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ABSTRACT
The growing demand for high-quality video content and the dom-
inance of video traffic in modern networks have intensified the
need for efficient video quality enhancement methods capable of
operating on edge devices. Although deep neural networks have
achieved state-of-the-art performance in tasks such as compres-
sion artifact reduction, denoising, and video super-resolution, most
existing architectures rely on computationally expensive opera-
tions that hinder real-time deployment on resource-constrained
platforms. This paper presents a systematic review of deep neural
network based video quality enhancement architectures designed
for edge devices, with a focus on real-time performance and ef-
ficiency–quality trade-offs. Existing approaches are analyzed by
categorizing them into system-level video delivery frameworks and
optimized neural models, highlighting key architectural choices,
optimization strategies, and validation practices. The review reveals
common trends, limitations, and open challenges, emphasizing that
effective VQE on edge devices requires carefully balancing percep-
tual quality, computational complexity, memory usage, and energy
consumption.
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1 INTRODUCTION
Video consumption has accounted for the largest share of global
Internet data traffic in recent years, driven primarily by the wide-
spread adoption of video-on-demand services, live streaming, and
social media platforms. Recent reports indicate that video traffic
represents more than 70% of the total volume of data transmitted
worldwide, a trend that continues to grow steadily [9, 35].

In this context, video compression plays a central role for compa-
nies whose activities are directly related to the storage, distribution,
and delivery of audiovisual content. Efficient video coding tech-
nologies enable the transmission of high-quality video at reduced
bitrates, supporting service scalability, lowering operational costs,
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and improving the user experience under diverse network condi-
tions.

Furthermore, the increasing demand for higher-resolution con-
tent, such as Ultra HighDefinition (UHD) and 4K video, significantly
contributes to the growth in the amount of data required for video
transmission and storage. Despite continuous advances in compres-
sion standards, including High Efficient Video Coding (HEVC), AV1,
and the more recent Versatile Video Coding (VVC) [1], the rise in
spatial resolution and frame rates imposes additional challenges on
network infrastructure and end-user devices [29].

Given this scenario, it becomes essential to investigate strate-
gies capable of reducing the volume of transmitted data without
compromising perceptual video quality, seeking a balance between
coding efficiency and the quality of experience perceived by end
users.

The field of Video Quality Enhancement (VQE) aims to improve
the Quality of Experience (QoE) perceived by end users by acting
as a complementary or post-processing stage to video compres-
sion. VQE techniques include compression artifact reduction [49],
which seeks to mitigate distortions such as blocking, ringing, and
blurring introduced by video codecs; denoising [10], which focuses
on removing noise present before or after compression; and Video
Super-Resolution [15] (VSR), whose objective is to artificially re-
construct higher-resolution versions from low-resolution signals
while preserving visual fidelity as much as possible.

Figure 1 illustrates the complete pipeline of video compression
and quality enhancement. In step (a), the original high-quality video
is composed by frames captured by a camera device in pixel format,
typically in the RGB color space, where each pixel is represented
by three color channels: red, green, and blue. In step (b), the video
undergoes the compression process, where the encoder converts
the original signal into a compressed bitstream to reduce band-
width and storage requirements. After transmission or storage, the
decoder reconstructs the compressed content, producing the de-
coded video shown in step (c). At this stage, the decoded video may
contain visible compression artifacts, including blocking, ringing,
blurring, and loss of fine spatial details. The severity of these dis-
tortions depends on factors such as the video codec, compression
parameters, content characteristics, and target bitrate.

To mitigate these degradations, step (d) applies a VQE model
directly on the edge device as a post-processing stage. The ob-
jective of the VQE model is to improve the perceptual quality of
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the decoded video while respecting the computational, memory,
and energy constraints of real-time edge platforms. Finally, step
(e) represents the enhanced video generated after the reconstruc-
tion process, with reduced artifacts and improved visual quality
compared to the decoded input. Depending on the target task, the
enhanced video may also present a higher spatial resolution than
the decoded input, as commonly observed in video super-resolution
approaches.

For VQE, models based on Deep Neural Networks (DNNs), par-
ticularly those formulated as image and video reconstruction prob-
lems, have demonstrated state-of-the-art performance in both ob-
jective and perceptual quality metrics. Modern architectures for
video super-resolution and restoration have shown the ability to
reconstruct content at resolutions such as 4K from lower-resolution
inputs, achieving quality comparable to videos encoded directly at
higher resolutions, but at significantly reduced bitrates [23].

However, despite the high performance achieved by these mod-
els, a large portion of the architectures proposed in the literature
exhibits high computational complexity, substantial memory con-
sumption, and a strong dependence on high-performance accel-
erators. These characteristics hinder their real-time deployment
on resource-constrained portable devices, such as smartphones
and integrated GPUs [18, 43]. Real-time performance is typically
achieved when the model can process more than 24 Frames Per Sec-
ond (FPS). This limitation has motivated research efforts and com-
petitive benchmarks focused on developing video super-resolution
models capable of operating on mobile platforms with acceptable
latency and energy consumption.

Consequently, the primary challenge in designing VQE architec-
tures for edge devices lies in identifying an appropriate trade-off be-
tween objective and perceptual quality, computational cost, energy
consumption, and memory constraints, in order to enable real-time
execution under strict resource limitations [16, 28, 30, 33, 36, 55]. In
this review, the analysis is guided by these dimensions, considering
quality metrics, computational efficiency, real-time feasibility, and
the characteristics of the target execution platforms.

