models for video frames
prediction. They have chosen to use ConvLSTM to
identify the temporal relations between successive
frames and 3D CNN to extract the spatial characteris-
tics. Their objective was to increase the precision of
predictions with respect to existing techniques. They
demonstrated the superiority of the hybrid model
against the individual models ConvLSTM and 3D CNN
by obtaining better Mean Squared Error values and
higher R? values on the same benchmarks. Jatana et
al.,'® investigate frameworks for future frame predic-
tion based on Generative Adversarial Networks, along
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with combinations of CNNs, LSTMs and ConvLSTMs.
A total of two models were developed. The first model
was successful in predicting the 20th frame given
the 19 previous frames. After performing the process
three times, however, it lost accuracy because of lim-
itations in the convolutional 3-dimensional block of
the Conv3D module and also due to an increase in
noise. The second model had success in predicting
the 10th frame given nine input frames, capturing
motion probabilistically but faltering under occlu-
sions and fading by the tenth iteration. Both models
struggled to be accurate with longer sequences, with
noise sensitivity, temporal insensitivity, and resource
constraints being the main problems limiting train-
ing depth. The results indicate that the architectural
methods that are noise-resilient and time-sensitive,
as well as increased computational capabilities, are
fundamental to strong long-term predictions. Recent
developments in streaming QoE prediction have pro-
gressively depended on machine learning methods to
model temporal dynamics effectively. '® Specifically,
the M-3R framework uses an LSTM network-based
memory-based model that captures the evolution
of streaming QoE on a frame-by-frame basis. By
integrating a combination of full-reference, reduced-
reference, and no-reference video quality assessment
metrics as input features, M-3R adeptly accounts for
the combined effects of rate adaptation and rebuffer-
ing events. The results show that M-3R achieves
greater accuracy and temporal consistency than tra-
ditional models and provides a more accurate and
consistent prediction of QoE over time. Azadegan
and Beheshti Shirazi'” present an additive 3D CNN
for improving video quality. It works fully in the
decoder, allowing compatibility with conventional
codecs including H.264, HEVC, and VVC. The model
takes five consecutive frames of a compressed video
as input and predicts the compression error, defined
as the difference between the original uncompressed
frame and the compressed frame. Adding this pre-
dicted distortion back into the compressed versions
produces better quality outputs. This method is
reference-free since no information about the original
video is required, and it could easily be incorpo-
rated into current video decoding systems. Adaptive
Collaboration of Flows (AdaCoF),'® is a generalized
warping module for video frame interpolation that
jointly estimates kernel weights and offset vectors
per pixel, enabling it to model complex motions
effectively.

The method in'° employs a U-Net architecture
enhanced with residual blocks and a feature pyra-
mid network (FPN) to improve motion representation
and detail preservation. Shortcut connections are
incorporated within the encoder to address the
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typical information loss caused by the U-Net’s down-
sampling and up-sampling operations. Meanwhile,
the FPN in the decoder enables the model to capture
features at multiple scales, strengthening the net-
work’s ability to model spatial-temporal relationships
across frames. While?° outlines scientific advances
in the field of predicting future frames and suggests
a generative adversarial network that uses the lat-
est techniques in deep learning research. The model
combines a U-Net-based autoencoder as the generator
and a CNN as the discriminator. By training these
components alternately, the system learns to gener-
ate realistic future frames, outperforming standard
autoencoders in both accuracy and image clarity. An
improved deformable separable convolution network
has been proposed for video frame prediction in,?!
which enhances kernel-based methods by learning
adaptive kernels, masks, offsets, and biases to capture
non-local spatial information efficiently. Uniquely, it
supports generating multiple intermediate frames be-
tween two inputs by incorporating a temporal control
variable using an extended coord-conv technique. Fu-
ture frame prediction using an adaptive flow network
method known as Task-Oriented Flow (TOFlow)22
integrates motion estimation and image processing
within a unified end-to-end framework. By jointly
training the flow estimation module alongside the
video processing pipeline, TOFlow learns motion rep-
resentations that are optimized for each specific task.
This task-driven approach yields superior results com-
pared to conventional methods that rely on generic
optical flow.

