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Abstract—In the face of growing demands for high-quality
digital media, enhancing video streaming quality remains a
significant challenge, particularly in environments with diverse
internet connectivity and limited bandwidth. This paper proposes
the Edge-enhanced Streaming (EES) scheme, which leverages
edge computing and machine learning to upscale low-bitrate
video frames to higher resolutions. Utilizing the distributed
computational power of edge devices such as smartphones and
laptops, our methodology involves segmenting each video frame
into smaller sub-frames. These sub-frames are then processed
using a Super-Resolution (SR) machine learning model across
available edge devices within the network. This approach opti-
mizes underutilized computational resources, improves processing
times, and reduces energy consumption, making it a highly
suitable approach for real-time video streaming applications.
Furthermore, to address the challenge of device reliability,
we incorporate a task replication strategy, ensuring consistent
quality improvements even with potential fluctuations in device
availability. We evaluate our proposed scheme using the PRIM
dataset from the PIRM-SR Challenge. Extensive simulations
demonstrate significant enhancements in video quality, confirming
the effectiveness of our distributed SR technique in overcoming
bandwidth constraints and improving user experience.

Index Terms—Edge Computing, Resources Provisioning, Task
Replication, Super-resolution, Reliability, Bandwidth Limitations,
Quality of Service

I. INTRODUCTION

As the Internet of Things (IoT) and digital media con-
sumption continue to surge globally, the demand for high-
quality video streaming has become increasingly pronounced.
By 2025, the number of IoT devices is expected to exceed
75 billion [1], substantially increasing the demands on net-
work and computing resources. This proliferation of devices
and data-intensive applications, such as high-definition video
streaming, presents significant challenges in maintaining qual-
ity of service (QoS) amid varying internet connectivity and
bandwidth limitations [2].

Edge Computing (EC) has emerged as a solution to these
challenges. By decentralizing data processing to devices closer
to data sources, such as smartphones, tablets, and laptops. EC
reduces dependency on distant data centers [3], potentially
reducing latency and network congestion. This paradigm shift
is particularly relevant in scenarios where traditional video
streaming solutions falter, such as during periods of low band-

width availability. This reduces the video bitrate, significantly
degrading the viewing experience. [4].

The ever-increasing digital media traffic necessitates a
paradigm shift in processing and delivering video content.
EC enables content processing directly at the network’s edge,
closer to users, helping manage bandwidth more effectively
while enhancing user experience by providing higher video
quality [5].

Our research capitalizes on the capabilities of EC to enhance
video streaming quality using machine learning-based Super-
Resolution (SR) techniques [6]. Unlike traditional approaches
that dynamically adjust video quality, our method aims to
upscale the resolution of video frames under constrained
bandwidth conditions by leveraging the computational power
of edge devices within the network. This distributed approach
not only improves the quality of streamed video but also
democratizes access to high-quality content across diverse
network environments.

A critical issue in deploying EC solutions is the reliability
of the user-owned devices, which can vary dramatically in
their availability and computational capacity. These devices are
subject to the dynamic behavior of their users, who may engage
them in other demanding applications, thus affecting their
ability to consistently contribute resources for edge computing
tasks. To maintain consistent service amidst variability, our ap-
proach incorporates a replication strategy. By duplicating tasks
across multiple devices, we can mitigate the impact of any
single device’s failure or unavailability, thereby maintaining
the overall reliability of the system.

Furthermore, our approach is designed to accommodate the
dynamic nature of network conditions and device availability
without compromising the end-user experience. By intelli-
gently managing the distribution and replication of tasks, we
can handle fluctuations in device performance and network
conditions more effectively.

The main contributions of this paper are:

1) We leverage the underutilized resources, such as smart-
phones, laptops, and connected vehicles at the edge to
improve video quality, focusing on enhancing the resolu-
tion of low-bitrate video frames using SR techniques.

2) We employ advanced machine learning models, particu-
larly Generative Adversarial Networks (GANs), to effec-
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tively upscale video quality in a distributed computing
environment.