There are existing review studies that investigate the develop-
ment of solutions for VQE [51], as well as surveys specifically
focused on super-resolution models [23]. Similarly, several reviews
organize research related to the use of DNNs on edge devices [6, 39].
Although previous surveys have extensively investigated video
quality enhancement, video super-resolution, and deep learning
for edge computing, these studies generally address these topics
from broader or distinct perspectives in particular, existing reviews
focus either on the development of VQE and VSR techniques, or
on the broader application of deep learning in edge environments,
without systematically analyzing the architectural, computational,
and deployment characteristics of DNN-based VQE solutions un-
der edge-device constraints. Therefore, this review focuses specifi-
cally on the intersection between video quality enhancement and
edge computing, emphasizing the trade-offs among reconstruction
quality, computational complexity, memory consumption, energy
efficiency, and real-time performance.

This study is organized as follows. Section 2 describe the method-
ology used in this review. Section 3 formulates the problem of VQE
in the context of edge devices. Section 4 provides an overview of
the main advances in DNN models for VQE. Section 5 discusses the

principal model optimization techniques employed to enable real-
time performance. Section 6 reviews and analyzes state-of-the-art
DNN architectures for VQE targeting edge computing platforms.
Section 7 summarizes the key challenges identified in the literature,
and finally, Section 8 concludes the study.

2 REVIEWMETHODOLOGY
This review adopts a structured literature analysis methodology to
identify, categorize, and analyze DNN based VQE solutions target-
ing edge devices. The objective of this methodology is to ensure
transparency in the selection process while maintaining flexibility
to support a technical and architecture-oriented discussion rather
than a strictly systematic bibliometric analysis.

The literature search was conducted using scientific digital li-
braries, including IEEE Xplore, ACM Digital Library and Google
Scholar. The search focused on journal articles and conference pa-
pers published primarily in the last five years, reflecting recent
advances in deep learning-based video enhancement.

The search queries combined keywords related to video enhance-
ment tasks, deep learning techniques, and edge computing con-
straints. These termswere combined using Boolean operators (AND,
OR) to construct the final search string, that can be summarized as:

("edge-based" OR "edge" OR "mobile" OR "embedded"
OR "on-device") AND ("video super-resolution"
OR "video quality enhancement" OR "VQE" OR
"compressed video enhancement" OR "neural
video enhancement") AND ("deep learning" OR
"CNN" OR "DNN" OR "lightweight network" OR
"efficient network") AND ("real-time" OR "resource
constrained" OR "low latency" OR "low complexity"
OR "low power")

These queries were adapted to the syntax of each database. The
selection of studies was based on predefined Inclusion and Exclu-
sion Criteria (IC and EC), as described below. Studies were included
in the review if they met the following criteria:

(IC-I) - Proposed DNN-based methods for VQE, including
compression artifact reduction, denoising, or video super-
resolution;
(IC-II) - Explicitly targeted or evaluated performance on
edge-related platforms, such as smartphones, single-board
computers, embedded systems, or GPUs representative of
edge clients;
(IC-III) - Reported quantitative results in terms of visual
quality metrics, computational complexity, latency, or frame
rate;
(IC-IV) - Articles written in English or Portuguese;
(IC-V) - Articles with full text.

Studies were excluded if they:

(EC-I) - Focused exclusively on single-image enhancement;
(EC-II) - Lacked experimental validation;
(EC-III) - Relied solely on server-side processing without
executing the DNN on the edge device;
(EC-IV) - Did not provide sufficient information to assess
computational efficiency or real-time feasibility;
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Figure 1: General pipeline of video compression and quality enhancement on edge devices. A compressed video is decoded and
subsequently enhanced by a VQE model executed directly on the edge device.

(EC-V) - Conference abstracts, short papers, or publications
without sufficient technical detail and experimental evidence
for the analysis performed in this review.

2.1 Study Selection and Analysis
The study selection process was conducted in multiple stages to
progressively refine the set of relevant works. The initial search
across the selected digital libraries resulted in a total of 245 studies.
In the first screening stage, titles and abstracts were reviewed to
assess relevance to DNN-based VQE and edge-oriented execution.
After the application of ICs and ECs described in the previus section,
the number of candidate studies is reduced to 52.

In the subsequent stage, a full-text review was performed to
evaluate the alignment of each study with the scope of this review,
particularly regarding architectural design, real-time performance,
and validation on edge-related platforms.

After the full reading of each article, a quality assessment score
was computed based on a set of predefined evaluation questions and
their corresponding weighted answers. Each question could receive
a score of 1.0 (“Yes”), 0.5 (“Partially”), or 0.0 (“No”), and the final
quality score of an article was obtained by summing the weights
across all questions. Considering that the maximum possible score
was 3.0, a cutoff score of 2.0 was established to determine study
eligibility. Articles scoring below this threshold were excluded, as
they did not sufficiently meet the minimum quality requirements
defined for this review. The quality assessment was conducted
according to the following questions:

(1) Does the article present a neural network architecture for
video quality enhancement?

(2) Is the proposed architecture specifically designed for edge
devices?

(3) Does the article perform quality improvement evaluation
and computational complexity analysis?

After this detailed analysis, a final set of 22 studies was selected
for inclusion.

The selected works were analyzed qualitatively, with empha-
sis on architectural design choices, optimization strategies, vali-
dation platforms, and reported trade-offs between visual quality
and computational efficiency. These works were subsequently or-
ganized into thematic categories, including system-level video de-
livery frameworks and optimized neural architectures, enabling a
structured and comparative discussion.

3 PROBLEM DEFINITION
In VQE tasks, the central objective is to learn a mapping between
a degraded video and its reference version, corresponding to the
original signal prior to the degradation process. In the context of
video compression, this problem can be formulated as the estimation
of a function that maps a compressed video V𝑐 to an approximation
of the original uncompressed video V𝑟𝑒 𝑓 , i.e.,

V̂ = 𝑓𝜃 (V𝑐 ),

where 𝑓𝜃 (·) denotes a deep neural network parameterized by 𝜃 , and
V̂ represents the reconstructed video with enhanced quality.