Prior research in video streaming has pre-
dominantly advanced along two directions:
network-level strategies aimed at smoothing

throughput and enhancing adaptive bitrate (e.g.,
SAMMY '°), and frame prediction techniques based
on computationally intensive spatio-temporal models
such as ConvLSTM, 3D CNNs,'* or flow approaches
(AdaCoF'®). While the former improves network
adaptability and stability, and the latter enhances
frame fidelity, neither effectively addresses the
joint challenge of real-time, bandwidth-constrained
video streaming. High-quality interpolation methods
are often computationally expensive and prone
to artifacts such as blurring or occlusion, whereas
ABR-centric approaches fail to improve visual quality
when the bitrate is reduced. Previous interpolation
systems used optical flow to create in-between frames
by deforming adjacent inputs. Although effective to
some degree, they were limited by motion artifacts
and poor robustness in fast-moving or occluded
regions. While these models have demonstrated
improved performance compared to earlier
kernel-based and optical-flow-based approaches, the
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Fig. 1. The classic U-Net architecture.

results of current models may suffer when attempting
to recreate detailed textures within an image.
More recently, deep learning-based approaches,
particularly CNN- and U-Net-derived architectures,
have demonstrated superior performance by learning
spatiotemporal features directly from data. Despite
these advances, current models still face challenges
in reconstructing fine-grained textures and ensuring
robustness under bandwidth constraints. To mitigate
these issues, we propose IncepU-Net, an enhanced
U-Net variant that incorporates multi-scale inception
modules, residual blocks, and attention-guided skip
connections, trained with a joint Charbonnier + SSIM
loss. In addition, it is well-suited for integration into
bandwidth-constrained video streaming pipelines,
thereby bridging the gap between network efficiency
and perceptually meaningful frame synthesis.

Materials and methods

Video streaming services dominate the Internet,
generating significant revenue while competing to de-
liver high-quality content and superior QoE. Nonethe-
less, unstable network conditions tend to lead to
frame loss and degradation, which adversely affect
video playback. To overcome this, this work presents
a neural network architecture that is based on the
U-Net framework, which makes use of multi-scale
feature extraction using inception blocks and atten-
tion gating to increase the relevance of features. This
approach reconstructs missing frames with high pre-
cision, restoring temporal continuity and improving
perceptual video quality.

Temporal frame interpolation generates temporary
frames between successive frames in an attempt to
increase video frame rates. Given two frames, I;
and I3, the goal is to estimate the missing frame Iy,
effectively improving the frame rate and ensuring
smoother playback. High-temporal resolution scenar-
ios, such as slow-motion video and live streaming, can

benefit from this method. In these cases, the model
receives two sequential frames of data, which are
then merged into a six-channel temporal sequence by
first normalizing and augmenting the data to match
the Vimeo90K dataset. The model’s architecture is
designed to process both encoding and decoding si-
multaneously. The model’s architectural design is
based on both an encoder and a decoder at the same
time. This uses inception-based feature extraction and
bottleneck stages with gated attention. Afterwards,
it goes to a decoding stage with up-sampling of the
decoder features along with skip connections. Finally,
there is a convolutional layer for generating the final
output frame. The Adamax optimizer was used during
training and had a learning rate of 0.001. Two types
of loss functions were used for training - one type be-
ing Charbonnier and another being SSIM. Both types
were combined to generate high-quality, robust video
frames.

U-Net

U-Net, developed by Ronneberger et al.,?® is among
the first and most popular architectures to be used in
Medical Image Segmentation. There are two primary
components in the U-Net Architecture: the encoder,
down-sampling of extracted features and a decoder
that reconstructs them to a predetermined resolu-
tion,?* as shown in Fig. 1.2 A distinctive feature
of U-Net is its integration of encoder-decoder layers
with matching spatial dimensions via skip connec-
tions. The encoder is aimed at capturing shallow-level
features, which still have detailed texture and contex-
tual features, and the decoder processes more abstract
features, though with lower spatial resolution.?
These deep features are highly compressed, but they
are useful in identifying the target accurately. U-Net
improves its capability to generate high-quality and
precise results by strategically combining the multi-
scale characteristics of both components. ?3
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Attention block

Attention is an enhancement to deep learning mod-
els that helps direct focus to relevant information
while eliminating the distraction of less important
information. In computer vision, researchers have
effectively applied attention to convolutional neu-
ral networks in order to act as a filter for selecting
specific image features when performing multiple
modalities, such as image captioning. Ultimately,
this enhances the efficiency with which computing
power is utilized, whether it be through processing
sequential data or identifying spatial patterns.?® The
attention gates (AGs) merge input features (x!) and
a coarser gating signal (g) via bilinear up-sampling,
additive fusion, and sigmoid-activated convolution
to generate spatial attention coefficients («), which
scale x! to emphasize key regions as shown in Fig. 2.%’
AGs improve medical image segmentation by fil-
tering noise in skip connections without requiring
additional localization models.?” The elements inte-
grate with U-Net to refine feature maps just before
concatenation, thus directing the network to focus
on important regions throughout both forward and
backward passes. Through this implementation, U-
Net achieves precision improvements and maintains
computing performance levels.