3) We introduce a segmented processing strategy, dividing
video frames into smaller sub-frames that are enhanced in-
dependently on different edge devices, promoting efficient
resource utilization and reducing the latency typically
associated with centralized processing.

4) We implement task replication to enhance the reliability
of our edge computing framework, ensuring robust video
streaming even when individual devices are unavailable
or underperforming.

In the following sections, we provide a comprehensive
review of related work that sets the foundation for our research,
followed by a detailed description of our proposed framework.
The evaluation section offers an assessment of our approach,
employing a variety of metrics to quantify improvements
in video quality and user experience. Finally, we discuss
the broader implications of our findings and conclude with
reflections on the future of video streaming in the age of EC.

Our research highlights the potential of distributed SR
techniques in enhancing video streaming quality in a scalable
and efficient manner.

II. RELATED WORK AND MOTIVATION

Enhancing video quality in bandwidth-constrained environ-
ments has been a subject of considerable research interest,
leading to the exploration of various techniques and method-
ologies. This section reviews relevant literature in the fields
of super-resolution, machine learning applications in video
enhancement, and the utilization of EC for video processing.

The field of SR has significantly advanced with the advent of
deep learning techniques, providing a foundation for enhancing
low-resolution video frames.

Xintao Wang et al. [7] present an advancement in the
field of single-image super-resolution (SR) with their En-
hanced Super-Resolution Generative Adversarial Networks
(ESR-GAN). Building upon the Super-Resolution Generative
Adversarial Networks (SRGAN) model, they introduced sev-
eral key innovations, including a new network architecture,
improvements in adversarial loss, and optimizations in percep-
tual loss. Notably, they developed Residual-in-Residual Dense
Blocks (RRDB), employed a relativistic GAN approach, and
optimized the perceptual loss using features before activation.
These modifications significantly enhance texture detail and
visual realism while reducing artifacts. The effectiveness of
ESR-GAN is evident in its performance, achieving first place in
the PIRM2018-SR Challenge, marking a notable advancement
in SR imaging techniques.

The work in [8] explores enhancing high-definition video
streaming over mobile networks through a framework called
LiveSR, which uses EC to improve streaming quality and re-
duce backhaul network load. Employing deep neural network-
based SR at the edge, LiveSR significantly reduced backhaul
traffic and increased the Quality of Experience (QoE) in real

5G tests. This approach demonstrates a scalable solution to
manage bandwidth demands and alleviates network congestion.

Michelini et al. [9] present edge-SR (eSR), an SR framework
optimized for edge devices like smartphones. eSR introduces
lightweight one-layer architectures that balance image quality
with computational efficiency, which are suitable for real-
time applications on devices with limited processing power.
This method narrows the gap between traditional upscaling
techniques and advanced deep learning-based SR approaches.
Through extensive testing, eSR demonstrates effective speed-
quality trade-offs, offering a scalable SR solution for EC. This
work enhances real-time image upscaling on edge devices and
sheds light on the mechanisms behind SR, contributing to
future developments in edge-based image processing.

Existing studies have significantly advanced SR techniques
using deep-learning and EC, yet there is a gap in address-
ing the distributed processing of these tasks across multiple
edge devices, especially the underutilized resources. Current
research does not fully address enhancing video quality by dis-
tributing the workload among various devices. This approach
is promising for real-time, high-quality video enhancement in
bandwidth-limited settings. Our work proposes a framework
that uses the collective power of edge devices for a scalable
improvement in video streaming quality without needing high-
speed internet.

III. EDGE-ENHANCED STREAMING (EES)

Our proposed Edge-enhanced Streaming (EES) scheme
strategically allocates and replicates the workload of a single
SR task across multiple edge devices. This approach involves
processing a low-resolution frame to generate a high-resolution
image, thereby enhancing video quality in environments with
poor network conditions. By distributing the computational
load, EES leverages the collective processing capabilities of
edge devices, optimizing the SR process for real-time perfor-
mance and minimizing the impact of bandwidth constraints
on video streaming quality. This method not only facilitates
a more efficient use of edge computational resources but also
ensures that high-quality video content is accessible even in
areas with limited internet connectivity to enhance the video
quality under poor network conditions.