With respect to the enhancement tasks themselves, architec-
tures designed for compression artifact reduction and denoising
operate by mapping low-quality videos (degraded by video codec
compression or by the artificial addition of noise) into reconstructed
versions with the same spatial resolution as the original video. In
this case, the problem can be expressed as

V̂ = 𝑓𝜃 (V𝑙𝑞),

This process is designed such that the network learns to suppress
degradation patterns that negatively impact QoE, while simultane-
ously preserving relevant structural details.

In contrast, video super-resolution architectures follow a differ-
ent formulation. In these approaches, the video resolution is artifi-
cially reduced prior to being fed into the neural network, typically
through downsampling operations. The network is then trained
to reconstruct a higher-resolution version of the video, commonly
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using scaling factors of ×2 or ×4. Formally, this problem can be
described as

V𝑙𝑟 = D(Vℎ𝑟 ), V̂ℎ𝑟 = 𝑓𝜃 (V𝑙𝑟 ),

where D(·) denotes the spatial degradation operator, V𝑙𝑟 repre-
sents the low-resolution video, and V̂ℎ𝑟 is the reconstructed output
produced by the network. The objective of these architectures is to
recover spatial details lost during the resolution reduction process,
while maintaining temporal coherence and adequate perceptual
quality.

To evaluate the effectiveness of these architectures, objective
metrics based on pixel-wise error are widely employed in the liter-
ature. Among them, the Peak Signal-to-Noise Ratio (PSNR) [21] is
one of the most commonly used, as it quantifies the average differ-
ence between the reconstructed video and the reference video.

Although PSNR is simple and computationally efficient, its corre-
lation with human visual perception is limited, especially in scenar-
ios where small structural variations can have a significant impact
on the QoE. In order to better capture structural aspects of visual
quality, metrics such as the Structural Similarity Index Measure
(SSIM) [41] are frequently adopted. SSIM evaluates the similarity
between two images by jointly considering luminance, contrast,
and structural information.

Beyond these classical metrics, more recent approaches incorpo-
rate perceptual metrics that aim to better align automatic evaluation
with human perception. Among them, the Learned Perceptual Im-
age Patch Similarity (LPIPS) [52] stands out, as it measures the
distance between representations extracted from pretrained deep
neural networks. For video assessment, metrics such as the Video
Multi-Method Assessment Fusion (VMAF) [32] combine multiple
perceptual and structural indicators, producing scores that exhibit
a high correlation with subjective QoE evaluations.

Objective and perceptual quality metrics are essential for evalu-
ating the effectiveness of VQE methods. However, in the context
of edge devices, the development of such architectures requires
explicitly considering the trade-off between gains in visual quality
and the associated computational cost. Improvements in metrics
such as PSNR, SSIM, or VMAF typically lead to increases in the
number of parameters, arithmetic operations, energy consumption,
and memory usage, which compromises real-time execution on
resource-constrained platforms. Therefore, VQE architectures for
edge devices must be jointly evaluated in terms of achieved quality
and computational efficiency, prioritizing solutions that maximize
perceptual quality within the available processing, memory, and
energy constraints.

4 VIDEO QUALITY ENHANCEMENT
Initially, the VQE problem was addressed using neural networks
that process a single frame at a time. The Super Resolution Convo-
lutional Neural Network (SRCNN) model [15], proposed for image
resolution enhancement, and Artifact Reduction Convolutional
Neural Network (ARCNN) [49], designed to reduce compression
artifacts while preserving the original spatial resolution, are rep-
resentative examples of this paradigm. Both approaches rely on
shallow convolutional networks and do not consider temporal in-
formation.

Figure 2 summarizes the historical evolution of DNN-based VQE
and VSR architectures. Early approaches, such as SRCNN and AR-
CNN, relied on single-frame convolutional processing. Later works
introduced temporal fusion mechanisms to exploit redundancy
across neighboring frames, as observed in MFQE. More recent ar-
chitectures incorporated deformable convolutions, bidirectional
temporal propagation, and attention-based mechanisms to improve
alignment and reconstruction quality.

Multi Frame Quality Enhancement (MFQE) [46] was one of the
first works to explicitly incorporate temporal information into the
VQE process by jointly processing multiple frames. The architecture
introduces a temporal alignment and fusion scheme in which a slid-
ing window of n temporally neighboring frames is used to enhance
the quality of a central frame. In this framework, the alignment stage
aims to compensate for motion between adjacent frames, while the
fusion stage exploits temporal redundancy to reconstruct details
degraded by compression. This window-based temporal processing
paradigm has become a fundamental approach in VQE and was later
adopted and refined by several works, such as Spatial Temporal
Deformable Fusion (STDF) [14] and Video Restoration framework
with Enhanced Deformable Video Restoration (EDVR) [40]. In par-
ticular, these methods replaced the explicit motion estimation via
optical flow employed in MFQE with deformable convolutions, en-
abling more flexible and robust spatial alignment while reducing
sensitivity to motion estimation errors.

The STDF architecture has also served as a foundation for sub-
sequent adaptations. MD-STDF extended the original framework
by introducing a multi-domain strategy to address video quality
enhancement across different video compression codecs [11]. Simi-
larly, 3D-STDF extended the STDF architecture by incorporating 3D
convolutions to better exploit spatio-temporal information during
video quality enhancement [12]. These developments illustrate how
the combination of temporal fusion and deformable convolution
can provide a flexible foundation for adapting VQE architectures to
different compression scenarios and computational requirements.

This type of architecture based on temporal windows and align-
ment–fusion mechanisms has also been widely explored to address
video super-resolution problems. Works such as Video Efficient
Sub-Pixel Convolutional Neural Network (VESPCN) [2] and Tem-
porally Deformable Alignment Network (TDAN) [37] adopt similar
strategies by combining multiple temporally adjacent frames to re-
construct a central frame at higher resolution, leveraging temporal
redundancy to recover spatial details lost during downsampling.