Inception block

The LeNet, AlexNet, and VGG architectures utilize
different convolution sizes (e.g., 5 x 5, 3 x 3, 1 x
1), and researchers are trying to figure out which
is best for a variety of data sets. On one hand,
larger convolutions have the potential to have more
representation; however, this comes with a higher
number of parameters and greater computation.
Smaller convolutions have faster execution times and
require less memory, but may also result in decreased
performance. The Google LeNet paper solves the
trade-off problem by allowing users to combine
different convolution sizes across multiple layers of
blocks. This method achieves an optimal balance
between fitness/accuracy, size/desirability, and
time-to-completion by utilizing the Inception-style
“going deeper” principle as demonstrated in
inception.?® The Inception block performs a
combination of convolution and pooling operations
internally to efficiently extract relevant features from
images, as shown in Fig. 3.%® The block sequentially
applies 1 x 1, 3 x 3, and 5 x 5 convolutions,
followed by 3 x 3 max pooling and a final 1 x 1
convolution. The final step involves a standalone 1 x
1 convolution. The approach strives to obtain features
from different size ranges. The neural network



BAGHDAD SCIENCE JOURNAL 2026;23(5):1659-1674

1665

€2 trkonc k- Irncrprt v~ Hmmindusal
ComeBx 3 (5=2)-BN-Fel U, Residual Add

UpSamplex2 |

Cosmed 3 BN-Fel U
oncat{AG{cy, wy) '

1
}

Convlx3-BN-Fsi U

0

<3 block: Inception - Residual
Come3x 3 (w=2}-BN-Rel L), Hesidusl Add |
1233w 128

|

B0 Block |nception Residual
Comednd (52} BN-Rel U; Heshdual Add

AC o )+ nception—Hesidual
I
UpSample=2 | Conedx3-BN-Fel U
w{ AG - " | Concat{AG(cs, b)) # Inception-Fesidual
X2 138

=

1 16w 2585

miels Mewrmmalisabion, Mol rsbbaal sl

N
Petgrats seme BUCLED Trmiven (3 alummoned )

Fig. 4. Proposed network architecture.

ensures dimensional consistency through padding
applications, where one-pixel padding is used for 3
x 3 convolution operations and two-pixel padding
for 5 x 5 convolution operations. Within the block,
concatenating the sequential operations preserves
performance while maintaining functional diversity.
The inception architecture leverages modular blocks
that integrate parallel convolutional and pooling
operations to optimize feature extraction and compu-
tational efficiency. >®>?° The Inception network model
has undergone successive improvements that have
led to better performance than the VGG and AlexNet
models while maintaining improved classification
accuracy.

Proposed network architecture

The network synthesizes an intermediate frame
from two temporally adjacent RGB inputs, making it
particularly suitable for bandwidth-constrained video
streaming scenarios. By integrating multi-scale fea-
ture extraction, attention-guided skip connections,
and residual inception blocks, the proposed ar-
chitecture improves perceptual quality and motion
adaptively. The overall structure follows a classical
encoder-bridge-decoder paradigm, as illustrated in
Fig. 4.

Encoder

The encoder is made out of a sequence of custom
inception blocks that are augmented with residual
connections. Every block serves as a main processing
unit and is intended to facilitate multi-scale fea-
ture extraction by a combination of convolutional
layers with different kernel sizes and strides. This
architectural decision allows the network to absorb

fine-grained and coarse patterns of space. In order to
support gradient propagation and address the prob-
lem of vanishing gradients, every block has a residual
connection, which is based on the ideas of Residual
Networks (ResNets).3? Inside each block, there are
several sequential convolutional layers to increase
the representational capacity with more complex and
deeper feature interactions. Inception block structure
is as follows and shown in Fig. 5:

1. The block starts with a traditional convolutional
layer that has a 3 x 3 kernel size, a number of
filters (which can be configured to 16), and then
gradually gets larger as we descend in the net-
work, followed by batch normalization and ReLU
activation.

