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Abstract

Efficient video transmission over low-bandwidth and unstable networks
remains a central challenge for real-time applications such as telemedicine,
remote surveillance, and edge-based video analytics. Conventional adaptive
streaming approaches such as DASH and HLS operate primarily at the
application layer, adjusting bitrates reactively based on buffer occupancy or
short-term throughput. These strategies often fail under abrupt bandwidth
fluctuations, leading to quality oscillations and excessive rebuffering. This
paper proposes a cross-layer bitrate optimization framework that unifies
lightweight adaptive encoding with a control-theoretic feedback loop driven
by real-time network metrics. The framework jointly considers content com-
plexity, encoder parameters, and network congestion signals to dynamically
regulate bitrate across both the network and application layers. A lightweight
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encoder enhancement module performs perceptually guided bit allocation
using saliency-aware analysis, while the control loop ensures fast conver-
gence of target bitrate and stability against throughput variability. Extensive
experiments across Wi-Fi, 4G, and simulated edge-network traces show
that the proposed system achieves 30—40% bitrate reduction compared with
H.264/H.265 adaptive streaming baselines, with PSNR gains up to 1.2 dB
and SSIM improvements of 0.02, while reducing buffering time by over
35%. These results establish that the synergy of control-theoretic adaptation
and lightweight encoding yields a scalable, low-complexity solution suitable
for next-generation low-bitrate video communication systems operating on
mobile and edge devices.

Keywords: Cross-layer optimization, adaptive encoding, low-bandwidth
video transmission, control-theoretic feedback, lightweight encoder enhance-
ment.

1 Introduction

With the proliferation of video-centric applications such as telemedicine,
mobile streaming, remote surveillance, and edge-assisted 10T, efficient video
delivery over low-bandwidth and unstable networks has become a critical
challenge [1-3]. Unlike traditional wired environments, mobile and edge
networks exhibit dynamic variations in throughput, latency, and packet loss.
These fluctuations directly degrade user experience, particularly for real-time
and interactive services that require minimal buffering delay and consistent
perceptual quality [4]. As network heterogeneity increases, ranging from
3G/4G/5G cellular systems to Wi-Fi and ad-hoc links, maintaining video
quality under constrained bandwidth demands coordinated optimization
across both encoding strategy and transmission control [5].

Conventional adaptive bitrate (ABR) mechanisms, such as dynamic adap-
tive streaming over HTTP (DASH) [6] and HTTP live streaming (HLS) [7],
rely primarily on application-layer feedback like buffer occupancy or seg-
ment download time. Although these methods adapt to coarse bandwidth
variations, they lack awareness of underlying network-layer parameters —
such as instantaneous congestion, packet loss, and round-trip delay — that
strongly influence effective throughput [8]. Consequently, when network
conditions fluctuate rapidly, ABR clients often over- or under-estimate avail-
able bandwidth, resulting in oscillatory bitrate decisions, frequent quality
switching, and playback stalls [9].
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To overcome these issues, cross-layer optimization frameworks have
been explored to integrate network metrics into application-level control
loops [10-12]. By exploiting information such as queue length or link-layer
retransmissions, these approaches achieve improved stability and through-
put utilization. In parallel, machine-learning-based bitrate control, such as
reinforcement-learning ABR (e.g., Pensieve [13]), has shown promise in
predicting network dynamics. However, most of these schemes empha-
size the decision layer (bitrate selection) rather than the encoding process
itself, assuming a fixed codec configuration. This separation limits the
achievable bitrate—quality trade-off, especially in bandwidth-limited edge
deployments.

In edge or embedded systems, computational resources and energy bud-
gets are constrained. Advanced encoders like H.265/HEVC or AV1 provide
high compression efficiency but require significant processing time [14].
Attempts to reduce complexity often degrade visual quality or fail to adapt
swiftly to network changes [15]. Hence, a key challenge is to design an
adaptive encoding mechanism that remains lightweight, yet responsive to
both video content complexity and real-time network feedback.

Existing works either focus on network-level congestion control without
optimizing encoder parameters, or they enhance encoding efficiency without
considering instantaneous network variations. Very few frameworks perform
joint bitrate optimization across layers while ensuring real-time deployability
on resource-limited edge devices. Moreover, limited research has addressed
how to harmonize content-driven bitrate allocation with feedback-driven
transmission control under highly variable network conditions.