A. System Model and Overview

Consider a video v streamed in a poor network environ-
ment, which comprises = number of frames denoted F =
{f1, -+, fz} Each frame f;,Vk € F will be split into multiple
sub-frames of size s, denoted f with the splitting criteria
depending on the availability and conditions of the edge
workers within the area. Consider a set of M SR tasks denoted

I'={v, - ,ym} and a set of N edge workers within the
area denoted W = {wy, - - ,wy}. Each task v; € T'is defined
by: a data size 7?2“"‘ in bits, a processing density fyj"‘ns“y in

CPU cycles/bit, that is, the number of CPU cycles required to
process a single bit of task’s data, and a specific computation

597

Authorized licensed use limited to: Queen's University. Downloaded on April 01,2025 at 18:36:08 UTC from IEEE Xplore. Restrictions apply.



2024 IEEE Global Communications Conference: Communication QoS, Reliability and Modeling

delay deadline yde‘*d““e which is the maximum acceptable

computation delay as specified by the task requester. Each task
«; is assigned to an edge worker and replicated as needed
to mitigate potential failures due to uncertain availability and
limited computational capacity. Each worker w; has a CPU
capacity wCPU in cycles/seconds, a CPU utilization qVtilization
indicating the amount of load handled by the worker’s CPU,
and a maximum number of tasks w® that can be carried on
to avoid overloading the worker.

Task requests are dispatched to a centralized controller c,
which scans the vicinity for workers. The decision regarding
task allocation and replication is made by the controller c.

Our goal is to enhance video streaming in bandwidth-limited
environments by optimizing task distribution on edge devices.
We replicate tasks across multiple devices to ensure consistent
quality. This strategy maximizes resource utilization and adapts
to network fluctuations.

B. System Architecture and Implementation Details

We employ Docker containerization technology [10] to
simulate and leverage edge workers for executing SR tasks.
Docker containers offer a lightweight method for deploying
applications, encapsulating all necessary dependencies without
relying on the host operating system or underlying hardware.
This capability ensures Docker containers can operate across
nearly any platform, making them an optimal choice for SR
tasks, especially given the heterogeneity and limited processing
capabilities of the workers. The orchestrator ¢ receives low-
resolution video frames F, divides each frame f into multiple
smaller sub-frames f and for each sub-frame f k1, initiates
a Docker container on a worker w;. Each container runs the
SR task with all necessary dependencies. The results from all
workers are aggregated, and the synthesized high-resolution
image is broadcast back to the video playback device, thereby
enhancing video quality under bandwidth constraints.

Fig. (1) depicts a sophisticated mechanism that allows the
orchestrator to assess the availability and capabilities of the
edge workers before distributing the workload. Docker contain-
ers, running on the workers, are each tasked with processing
assigned sub-frames. This ensures efficient use of computa-
tional resources across the network and facilitates the rapid
processing and reassembly of super-resolved sub-frames by the
orchestrator into the final high-resolution video frame. This
approach minimizes latency, optimizes energy consumption,
and maximizes streaming quality. Task replication enhances
worker reliability by distributing multiple SR tasks across
different workers, thereby reducing the impact of individual
worker failures. The number of replicas for each SR task is
determined based on the number of available workers, the
required cycles for task «y;, and the worker’s CPU utilization
over a specified time period.

First, we calculate the number of cycles required by task ~;
using Eq. (1),

’y;:.ycles _ ,Yjensityfygam Vj el (1)

Then, we determine the available CPU cycles for worker w;
using Eq. (2),

cveles 100 — qptilization ]
w;)’cleb — (W wEPUwgorest (2)

where w;°"** denotes the number of CPU cores of w;, and ¢
represents the time period, in seconds, over which we estimate

the free cycles of worker w;.