2. The next part of the model includes a configurable
number (sequential) of convolutional layers. Each
one is defined based on a user-definable filter size
(i.e.1 x 1, 3 x 3, etc.) as specified by the layer’s
parameter.

3. After all of these sequential convolutional layers
have been processed, the original input is added
to the final result as part of a residual connection.
When the input and output channel dimension-
ality does not match, it is required to apply a 1
x 1 convolution to the input so it can be com-
patible with respect to the addition of the two
signals. This residual mechanism facilitates more
profound architectures and stabilizes training.

Bridge

At the bottleneck, feature maps are further pro-
cessed by an inception block that has the maximum
filter capacity in order to capture global context.
Attention gating is added to every skip connection
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Fig. 5. Inception-residual block.

to enhance the combination of encoder and decoder
representations. Each of the encoder feature map and
the decoder gating signal is convoluted (1 x 1) in
parallel to align them in the same feature space as
illustrated in Fig. 4.

Decoder

The decoder mirrors the architecture of the en-
coder. The decoder is designed to progressively in-
crease spatial resolution while integrating Contextual
features from the encoder through Attention-Guided
skip connections. At each step of the decoder, there
are three primary functions: (i) up-sampling, (ii)
attention-based feature selection, (iii) multi-scale fu-
sion through inception blocks. Each block of the
decoder structure can be summarized as follows:

1. Every decoder stage starts with up-sampling the
input feature map with UpSampling2D, then a
Convolution2D to sharpen the up-sampled feature
map. The use of batch normalization and ReLU ac-
tivation stabilizes training and adds non-linearity.

2. The features of the modulated encoder are con-
catenated with the features of the up-sampled
decoder. This combined tensor is subsequently fed
into a tailor-made inception block. The inception
block increases the richness of representation and
promotes multi-scale decoding.

Hybrid loss formulation

The network is trained with a mixed loss that in-
volves Charbonnier loss as indicated in Eq. (1) with
SSIM. SSIM is introduced to trade off pixel-level ac-
curacy with perceptual quality. This loss function
encourages the minimization of reconstruction error
and maximum structural fidelity. This combination
in the loss function guarantees that the result is not

only correct with respect to pixel values, but also
perceptually consistent.

« Charbonnier Robust Loss :

i=1 j=1

LCharbonmer }' .y

1)

Where the variable y, y are the original and re-
constructed images, respectively. While H and W
are image dimensions. Finally, ¢ = 0.1, refers to
preserving differentiability while mitigating outlier
sensitivity in pixel-space reconstruction.

« Structural Similarity Index Measure (SSIM)

The SSIM is a metric that is employed in full-
reference image quality assessment. SSIM quantifies
visual similarity between an original and a processed
version. It compares structural information to de-
termine degradation by operations like compression
or transmission. SSIM yields values within the in-
terval [0,1], with scores approaching 1 reflecting a
greater degree of structural correspondence between
the compared images, and consequently, superior
perceptual quality®! as seen in Eq. (2).

(211y2117) (2049C2)

1B+ 13 +Cr) (of +02 +Co) @

LSSIM(y,y) = (

In the context of the SSIM, the parameters are
defined as follows: u, and u,: Mean intensities of
images y and y, respectively. oy and op: Standard
deviations of images y and y, representing contrast
measures. oyy: Cross-covariance between images y
and y.
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The Hybrid Loss Formulation integrates these com-
ponents with empirically determined weighting as
shown in Eq. (3):

LTotal = LCharbonnier + 0.5 Lssiy 3

Experimental results and discussion

The suggested video frame interpolation approach
is evaluated using the SSIM to ensure perceptual
quality, Peak Signal-to-Noise Ratio (PSNR), and
Floating-Point Operations Per Second.