In addition, techniques based on recurrent neural networks and
attention mechanisms, such as Deformable Spatiotemporal Atten-
tion (DSTA) [54], achieve significant gains in objective quality met-
rics by more effectively exploiting temporal redundancy and adap-
tively selecting relevant features. Similarly, architectures grounded
in transformer-basedmodels, such as BasicVSR [5], achieve superior
performance in video super-resolution and restoration tasks.

Despite the substantial gains in visual quality achieved by these
techniques, their computational complexity also increased signifi-
cantly, resulting in models with millions of parameters and high
computational cost, which currently makes them impractical for
real-time execution on edge devices with severe constraints on
processing power, memory, and energy consumption, motivating
the development of lightweight solutions targeting edge devices.
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Figure 2: Historical evolution of representative DNN-based architectures for VQE, highlighting the transition from single-frame
CNN approaches to advanced spatiotemporal and attention-based models.

5 OPTIMIZATION TECHNIQUES FOR
REAL-TIME

Throughout this study, several key techniques that enable the design
of lightweight DNN architectures for edge devices were identified.

Neural Architecture Search (NAS) [16, 24] is a technique that
automates the design of neural network algorithms. Instead of re-
lying on manual design by domain experts, NAS employs search
frameworks (based on reinforcement learning, Bayesian optimiza-
tion, or differentiable parameters) to automatically explore optimal
arrangements of layers, channels, and operators.

Other technique is the Knowledge Distillation [36, 44] that trans-
fers knowledge from a large and complex neural network, known
as the teacher model, to a smaller and lightweight student model.
The main objective is to enable efficient inference on resource-
constrained devices while preserving competitive performance.
Instead of learning only from raw training data, the student net-
work is trained using the informative outputs generated by the
teacher, allowing improved accuracy with reduced computational
complexity .

There are also techniques specifically aimed at model compres-
sion, among which quantization and pruning are the most widely
adopted. Quantization [16, 31, 36] reduces the numerical precision
of weights and activations (e.g., from Float32 to INT8 or INT16).
This significantly decreases memory usage and accelerates infer-
ence on mobile Neural Processing Units (NPUs) and GPUs. Pruning
[31, 36], in turn, consists of removing redundant weights or filters
that do not significantly contribute to image quality. It can be di-
vided into weight pruning, which removes individual weight values
within filters, and filter pruning, which discards entire filters while
preserving a regular network structure.

Another model optimization strategy involves replacing com-
putationally expensive operations with lighter alternatives that
require fewer multiplications. Among the observed operations,

Depthwise Separable Convolutions (DSConv) [7, 44] are commonly
used in place of standard convolutions, decomposing the convolu-
tion into two stages (depthwise and pointwise) and reducing the
number of operations by up to nine times. The depthwise convo-
lution applies a single filter independently to each input channel;
for instance, if there are 32 channels, 32 separate filters are used,
each operating on its corresponding channel. The pointwise convo-
lution is a standard 1 × 1 convolution that combines the outputs
of the previous stage across all channels to generate new feature
representations.

Another class of techniques includes group convolutions and
channel shuffle operations [26]. Group convolution divides the in-
put featuremaps intoG distinct groups, with each group of channels
processed independently by its own set of filters and concatenated
at the output. Although group convolutions are computationally
efficient, they restrict information flow within each group, prevent-
ing interaction across different channel groups [44]. To address this
limitation, channel shuffle rearranges the output channels such that
subsequent layers receive information from all previous groups.

Similarly, some studies on video super-resolution employ the
PixelShuffle operation as an upsampling method [34, 38]. Unlike
traditional approaches such as deconvolution, which involve com-
putationally intensive arithmetic operations, PixelShuffle performs
upsampling by rearranging data across the network dimensions.
For a scaling factor F, the network produces a feature map with a
large number of channels (Ic) at a low spatial resolution. PixelShuf-
fle then reorganizes these elements to generate an output whose
width and height are multiplied by F, while reducing the number
of channels by a factor of F2.

6 ARCHITECTURES FOR EDGE DEVICES
Mechanisms such as optical flow, deformable convolutions, and
transformers are computationally expensive and, although they
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improve reconstruction quality, they introduce significant process-
ing overhead. Research efforts focused on developing solutions
for edge devices aim to achieve real-time performance under con-
strained computational budgets. Consequently, several approaches
have been proposed to design lightweight models with a reduced
number of parameters and lower memory requirements, enabling
deployment on edge platforms. These studies can be broadly cat-
egorized into two main groups: video delivery frameworks and
models optimized for smartphones.

6.1 Systems / Frameworks
Framework-based solutions are defined by their proposed execution
pipelines for video delivery systems. Within this category, only
studies in which the neural network model for VQE is executed on
the edge device were considered.

Neural-enhanced video streaming on mobile devices (NEMO)
[48] was the first framework to enable real-time super-resolution
on commercial mobile devices by adopting a selective processing
strategy. The system applies super resolution only to anchor points,
corresponding to selected frames, and reuses the results for sub-
sequent frames using information extracted from the video codec.
This approach achieved a speed-up of 11.5× compared to frame-by-
frame VSR, reduced energy consumption by 88.6%, and delivered
quality improvements ranging from 0.99 to 6.34 dB in PSNR. Fol-
lowing a similar idea aimed at avoiding redundant computations
through the reuse of previously processed spatial or temporal in-
formation, Real-Time Neural-Enhanced Mobile Video Streaming
Framework (REM) [4] employs a Macroblock-aware Lookup Table
(LUT). The system stores super resolution results and reuses them
for redundant macroblocks across frames, increasing throughput by
up to 10.2× and reducing energy consumption by 58.6% compared
to the state of the art.

The study by [27] presented an optimized pipeline for thermal
cameras on edge devices such as the Jetson Nano, exploiting a dual
fine-tuning scheme to enable real-time processing even with limited
thermal datasets. This method achieved processing speeds of 29,
36, and 45 FPS for scaling factors of 2×, 3×, and 4×, respectively,
with a PSNR of 32.9 dB at the 2× scale.