Finally, the number of replicas for each task is determined
using Eq. (3).

;_CPlicas _ ;)’CICS,Y;_Iala 3)
where the task cycles 7] e are multiplied by the task data
vja‘a to adjust the number of replicas according to the size of
the task data.

We use the RTAR-H scheme [11], which is based on a
bipartite graph game-theoretic matching algorithm, to allocate
workers to SR tasks. The steps we use to allocate and replicate
the set of tasks I' to the set of workers WV are illustrated in

Algorithm 1.

Algorithm 1 EES at the Orchestrator

Input:
N: number of workers
£+ low-resolution frame to be processed
Wit sub-frame window width
vheight: gub-frame window height
WCPU: a vector of workers” CPU capacities
WWEOres: a vector of workers’ number of cores
yyutilization: 5 vector of workers” CPU utilization over time ¢
Wsks: a vector representing the maximum number of tasks each worker can
carry on
Output:
f: the super-resolved frame after processing
1: functlon EES(N FCPU WutlllZdIlOn Wtdsks)
2 f < SPLIT_INTO_SUB_FRAMES (f, v™idth,
3: (Ddensity pdawy o GpT_TASKS_SPECS(f)
4 [eyeles ¢ CALCULATE_TASKS_CYCLES(I'density Tdata)

height)

: // from Eq.
()]

3)
6: WSS« CALCULATE_WORKERS_AVAIL_CYCLES (W tilization
7: WEPU yypeores ) /l from Eq. (2)
8: wreP «— {100} /I repeated for all elements
9: X « RTAR_HEURISTIC(WW"eP, Treplicas ypjcycles 'y tasks)

W

[replicas  GET_TASK_REPLICAS_COUNT(T'Yeles T4a@) //from Eq.

10: [ ¢ SEND_TASKS_TO_WORKERS(X, rdaa )
11: f < COMBINE_SUB_FRAMES( f)
12: return f

13: end function

In Algorithm 1, we first split the input frame f, as described
in line (2), into multiple sub-frames. The size of each sub-
frame is determined by the input window’s width v™4h and
height v"€", The number of generated sub-frames depends
on the window dimensions and the size of the frame. In
line (3), we calculate the task specifications using the pixels
information. In line (4), the CPU cycles required for the tasks
are calculated according to Eq. (1). The estimated number of
workers for the tasks, denoted as T'™Plias g calculated in line
(5) based on Eq. (3). The available CPU cycles of the workers
are calculated using Eq. (2) in line (7). The RTAR-H algorithm
[11] recruits workers based on the reputations of the workers;
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Figure 1: A system overview of the proposed scheme.

however, since our scheme does not focus on workers’ repu-
tations we set the reputations of all workers to the maximum
value in line (8). Line (9) finds the optimal task assignments to
workers; we use I'™P® instead of task budget in the original
scheme [11], and WS instead of workers costs. In line (10),
the allocation of sub-frames to workers, along with the task
data, is sent to the workers for processing; subsequently, the
function returns the super-resolved sub-frames f. In line (11),
the sub-frames are recombined into the output image f in the
same order they were originally sent to the workers because
there is no guarantee that the sub-frames will be returned in
the same order as they appear in the original frame f. Due
to replication, the result of a sub-frame might be returned
multiple times to the orchestrator; in such cases, we take the
first returned result and disregard the others. For each SR task,
we use the ESRGAN scheme [7] that won first place in region
three in the PIRM2018-Challenge [12].

IV. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the EES
scheme across various environments and settings. Initially,
we assess the quality of the super-resolved frames to ensure
that the frame-splitting process does not adversely affect their
quality. This assessment is conducted both visually and quan-
titatively using two specific performance metrics. Furthermore,
we evaluate the efficiency gains from distributing the workload
across edge workers instead of performing the SR tasks solely

on the video playback device. To this end, we employ the
following performance metrics: 1) Peak Signal-to-Noise Ratio
(PSNR) [13]: Due to the lack of a standard and effective
metric for perceptual quality, we assess the quality of su-
per-resolved images by calculating the PSNR value between
the super-resolved image and its ground truth. 2) Perceptual
Index (PI): Introduced by the PIRM challenge [12], this metric
assesses the quality of images where no reference (ground
truth) exists. 3) Average Processing Time (APT): Measures
the mean duration taken to complete the super-resolution tasks,
from task initiation on the edge devices to the aggregation of
results.