PSNR

It is a metric used to measure the quality of a
reconstructed or compressed image. It evaluates the
ratio between the maximum achievable signal power
and the power of background noise that degrades
the accuracy of the signal’s representation. PSNR is
commonly used in image processing and compression
applications to evaluate the quality of reconstructed
images, as seen in Eq. (4). A high PSNR value indi-
cates good image quality.*

max?
PSNR (x,y) = 10logio VISE C))
Where max denotes the maximum pixel value in the
frame, MSE (Mean Squared Error) measures the aver-
age squared difference between actual and predicted
values, making it a standard metric for evaluating
model accuracy as shown in Eq. (5).

n

1
MSE = - Z (i —}71')2 (5)

i=1
Floating-point operations per second (FLOPS)

It quantifies the model’s computational cost, as for-
mally defined in Eq. (6).%2

FLOPS:ZkaxCouthianxH (6)

Here, K denotes the convolution kernel size, C;, and
Cout represent the input and output channel dimen-
sions, respectively, and H x W specifies the spatial
resolution of the resulting feature map.

Dataset

In this study, frame interpolation performance
is evaluated using multiple benchmark datasets.
Specifically, the UCF101 and Vimeo90K datasets are
employed.?? The training UCF101 dataset contains
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videos with a resolution of 320 x 240 for each frame.
UCF101 dataset videos are characterized by complex
backgrounds and dynamic camera motions, making it
well-suited for testing interpolation methods. On the
other hand, to maintain independence from the train-
ing data, 3782 triplets from the Vimeo90K dataset
are also used as an evaluation set. The quality of
interpolated frames was assessed using both objective
and subjective metrics. For visual inspection the sub-
jective evaluation has been used, whereas objective
assessment employed PSNR and SSIM as key perfor-
mance indicators.

Training parameter

The model uses the Adamax Optimizer that is an
adaptation of the Adam algorithm. The use of this
type of optimizer has been shown to be effective in
models which have sparse gradients as is typical when
embedding layers are utilized. An initial learning rate
of 0.001 was selected and we employed gradient clip-
ping with a value of 0.5 to help ensure that gradients
do not grow too large. Each model was trained for
50 iterations at a batch size of 8 to enable consistent
computation among all tasks. In addition, to allow for
task specific convergence characteristics while main-
taining sufficient optimization ability for each task,
the learning rates for each task were reduced by a
value of 10°°. We used a combined Charbonnier-SSIM
loss to optimize both pixel-level accuracy and per-
ceptual quality. Input frames were randomly flipped
left-right during training with a 50% chance.

Ablation study

Ablation studies are one of the evaluation met-
rics used to assess how architectural changes affect
model performance. In this work, four progressively
modified variants of the U-Net architecture are anal-
ysed to determine their effectiveness in enhancing
video frame interpolation accuracy. Each variant in-
troduces incremental changes aimed at improving the
model’s capacity to capture motion dynamics and pre-
serve fine details. Our aim is to find the architecture
that produces the most accurate interpolated frames.
Ablation testing was performed using a Vimeo90k
dataset, which has become an industry-wide bench-
mark used to evaluate both the quality and robustness
of frame interpolation models.

« Attention U-Net (AttU-Net): The AttU-Net is an
extension of the classical U-Net architecture; it
extends the traditional skip connections found in
the U-Net with attention modules. The use of
these attention modules enables the network to
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Fig. 6. Predicted frames using different U-Net architectures.

selectively focus on the key feature information
related to motion. This occurs when combining
information from the encoder and decoder. As
such, the network is capable of producing higher-
quality, more visually consistent results than pre-
vious architectures, as shown in Fig. 6 (first row).
+ Residual Attention U-Net (RAU-Net): The Resid-
ual Attention U-Net enhances the traditional U-
Net with both residual blocks and attention gates.
The inclusion of residual blocks improves the gra-
dient flow throughout the network and enables

the deeper representation learning of features.
Furthermore, the incorporation of attention gates
allows for selective integration of the informative
features of the encoder into the decoder portion of
the network. As a result of this combination, the
interpolation accuracy of the model is enhanced,
while its ability to represent complex motion is
also enhanced, as shown in Fig. 6 (Second row).

Attention U-Net architecture with Gaussian
Noise (AttNoise-U-Net). This architecture
introduces an improved version of U-Net for
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video frame interpolation, combining attention
mechanisms with selectively noisy skip connec-
tions. In the encoder, a series of convolutional
layers extract features at multiple levels, while
carefully added Gaussian noise in certain skip
connections helps the model become more robust.
During decoding, attention gates determine how
noisy encoder features are combined with the
upsampled decoder outputs. During the decoding
process, attention gates guide how the noisy
encoder features are merged with the up sampled
decoder outputs, allowing the network to better
focus on important spatial details and produce
more precise, more reliable frame predictions, as
illustrated in the third row of Fig. 6.