To bridge these gaps, this paper proposes a cross-layer bitrate opti-
mization framework that couples a lightweight adaptive encoder with a
network-aware bitrate control module. The proposed system dynamically
adjusts quantization parameters, the group-of-pictures (GOP) structure, and
frame skipping based on both video-content characteristics and live network
feedback (latency, packet loss, and throughput). A bitrate-decision engine
coordinates between the application and network layers, jointly minimizing
bandwidth usage while maintaining perceptual quality. Extensive experi-
ments show that the proposed framework achieves up to 30-40% bitrate
reduction relative to baseline H.264/H.265 adaptive streaming, with improved
PSNR/SSIM and lower buffering delay under fluctuating networks. The
approach is designed for low-complexity deployment on embedded and edge
platforms, providing a scalable and practical solution for next-generation
low-bitrate video communication systems.
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2 Related Work
2.1 Adaptive Bitrate (ABR) Streaming Techniques

Adaptive bitrate (ABR) streaming has become the dominant approach
for delivering video over heterogeneous networks, with standards such as
dynamic adaptive streaming over HTTP (DASH) [6] and HTTP live stream-
ing (HLS) [7]. These systems divide a video into multiple segments encoded
at different bitrates; the client selects the next segment’s bitrate based on
estimated throughput or buffer occupancy. Several algorithms, namely rate-
based, buffer-based, and hybrid heuristics, have been proposed to improve
switching stability and reduce rebuffering events [16, 17].

More recently, reinforcement-learning-based ABR controllers such as
Pensieve [13], BOLA [4], and MPC-ABR [17] learn policies that map net-
work observations to bitrate actions. While such methods improve long-term
QoE, they largely operate at the application layer and remain agnostic to
lower-layer network conditions such as queue dynamics or link-layer retrans-
missions. This isolation restricts their responsiveness in environments with
sudden bandwidth drops, e.g., cellular or vehicular links [19]. Consequently,
current ABR frameworks struggle to jointly optimize bitrate selection and
encoding parameters under highly variable network conditions.

2.2 Cross-layer Optimization for Video Transmission

Cross-layer optimization has been extensively studied to enhance wireless
video streaming performance [10-12, 20]. Unlike traditional layered designs,
cross-layer schemes coordinate information exchange between network,
transport, and application layers. Early works adjusted packet scheduling
or error-protection strength based on physical-layer channel quality [21].
Later research incorporated MAC-layer congestion metrics or transport-layer
round-trip time (RTT) into video rate control [22].

Recent frameworks have employed end-to-end QoE models, integrat-
ing congestion-control algorithms such as BBR [23] or PCC-Vivace with
application-layer bitrate selection [24]. Others apply deep reinforcement
learning to jointly tune congestion-window size and encoding rate [24].
Despite these advances, most cross-layer systems remain computationally
heavy, or require kernel-level access and custom transport stacks, limiting
deployment on edge devices or lightweight IoT nodes. Furthermore, few
approaches explicitly connect content complexity or encoder behavior to
real-time network conditions, leaving a gap in holistic bitrate optimization.
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2.3 Lightweight Encoding and Edge-aware Adaptation

Traditional encoders such as H.264/AVC and H.265/HEVC achieve high
compression efficiency at the cost of intensive motion estimation and
mode-decision processes [14]. Several studies have attempted to reduce
encoding complexity through fast-mode decision, early termination, and
coding-unit (CU) pruning [25, 26]. Emerging lightweight encoding strate-
gies further exploit content analysis, detecting regions of motion or tex-
ture importance, to guide bit allocation [27]. Meanwhile, edge-oriented
approaches adopt hardware-constrained encoders (e.g., Jetson Nano, Rasp-
berry Pi) with simplified quantization control or frame-skipping mecha-
nisms [28].

Although these methods reduce computation, they typically ignore real-
time network dynamics, assuming stable bandwidth. When deployed in
mobile or remote environments, their static encoding decisions can quickly
become suboptimal. Hence, a practical solution must jointly adapt encoding
parameters and network bitrate control while maintaining computational
efficiency suitable for edge deployment.

2.4 Summary and Research Gap

Existing approaches to adaptive video delivery excel in one of three dimen-
sions but rarely address all simultaneously. Application-layer ABR methods
(e.g., DASH/HLS and their MPC/RL controllers) deliver stable playback
by reacting primarily to buffer and coarse throughput signals [3, 16-19];
however, their decisions are largely blind to lower-layer congestion dynamics
and queue behavior, which leads to bitrate oscillations and playback stalls
under rapid network fluctuations [8, 9].

Cross-layer frameworks attempt to bridge this gap by incorporating
transport- and network-layer feedback (e.g., RTT, loss, cwnd) and pairing
application-layer adaptation with modern congestion-control mechanisms
[10, 11, 23, 24]. While this gives improved utilization and robustness, many
such systems require non-trivial integration at the operating-system or
protocol-stack level and often do not adapt encoder parameters, thus limiting
deployment on resource-constrained edge devices.

Meanwhile, lightweight encoding strategies have made significant strides
by reducing computational overhead through fast-mode decisions, coding-
unit pruning, and learned shortcuts for codecs like HEVC/VVC [14, 25-27].
Yet these methods typically assume quasi-stationary bandwidth and do not
couple encoding decisions with real-time network feedback. As a result, they
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may deliver sub-optimal rate—quality—latency performance in highly variable
links (cellular, Wi-Fi, UAV) [15].