Moving beyond purely local solutions, Video Streaming system
with Edge-Client collaborative Super-resolution (VSECS) [25] in-
troduces a collaborative super-resolution system between the edge
server and the mobile client, in which the workload partitioning
decision is guided by an A3C-based reinforcement learning algo-
rithm. In this setup, a large-scale super-resolution model runs on
the edge server, while a lightweight model operates on the mobile
device, allowing both to jointly reconstruct high-resolution frames.
As a result, the system demonstrated improvements of up to 10%
in QoE compared to solutions that rely exclusively on either the
edge or the client.

In a complementary line of systemic optimization for video
streaming, Bidirectionally optimized Super-Resolution (BiSR) [50]
was developed as a video delivery system with bidirectional opti-
mization. In this approach, the server performs intelligent downscal-
ing of key frames (I-frames) using a DNN, while the mobile client
executes a lightweight super-resolution network optimized for half-
precision (float16) to restore these frames. The system achieved

a 26% bitrate reduction compared to traditional H.264 and a 3.7%
improvement in SSIM relative to the previous state of the art.

Some studies investigate what content should be processed by
applying neural networks only to visually important regions or by
adapting the algorithm to image complexity. Edge-based video de-
livery with salience-aware super-resolution (EVASR) [22] is an edge-
based framework that employs saliency-aware super-resolution.
The edge server processes only image blocks with high visual rel-
evance, while simple interpolation is applied to the remaining re-
gions. The framework supports real-time 1080p processing and
significantly improves the average VMAF score to 94.47. Comple-
mentarily the system of [16], designed for IoT scenarios with severe
bandwidth constraints, adopts a hardware-aware NAS framework
to design lightweight super-resolution models that explicitly ac-
count for the real latency of the edge device, achieving up to a 1.8×
acceleration for the complete system.

Table 1 presents information regarding the target platforms of
the analyzed systems, the datasets used during the evaluation phase,
and the types of DNNs employed. It can be observed that most stud-
ies focus on commercial smartphones from different manufacturers,
reflecting an interest in solutions directly applicable to devices
widely adopted by end users. In addition, single-board computer
platforms, such as the NVIDIA Jetson Nano, also appear frequently
due to their GPU acceleration capabilities and widespread use in
edge computing scenarios.

With respect to the datasets, there is a clear predominance of
videos sourced from YouTube, often organized into popular content
categories. This indicates a concern with evaluating the systems
on data representative of real-world video consumption scenarios
on mobile devices. Additionally, some studies rely on standardized
datasets such as Set5, Set14, BSD100, and Urban100, enabling more
controlled comparisons with the state of the art.

Regarding the adopted DNN architectures, a clear predominance
of lightweight CNN-based models can be observed, with emphasis
on variants of FSRCNN and ESPCN, as well as adaptations of ar-
chitectures such as SR-ResNet and RFDN. In general, these models
avoid computationally expensive temporal modeling mechanisms,
such as optical flow, deformable convolutions, or explicit temporal
attention.

6.2 Optimized Models
Optimized model solutions encompass the development of new
DNN building blocks and architectures with a strong focus on
model efficiency.

Efficient Video Restoration Network (EVRNet) [28] is an efficient
network designed for multiple restoration tasks (deblocking, de-
noising, and super-resolution) using lightweight encoder–decoder-
based alignment and fusion modules. Although it achieves lower
objective quality compared to heavier models, EVRNet has 260×
fewer parameters and 958× fewer MACs than EDVR [40] for ×4
super-resolution. It achieved 36.65 dB PSNR for the deblocking
task on the Vimeo-90K dataset. Similarly, the Lightweight Dense
residual Network (LiDeR) architecture [3] was developed as a light-
weight dense residual network tailored for mobile GPUs, enabling
parallel processing of up to 10 frames. It achieved 139 FPS for ×4
upscaling on the Snapdragon 888 GPU, being 267% faster than the
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System/Framework Device Test Dataset DNN

NEMO [48] Smartphones (Xiaomi Mi9 –
Snapdragon 855)

30 YouTube videos (10
categories)

Modified SR-ResNet (uses deconvolution
instead of sub-pixel).

VSECS [25] Server (PC) + Client (Jetson
TX2)

YouTube (10 popular
categories)

SRResNet (Server) and Fast
Super-Resolution Convolutional Neural
Network (FSRCNN) (Client).

[27] NVIDIA Jetson Nano DIV2K + Custom thermal
dataset

Efficient Sub-pixel Convolutional Neural
Network (ESPCN), FSRCNN, and
Laplacian Pyramid Super-Resolution
Network (LapSRN).

BiSR [50] Smartphones (Redmi K30,
Galaxy A90)

YouTube 4K (Interview, Game,
Chat)

Residual Feature Distillation Network
(RFDN) with a novel channel attention
mechanism; dedicated downscaling DNN.

PASR [16] LicheePi 4A (RISC-V TH1520) Set5, Set14, BSD100, Urban100 Models obtained via hardware-aware
NAS.

REM [4] Xiaomi 13, Honor V30 Pro,
Jetson Nano

YouTube (6 categories) Macroblock-aware SR module.

EVASR [22] Google Pixel 3, Jetson Nano UVG (4K), YouTube ESPCN.

Table 1: VQE Systems / Frameworks for edge devices.

ESPCN model. Efficient Video Super Resoltion Network (EVSRNet)
[24] is an architecture obtained via fine-grained neural architecture
search (FGNAS) with the goal of minimizing FLOPs and latency on
mobile devices. The model achieved second place in the Mobile AI
2021 challenge, reaching a PSNR of 27.85 dB with a latency of only
11.3 ms per frame on the Snapdragon 865 SoC.