Inception modules within the U-Net architec-
ture (IncepU-Net): In IncepU-Net, an enhanced
U-Net-based architecture for video frame interpo-
lation that incorporates attention gates and incep-
tion blocks. Using an encoder-bridge decoder ar-
chitecture, the model improves motion detail and
spatial accuracy by utilizing attention-guided skip
connections and multi-scale feature extraction.

The efficacy of four U-Net variant architectures
(AttU-Net, RAU-Net, AttNoise-U-Net, and IncepU-
Net) in image interpolation tasks was assessed
through a systematic evaluation of their performance.
The PSNR and SSIM results from Table 1 demonstrate
the outcome of the comparative ablation study. These
results reflect a comparison between the method-
ological implications of using each architecture. The
superior performance of IncepU-Net can be attributed
to its integration of multi-scale inception modules.
The Inception Block allows for significant improve-
ment in hierarchical feature extraction. In contrast,
architectures utilizing only attention-based mecha-
nisms provided weaker results than those that utilized
inception modules. Therefore, from what has been
illustrated, it appears that attention alone will be
insufficient for balancing a global context with local
refinements in this particular task.

Although AttNoise-U-Net was originally designed
to cope with noisy inputs, it ended up delivering
the weakest results. This points to the possibility
that its attention mechanism is actually enhancing
noise rather than reducing it. It is apparent from the

Table 1. The comparison of the objective quality for different
U-Net architectures.

Architecture PSNR SSIM
AttU-Net 30.10 dB 0.873
RAU-Net 29.86 dB 0.869
AttNoise-U-Net 28.67 dB 0.821
IncepU-Net 35.07 dB 0.956
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third row of Fig. 6 that while the generated frame
maintains a high level of structure and spatial detail
relative to the reference frame, the colors were in-
correctly reproduced. These findings are supported
by both the SSIM and PSNR measures, where high
SSIM values indicate good correspondence; however,
low PSNR values indicate decreased perceived qual-
ity. This finding makes a strong case for attention
strategies that can adapt to noisy conditions, and it
also shows why combining features at multiple scales
can work better than relying only on local attention
in image reconstruction. It appears that the attention
mechanism used by AttU-Net is not able to capture
the changing dynamics over time. However, since the
SSIM (0.927) and PSNR (33.64 dB) of AttU-Net were
competitive with those of RAU-Net, RAU-Net appears
to provide a better solution than AttU-Net in some
cases.

Comparison experiments

Table 2 shows the comparison result of the
proposed video frame interpolation method to
other state-of-the-art architectures such as AdaCoF,
ToFlow, EDSC, and U-NET + RES, across the UCF101
and Vimeo90K datasets. While existing methods
reveal strong numerical accuracy, the proposed ar-
chitecture demonstrates enhanced perceptual quality
and structural fidelity. On UCF-101, which has many
examples of motion, we tested our model’s ability to
keep spatial coherency when dealing with difficult
motion scenarios. Although our method achieves a
slightly lower PSNR equal 31.80 compared to 32.44
and 32.49 for AdaCoF and U-NET + RES respectively,
this does not necessarily imply inferior visual quality,
as PSNR does not fully capture structural or percep-
tual aspects. However, a lower PSNR does not always
mean the image will be of lesser quality. In order
to quantify the degree to which an image preserves
the luminance, texture, and spatial structure of an
original image, SSIM can be used. The SSIM is 0.933,
0.928 for proposed work and AdaCoF respectively.
This enhancement reflects how we preserve more of
the important visual features than AdaCoF. In addi-
tion to employing PSNR and SSIM, we incorporate the
Learned Perceptual Image Patch Similarity (LPIPS)
metric.®® The LPIPS metric represents the degree of
perceptual dissimilarity as measured by deep feature
space embedding; thus, smaller values are indica-
tive of greater perceptual similarity to the original
image. Although our average LPIPS value was slightly
greater than other comparison models, suggesting
that fine texture realism can still be further improved,
the results collectively show that the model empha-
sizes maintaining meaningful structural details over
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Table 2. Comparison result (the best results are in bold).