A. Dataset

We evaluate the proposed EES scheme on the prominent
PIRM-SR dataset [12], using the test set. This dataset es-
tablished the first benchmark for SR algorithms focused on
perceptual quality. The innovative evaluation methodology
introduced in [12] allowed for the evaluation and ranking of
perceptual SR techniques together with those aimed at PSNR
maximization. We assess the PSNR and PI scores for 300 low-
resolution images using the EES scheme.

B. Simulation Setup

We implement the EES scheme using Python and container-
ization using Docker [10]. Each container is equipped with
a pre-configured light-weight web app using Fast API [14].
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Figure 2: Qualitative results of SR tasks of three different images from the PRIM dataset [12]. The resulting images can be
evaluated visually by comparing it with the ground truth image. The PI an PSNR scores, used in PIRM-SR challenge [12], are
used to assess the quality of the super-resolved images. The results show more natural textures, e.g., bird’s feather, building

structure and grass texture.

The maximum number of workers tested is 100. The workload
intensity of tasks ’yge"my is in the range of [1 — 5]x10?

cycle/bit.

C. Simulation Results and Analysis

Fig. 2 presents the qualitative outcomes of the SR tasks
applied to test set images from the PRIM dataset. The analysis
compares the original ground truth images with their down-
sampled and subsequently super-resolved counterparts.

Figs. 2a, 2d, and 2g depict the ground truth images, pro-
viding a benchmark for visual quality using PI. Figs. 2b,
2e, and 2h illustrate the 4x downsampled images, which
show significant degradation in detail and clarity due to lower

resolution. Finally, Figs. 2c, 2f, and 2i showcase the super-
resolved images, where enhanced clarity and restored details
are evident. The super-resolved images closely approximate
the ground truth images’ visual quality, demonstrating our
scheme’s effectiveness. This is quantitatively supported by the
improved PI and PSNR scores observed in the super-resolved
images compared to the downsampled versions. For instance,
the PI improves significantly in the super-resolved images,
indicating a closer match to the perceptual quality of the
ground truth images. This substantial enhancement in both
PI and PSNR scores validates our approach, highlighting its
potential to effectively upscale video quality in bandwidth-
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Figure 3: Average Processing Time (APT)

constrained environments, even when the image is split into
sub-frames.

Fig. 3 illustrates the relationship between the number of
edge workers and the Average Processing Time (APT) for SR
tasks, demonstrating a downward trend in processing times
as more workers are added. This indicates that the EES
system efficiently utilizes parallel computation capabilities of
distributed edge workers, thus reducing total processing time
and showcasing the system’s scalability. The graph suggests
that with an increase in edge workers, the system can handle
larger workloads more efficiently by distributing tasks among
available resources. These results are from an experiment
where we used a large image of 6776 in width and 5656 in
height.

V. CONCLUSION

This paper introduced the Edge-enhanced Streaming (EES)
scheme, leveraging edge computing and advanced machine
learning to enhance video streaming in bandwidth-constrained
environments. Our experiments, utilizing the PRIM dataset,
demonstrated significant improvements in video quality, con-
firming the effectiveness of distributed Super-Resolution (SR)
techniques. The approach notably benefits from a segmented
processing strategy and task replication, which enhances reli-
ability and service consistency. Future work will focus on im-
proving scalability, integrating newer machine learning models
to further optimize video upscaling, developing more sophis-
ticated techniques for accurately calculating the number of re-
quired replicas based on various parameters, and incorporating
more complex scenarios to better evaluate the robustness and
applicability of the proposed scheme in diverse settings.
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