Several studies have proposed novel DNN building blocks that
contribute to the final performance of complete architectures. One
such example is [53], which introduces the Edge-oriented Convo-
lution Block (ECB). This block re-parameterizes multiple training-
time paths (including convolutions and first-/second-order deriva-
tives) into a single 3×3 convolution at inference time. This approach
achieved PSNR values of up to 31.04 dB and runs at 0.033 s per frame
on a Snapdragon 865. Another study that explored new block de-
signs is Efficient Lightweight Network for Video Super-Resolution
(ELNVSR) [26], which introduces the Bidirectional Alignment Mod-
ule (BAM) for implicit bidirectional alignment between adjacent
frames and a Multi-scale Pyramidal Block (MPB) for reconstruction.
The MPB employs depthwise separable convolutions to extract fea-
tures at multiple spatial scales in a pyramidal manner. The model
achieved 46.5 FPS on the Vid4 dataset, with an average PSNR of
26.13 dB.

SR-UNet [38] is an adaptation of the UNet architecture with a
reduced size (limited to 64 filters) and trained using perceptual
GAN-based objectives. Although the model does not report classi-
cal objective metrics such as PSNR or SSIM, it achieved a VMAF
score of 84.30 on the Derf’s Collection dataset while running at 46.1
FPS on a GTX 1080Ti, being significantly faster than traditional
residual-based models. Similarly, UNetDeblur [31] follows a UNet-
based design and integrates Mobile Vision Transformer (ViT) and

Convolutional Gated Recurrent Units (ConvGRUs) into the archi-
tecture for real-time mild motion deblurring. The model achieved
processing speeds between 30 and 35 FPS on the Qualcomm Snap-
dragon 8 Gen 2, while maintaining a PSNR of approximately 30 dB
on real-world videos.

The study in [44] introduced Lightweight Shuffle Video Super-
Resolution (LSVSR), which employs depthwise separable group
convolutions to drastically reduce computational cost. To mitigate
the lack of inter-group communication, the network applies a Chan-
nel Shuffle module that rearranges channels to enable information
flow. The model achieved a PSNR of 25.86 dB on the Vid4 dataset,
with an inference time of 29 ms for ×3 upscaling on an NVIDIA
980 Ti GPU. ELSR [45] is a serial network composed of only six
layers, designed for extremely low power consumption (0.09 W)
and high processing speed. The model won the MAI & AIM 2022
challenge and achieved a power consumption of only 0.09 W on a
Dimensity 9000 chip, while maintaining a PSNR of 27.34 dB on the
REDS dataset.

Some approaches focus on specific video codecs, such as FastCNN
[17], which targets HEVC and proposes the EAM module to pro-
gressively estimate deformable offsets at low resolutions, thereby
reducing computational cost. The resultingmodel reduced inference
time by up to 69% and improved PSNR by up to 0.11 dB compared
to the state of the art at the time. Following a similar idea, Real
Time Super Resolution (RTSR) [19] is an optimized model for AV1-
compressed videos based on dual-teacher knowledge distillation.
The model achieved the best trade-off between complexity and
performance (PSNR, SSIM, and VMAF) in the AIM 2024 Video SR
Challenge. With a more direct integration with the video codec,
the Codec Information-assisted VSR (CILVSR) architecture [20]
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Architecture Device Resolution
(Input→
Output)

Parameters FLOPs / MACs FPS Performance
(Metric)

LSVSR [44] NVIDIA 980 Ti 540p→
2160p (4K)

40 K 1,22e10
operations

∼34,5 25,86 dB (PSNR)

EVSRNet [24] Snapdragon 865 180p→
720p (x4)

N/A N/A ∼88,5 27,85 dB (PSNR)

EVRNet [40] iPhone 11 180p→
720p (x4)

79,5 K 10,39 G MACs 20,4 35,98 dB (PSNR)

ECBSR [53] Snapdragon 865 270p→
1080p (x4)

11,9 K 0,69 G FLOPs 30,3 31,04 dB (PSNR)

SR-UNet [38] GTX 1080Ti 540p→
1080p

741 K N/A 46,1 84,30 (VMAF)

ELSR [45] MediaTek Dimensity
9000

180p→
720p (x4)

N/A N/A 30 27,34 dB (PSNR)

LiDeR [3] Xiaomi Mi 11 180p→
720p (x4)

N/A N/A 139 27,51 dB (PSNR)

CILVSR [20] RTX 6000 135p→
540p (x4)

121 K 2,8 G FLOPs 25 23,89 dB (PSNR)

FastCNN [17] RTX 3090 1080p 425 K 75,8 G FLOPs 17,6 +0,85 dB (ΔPSNR)

Fast-MFQE [7] GTX 1080Ti 1080p 243 K N/A 25,7 +0,67 dB (ΔPSNR)

FDAN [47] RTX 2080Ti 180p→
720p (x4)

3,9 M 292,0 G FLOPs 29,4 30,71 dB (PSNR)

ELNVSR [26] GPU 135p→
540p (x4)

N/A N/A 46,5 26,13 dB (PSNR)

STDF [13] GTX 1080Ti 240p 480 K 72,2 G FLOPs 45 32,53 dB (PSNR)

RTSR [19] RTX 3090 360p→
1080p (x3)

63 K 1,16 K/pixel ∼1250 34,46 dB (PSNR)

UNetDeblur [31] Snapdragon 8 Gen 2 N/A N/A N/A 35 29,1 dB (PSNR)

Table 2: Reported computational and performance characteristics of representative edge-oriented VQE architectures.

exploits information already available at the video decoder, such as
motion vectors and macroblock types, to guide the super-resolution
process, eliminating the need for computationally expensive motion
estimation modules.

Despite the high computational cost associated with optical flow,
some studies retain this mechanism for feature extraction while
still achieving real-time performance under certain conditions. The
Flow-guided deformable alignment network (FDAN) network [47]
combines a lightweight optical flow network (FastFlowNet) with a
deformable attention module (FDAP) to enable fast online super-
resolution. Optical flow provides guidance for deformable atten-
tion to more efficiently locate corresponding pixels in neighboring
frames. The model achieved 29.4 FPS on the REDS4 dataset for ×4
upscaling, being three times faster than EDVR-M while delivering
superior quality.