BAGHDAD SCIENCE JOURNAL 2026;23(5):1659-1674

UCF101 Vimeo90K .. ..
Parameter  Training Training

Methods PSNR SSIM LPIPS PSNR SSIM LPIPS (million) epochs FLOP Dataset
ToFlow 22 28.494" 09157 0.027° 33.18" 0.9457 0.027° 1.1° 15 44.08"  Vimeo90K
EDSC?! 31.9407  0.9247 0.023" 34.49"7 0.958 0.026° 8.9 120" 17.96  Vimeo90K"
Adacof!® 32.439"  0.928" 0.029° 34.34" 0.956" 0.031° 21.84" 50 24.95"  Vimeo90K"
U-NET+RES'® 32.486" 0.928' —- 34.66" 0.9600 — 33.63" 50 45.04" Vimeo90K'
our 31.80 0.933  0.084 35.19  0.958 0.043 5.3 50 17.16  Vimeo90K

* the related work result copied from, %! | the related work result copied from'

achieving absolute pixel-level similarity, a trade-off
that is often more aligned with human perceptual
preferences in dynamic motion scenarios.

The evaluation of our method was performed on
Vimeo90K. Vimeo90K has more consistent and tem-
porally stable sequences, so as to evaluate how well
our method can reconstruct accurate and visually
pleasing images in smoother motion scenes. Our
model achieved the highest PSNR value equal to
35.19 for this dataset, representing the best pos-
sible pixel-level reconstruction, and had an SSIM
score reaching 0.958, which was very similar to
the best performing U-Net + RES (0.960). On the
other side, LPIPS reaches 0.043, slightly higher than
the best competing methods. This result highlights
the architecture’s ability to capture both spatial de-
tail and temporal consistency, even in less complex
motion scenarios. The methods show a clear trade-
off between complexity and performance: ToFlow
is lightweight (1.1M parameters, 44.08 FLOPs, 15
epochs) with moderate PSNR/SSIM; EDSC (8.9M
parameters, 17.96 FLOPs, 120 epochs) improves
accuracy efficiently; Adacof and U-NET+RES are
heavy (21.8, 33.6M parameters, 24.95,45.04 FLOPs,
50 epochs) with higher PSNR/SSIM; our model is
lightweight (5.3M, 17.16 FLOPs, 50 epochs) yet
achieves competitive performance.

Subjective evaluation of QoE

Subjective evaluation provides validation of the
improvement in perceived video quality due to im-
proved frame interpolation techniques by relating
improved technical parameters (PSNR & SSIM) to
users’ perception of quality. Combining subjective
evaluation with objective evaluation methods allows
for an enhanced and more complete measure of QoE,
which will guide the development of video streaming
applications that are optimized for users’ preferences.

The mean opinion score (MOS) enables a link to be
made between objective human perceptions of Qual-
ity of Experience and direct human feedback that can
be directly related to the existing technical measures
of overall system performance. MOS is considered an

9

important tool for measuring contextual factors that
automated systems miss. In this context, MOS is mea-
sured as the mean rating provided by each evaluator
of the output produced via the differing architectures
of U-Nets as outlined in Eq. (7).3>* By linking the
technical performance metrics used in evaluating the
structure of deep learning models to the subjective
experience (i.e., QoE) produced by those structures,
it is possible to evaluate how specific structural deci-
sions (i.e., attention modules, skip connections) affect
both the user’s perception of visual plausibility and
temporal coherence.

N
N 0,
MOS = —217\1, & 7)

Where Oy is participant i’s opinion score for frame
interpolation method k.

To validate the perceptual quality of interpolated
frames, a subjective evaluation was conducted with
10 participants (5 experts in video processing and
five non-experts). Participants were shown 10 video
sequences interpolated by each method (IncepU-Net,
AttU-Net, RAU-Net, and AttNoise-U-Net) and asked
to rate the visual quality on a scale of 1 (Poor) to 5
(Excellent) as illustrated in Table 3.3%36

Table 3. MOS evaluation.

MOS Score  Quality Rating  Perceived Impairment Level

1 Bad Very annoying

2 Poor Annoying

3 Fair Mildly annoying

4 Good Unnoticeable but not annoying
5 Excellent Unnoticeable

The MOS values in Table 4 show that the pro-
posed IncepU-Net architecture produced the best
rating for the users (MOS = 4.6) compared to all
other baseline architectures tested based on their
ability to produce higher perceived image quality.
Users continually stated that they felt the Incep U-Net
generated smoother motion transitions and fewer
visual artifacts than the other architectures tested,
which correlates well with the superior objective
performance measured by PSNR and SSIM. The
IncepU-Net also had a very low standard deviation
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Table 4. Subjective evaluation using MOS (1-5 scale).