Following an approach of updating existing architectures to
make them more lightweight, Fast-MFQE [7] was the first light-
weight method for multi-frame quality enhancement using fusion
attention and the IPPB preprocessing module. The resulting model
achieved real-time performance, reachingmore than 25 FPS at 1080p
resolution with an average PSNR improvement of 19.6%. Similarly,
the study in [13] proposes a modification of the STDF architecture
to make it more suitable for embedded devices. The work intro-
duces spatial-temporal deformable convolution (STDC) to replace
the computationally expensive optical flow in embedded systems.
The resulting model increased the average PSNR gain from 0.52 to
0.81 dB (a 56% improvement) while achieving an 80% speedup over
the previous state of the art.

Table 2 presents a comparison of the analyzed architectures, con-
sidering aspects related to model computational complexity and
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the platforms used for validation. It can be observed that a signifi-
cant portion of the studies conducted experiments on commercial
GPUs. Although such devices are not typically classified as highly
constrained edge platforms, their widespread adoption in end-user
clients and edge computing scenarios justifies their inclusion in
this review. It is important to emphasize that the results presented
were directly extracted from the original studies, without reimple-
mentation or experimental re-evaluation. Since the analyzed works
employ different datasets, codecs, compression settings, scaling
factors, hardware platforms, and evaluation protocols, the reported
performance values should be interpreted as indicative references
of the quality–efficiency trade-off rather than as strictly standard-
ized comparisons. These values should not be interpreted as a direct
ranking of the evaluated architectures.

The results suggest that most architectures achieving high frame
rates do so by processing relatively low input resolutions, such as
135p, 180p, or 270p, followed by reconstruction to higher resolutions.
Methods that operate directly on higher input resolutions, such as
540p or 1080p, tend to exhibit significantly lower FPS, highlighting
that reducing input resolution remains a fundamental strategy for
enabling real-time execution. It is also observed that architectures
with a reduced number of parameters, such as ECBSR, EVSRNet,
and LSVSR, can achieve frame rates compatible with real-time pro-
cessing, particularly when combined with lower input resolutions.

Nevertheless, the results suggest that models performing upsam-
pling from extremely low input resolutions, such as 135p or 180p,
tend to achieve significantly lower PSNR values when compared
to architectures operating on intermediate input resolutions. This
trend can be observed, for instance, in methods such as CILVSR and
ELNVSR, which, despite achieving real-time performance, report
PSNR values in the range of approximately 23–26 dB. In contrast,
architectures that operate on higher input resolutions, such as 270p
or 540p, are able to achieve higher PSNR values even with relatively
compact models.

Figure 3 reinforces the existence of a strong trade-off between
reconstruction quality and real-time performance in edge-oriented
VQE architectures. The horizontal axis adopts a logarithmic scale
due to the large variation in FPS values among the analyzed archi-
tectures, allowing both low-latency and extremely high-throughput
models to be visualized simultaneouslywithout compressing the dis-
tribution of lower FPS results. Models operating on extremely low
input resolutions generally achieve higher FPS because the number
of pixels processed by the network is substantially reduced, directly
lowering the computational cost of convolutional operations and
memory access. This behavior can be observed in architectures
such as EVSRNet and LiDeR, which process low-resolution inputs
and achieve high frame rates while maintaining relatively compact
network structures.

However, the reduction of input resolution also limits the amount
of spatial information available for reconstruction. When the input
is excessively degraded, important high-frequency details are per-
manently lost before the enhancement stage, forcing the network
to estimate missing structures from limited contextual informa-
tion. As a consequence, methods such as CILVSR and ELNVSR,
despite achieving real-time execution, present lower PSNR values
compared to architectures operating on intermediate resolutions.

In contrast, architectures processing higher input resolutions,
such as ECBSR, STDF, and EVRNet, preserve a larger amount of
spatial information prior to enhancement, enabling superior re-
construction quality even when using lightweight architectures.
Nevertheless, this improvement comes at the cost of increased com-
putational complexity and reduced frame rate, since the number of
operations grows proportionally with the spatial dimensions of the
processed frames.

The results also suggest that model efficiency is not determined
exclusively by the number of parameters. For instance, FDAN
presents considerably higher computational complexity due to the
use of optical flow and deformable attention mechanisms, resulting
in a substantially larger model despite achieving competitive PSNR
values. Conversely, compact architectures such as ECBSR demon-
strate that carefully designed lightweight convolutional blocks can
achieve favorable trade-offs between quality and efficiency without
relying on computationally expensive temporal modeling strate-
gies.

Overall, the analyzed architectures indicate that real-time VQE
on edge devices is fundamentally constrained by the balance be-
tween input resolution, reconstruction fidelity, and computational
complexity. While aggressive downsampling enables real-time pro-
cessing, it also reduces the upper bound of achievable perceptual
quality, highlighting the importance of developing architectures
capable of maximizing reconstruction quality under strict compu-
tational budgets.

Table 3 summarizes the main optimization strategies adopted
by edge-oriented VQE architectures. The analysis of the optimiza-
tion techniques table reveals that enabling VQE on edge devices
does not rely on a single strategy, but rather on a combination of
approaches adapted to the target hardware platform. Quantization
emerges as the most widely adopted technique, being employed in
architectures such as PASR and LDRCN, and establishing itself as a
fundamental method for reducing resource consumption and accel-
erating inference through lower-precision representations such as
INT8 and FP16.

In addition, architectural efficiency is frequently achieved by
replacing computationally expensive operators with DSConv and
Group Convolutions, as observed in models such as LSVSR and
Fast-MFQE, enabling frame rates above 25 FPS while maintaining
low parameter counts.