Architecture MOS SD

AttU-Net 3.8 0.56
RAU-Net 3.5 0.58
AttNoise-U-Net 2.9 0.47
IncepU-Net 4.6 0.52

(SD = 0.52) which shows a strong agreement in how
each rater rated the images generated by the IncepU-
Net. Thus, it can be said that this architecture was
effective at producing visually consistent interpolated
frame images. Conversely, the AttNoise-U-Net was
given the lowest MOS (2.9), although it did have
the smallest rating spread (SD = 0.47). It appears
from these results that the output of the AttNoise-
U-Net was universally regarded as being of lower
quality by nearly all raters with little variance among
them. Although RAU-Net has a somewhat intermedi-
ate MOS (3.5), it had the largest rating spread (SD
= 0.58) which probably means that users could per-
ceive the images differently because the method did
not handle either motion or texture equally consis-
tently. When assessing the overall quality of images
through MOS, it is also important to report the stan-
dard deviation of MOS to assess both the amount of
variability in ratings provided by different raters and
to determine whether such variability is statistically
reliable. The average SD for all architectures evalu-
ated is about 0.53, indicating moderate variability in
ratings. Further, the IncepU-Net not only achieved
the highest MOS but also generated the least vari-
able high-quality MOS ratings; i.e., about one-third of
raters rated it as having been within +0.5 of the mean
MOS, a meaningful range for perceiving differences in

quality.
Limitations

Although the IncepU-Net architecture has shown
strong results in terms of objective and perceptual
measures, many other constraints should be taken
into account:

1. Fixed Resolution and Dataset Bias: All
experiments were run with a constant resolution
for both the UCF101 and Vimeo90K datasets.
Although the two datasets are commonly
referenced benchmark datasets, they do not
cover all types of resolution variance or frame
rate variance, as well as motion that is found
in real-world video. As such, it remains to
be determined how the model’s performance
will generalize across different operational
environments.
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2. Perceptual Texture Fidelity in High-Motion
Scenes: While the model shows superior struc-
tural coherence in terms of SSIM on dynamic
content, its LPIPS values are slightly worse
than those of competitors (especially UCF101).
This indicates that while structural coherence
is preserved, fine texture realism under rapid
motion remains an area for improvement.

3. Computational Trade-offs in Deployment: Even
though the model has lower parameters and
FLOPs than many other models, there is no
comprehensive analysis of the model’s real time
processing performance and memory footprint
for limited resources and/or edge devices.
Therefore, such analyses need to be done to
verify if this model can be used in applications
with low-latency requirements.

Conclusion

The paper introduced a model for video frame in-
terpolation called IncepU-Net, which is introduced
as an improved version of U-Net. In IncepU-Net,
we combine inception modules and guided skip
connections to maintain high levels of QoE, par-
ticularly under fluctuating network conditions that
cause frame drops and visual artifacts. From a
theoretical perspective, the work advances encoder—
decoder design by demonstrating how multi-scale
inception processing and attention mechanisms can
jointly capture fine spatial structures and long-range
temporal dependencies. Furthermore, using a single
Charbonnier-SSIM loss function effectively provided
the ability to optimize both pixel-level accuracy and
perceptual quality, providing consistent gains across
PSNR, SSIM, and LPIPS metrics for both UCF101
and Vimeo90K datasets. We present a method that
produces a tangible, practical solution. That is, it
produces realistic images with high structural coher-
ence when restoring lost frames and thus provides
smooth and stable video playback over many differ-
ing contents. At the same time, it is computationally
inexpensive, having only 5.3 million parameters and
17.16 FLOPs. Although a balance between quality
and efficiency is well-suited to bandwidth-limited
or resource-constrained environments, there are cer-
tain limitations that must also be acknowledged.
Although this method is well-suited to preserve struc-
ture within a scene; however, it also has a slightly
larger LPIPS in high-motion scenes, showing that
achieving realistic textures may still need additional
development. Future research could therefore focus
on developing hybrid motion aware architectures that
combine explicit motion estimation with attention
mechanisms to better align temporally and reduce
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perceived distortions in fast motion. Additionally,
self-supervised methods for learning temporal consis-
tency from unlabeled data could be used to provide
greater robustness across longer video sequences than
would otherwise be possible using densely labeled
ground truth.
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