7 MAIN CHALLENGES
The development of VQE solutions for edge devices faces critical
challenges that lie at the intersection of high algorithmic complexity
and the severe resource constraints of mobile hardware.

(a) Hardware and Energy Constraints: DNN inference on
mobile devices is highly energy demanding, potentially draining
smartphone batteries within a few hours or consuming up to 14
times more energy than standard video decoding [50]. Moreover,
intensive use of processing units (GPU/NPU) generates excessive
heat, causing devices to reach temperatures that are uncomfortable
for users (above 40–45 ◦C) [48]. Another frequently reported issue
is the heavy reliance on external memory access (DRAM), which
is both slow and energy intensive [33, 55]. This is mainly due to
the limited on-chip memory capacity of mobile devices, which
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Figure 3: Trade-off between reconstruction quality (PSNR) and real-time performance (FPS) for representative edge-oriented
VQE architectures. Bubble size indicates the approximate number of model parameters. The horizontal axis uses logarithmic
scale.

Architecture NAS Quantization Prunning
Knowledge

Destilation

DSConv/

GConv

Shuffle

(Channel/Pixel)

PASR [16] v v v

SR-UNet [38] v v

ELVSR [33] v

EVSRNet [24] v v

LSVSR [44] v v

Fast-MFQE [7] v

NEMO [48] v

UNetDeblur [31] v v

RTSR [19] v v

ECBSR [53] v

Table 3: Mapping of Optimization Techniques per Study.

prevents storing high-resolution video feature maps locally, thereby
hindering real-time processing.

(b) Algorithmic Complexity and Real-Time Constraints:
Many models achieve high visual quality but fail to operate at the
frame rates required for video streaming [17, 28]. High-fidelity
video restoration requires exploiting correlations among neighbor-
ing frames; however, techniques such as optical flow or deformable
convolutions are computationally expensive and difficult to deploy
on low-power architectures without introducing significant latency.
Adapting such solutions for real-time execution requires carefully
investigating the trade-off between output quality and resolution of
the neural network and the computational capabilities of the target
hardware.

(c) Model optimization: Optimizing an already trained model
for efficient deployment presents several challenges, particularly
when applying post-training techniques. Reducing numerical pre-
cision requires carefully balancing bit-width reduction against ac-
ceptable accuracy loss, as aggressive quantization can lead to severe
performance degradation [55]. Model behavior is often highly sensi-
tive to parameters with large dynamic ranges, making quantization
susceptible to rounding errors unless activation scaling is care-
fully calibrated. Similarly, parameter pruning introduces structural
challenges, as removing individual weights may result in irregu-
lar sparsity patterns that are not efficiently supported by standard
hardware accelerators. Furthermore, common pruning heuristics,
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such as assuming that parameters with smaller norms are less im-
portant, do not consistently hold, and the removal of seemingly
minor components can significantly degrade reconstruction quality
[8]. Finally, pruning strategies are frequently tightly coupled to the
original network architecture, limiting their generalizability across
different models and tasks and complicating their adoption as a
universal optimization approach [42].

(d) Platform Heterogeneity: The wide range of chips with
varying computational capabilities makes it difficult to design a sin-
gle solution that performs well across both entry-level and flagship
smartphones. Furthermore, this platform heterogeneity complicates
result interpretation, as reported gains may largely stem from the
use of more powerful hardware rather than intrinsic architectural
improvements. The lack of standardized evaluation protocols limits
result reproducibility and prevents fair comparisons of the quality–
efficiency trade-off. Consequently, the standardization of validation
platforms emerges as a fundamental challenge for consolidating
the state of the art in edge-oriented VQE/VSR.

(e) Lack of Standardized Evaluation Protocols: The lack of
standardized evaluation protocols remains a major limitation for
comparing edge-oriented VQE architectures. Existing studies em-
ploy different datasets, input resolutions, codecs, compression set-
tings, hardware platforms, inference implementations, andmeasure-
ment procedures. As a result, differences in reported FPS, latency,
energy consumption, and reconstruction quality cannot always
be attributed exclusively to architectural improvements. Establish-
ing standardized evaluation protocols, including common datasets,
resolutions, hardware platforms, quality metrics, and efficiency
measurements, would enable more reliable comparisons and im-
prove the reproducibility of future research.

8 CONCLUSION
This review analyzed the state of the art in Deep Neural Network-
based Video Quality Enhancement targeting edge devices, with a
particular focus on real-time execution under strict resource con-
straints. The surveyed works demonstrate that while advanced
mechanisms such as optical flow, deformable convolutions, recur-
rent models, and transformers can significantly improve visual
quality, their computational and energy costs often render them
impractical for deployment on resource-limited platforms. As a
result, most edge-oriented solutions favor lightweight CNN-based
architectures, selective processing strategies, and reduced input
resolutions to achieve feasible frame rates.

The analysis reveals two dominant research directions: system-
level frameworks that optimize video delivery pipelines by reusing
codec information or distributing computation across edge and
client devices, and model-level approaches that introduce efficient
architectural blocks, compact networks, and hardware-aware op-
timizations. Despite notable progress, several challenges remain
unresolved, including the lack of standardized validation platforms,
the difficulty of fairly comparing models across heterogeneous hard-
ware, and the inherent trade-off between perceptual quality and
computational efficiency. Moreover, results indicate that architec-
tures operating on extremely low input resolutions often struggle to
achieve high objective quality metrics, highlighting a fundamental
limitation of aggressive resolution reduction strategies.

As future work, this study will conduct a more in-depth investi-
gation of the main architectures identified in the literature, focusing
on a comprehensive and fair analysis of their performance and en-
ergy consumption under standardized conditions, using the same
equipment and experimental setup. The goal is to preserve com-
petitive visual quality while significantly reducing computational
cost, memory footprint, and energy consumption, enabling robust
real-time VQE deployment on widely adopted edge platforms.
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