Therefore, the open research gap lies in creating a practical, real-
time framework that (i) fuses network-layer feedback (latency, packet loss,
throughput) with application-layer ABR logic, (ii) actively steers encoder
parameters (e.g., QP, GOP, frame skipping, saliency/ROI bit-allocation)
dynamically, and (iii) runs under tight edge-compute budgets. The framework
proposed in this paper addresses precisely this intersection, coordinating a
low-overhead encoder-adaptation module with a network-aware controller to
achieve substantial bitrate savings while maintaining perceptual quality under
low-bandwidth, unstable conditions.

3 System Architecture

The proposed cross-layer bitrate optimization framework integrates network
feedback, adaptive encoding control, and a joint bitrate-decision mechanism
to maintain perceptual video quality under fluctuating bandwidth while mini-
mizing transmission cost. As shown in Figure 1, the framework comprises
four interdependent modules (i.e., network feedback, encoder adaptation,
bitrate decision, and edge deployment interface) organized in a closed-loop
control structure. This design allows the system to continuously monitor
network conditions, analyze encoder performance, and adapt the encoding
process dynamically in real time. The architecture is lightweight and modular,
making it suitable for deployment on resource-constrained edge devices such
as embedded gateways, UAV platforms, and IoT video sensors.

3.1 Overall Architecture

Figure 1 conceptually illustrates the data flow among the four functional
components of the framework. The network feedback module (NFM) contin-
uously measures end-to-end transport statistics, such as throughput, latency,
and packet-loss ratio, to reflect current link conditions. The encoder adapta-
tion module (EAM) interprets this information and adjusts encoder param-
eters, including quantization level, group-of-pictures (GOP) structure, and
frame selection policy, to match the available bandwidth. The bitrate decision
engine (BDE) acts as a coordination layer that fuses information from both
the encoder and the network, determining the target bitrate for each trans-
mission cycle. Finally, the edge deployment interface (EDI) connects these
modules with the operating environment, managing device-level scheduling,
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Figure 1 Overall system architecture of the proposed cross-layer bitrate optimization frame-
work. The modules form a closed feedback loop between encoder adaptation and network
control, enabling low-bandwidth video transmission with stable perceptual quality.

data buffering, and hardware acceleration when available. These components
cooperate in a recurrent feedback loop: after each encoded segment is trans-
mitted, the network feedback is analyzed, a new target bitrate is computed,
and the encoder settings are updated before the next segment is produced.
This continuous adaptation ensures that encoding and transmission remain
synchronized with instantaneous network capacity.

Unlike conventional ABR or cross-layer strategies that treat encoding
and bitrate selection as separate decision processes, the novelty of this
work lies in the explicit coupling of the encoder-adaptation behavior with
a mathematically governed control loop. Prior systems typically operate at
the application layer and adjust segment-level bitrates without influencing the
encoder structure (GOP, QP evolution, frame selection). The proposed design
unifies the feedback-driven PID regulator with content-complexity-aware
encoder parameters, enabling the controller to directly govern structural
encoder decisions in real time. This joint control of encoding and trans-
mission represents a departure from existing event-driven or RL-based ABR
systems and constitutes the fundamental design innovation of this framework.
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3.2 Network Feedback Module

The network feedback module serves as the sensing layer of the framework.
It collects real-time statistics from both the transport protocol stack and the
application layer to capture short-term network fluctuations. Metrics such
as measured throughput 7;, round-trip latency [;, and packet-loss ratio p;
are aggregated into a feedback vector Ny = {ry,l;,p;} at each decision
interval . To balance responsiveness and stability, the module employs a
sliding-window averaging process of 100-500 ms, filtering transient spikes
while preserving meaningful variations. Unlike traditional adaptive streaming
clients that rely solely on playback-buffer occupancy or segment down-
load time, this module directly reflects transport-layer congestion dynamics,
enabling rapid reactions to queue build-up or wireless interference. The
normalized metrics are forwarded to the bitrate decision engine, where they
influence bitrate prediction and encoder control. This cross-layer visibility is
crucial for maintaining high video quality during sudden capacity drops in
mobile or shared-bandwidth networks.

We additionally analyzed system behavior under edge-case conditions
such as sparse packet arrivals and highly bursty wireless bandwidth. When
throughput samples temporally disappear or fall below the estimator’s noise
threshold, the network feedback module automatically extends the smoothing
window and falls back to a conservative estimate derived from the last
stable interval. This prevents spurious bitrate drops caused by isolated packet
gaps. Conversely, for bursty bandwidth spikes, the controller limits upward
bitrate adjustments through a capped derivative term, ensuring that short-lived
increases do not induce unstable oscillations. These safeguards help maintain
stable bitrate tracking even under challenging traffic irregularities.

3.3 Encoder Adaptation Module

The encoder adaptation module acts as the actuator of the control loop. It
modulates encoder behavior according to both network feedback and intrinsic
video content characteristics. The module dynamically adjusts the quanti-
zation parameter (QP) based on the target bitrate provided by the decision
engine, thereby controlling the compression strength in real time. It also reg-
ulates structural aspects of the encoding process such as the group-of-pictures
length, reference-frame distance, and intra-refresh period by shortening
prediction chains when bandwidth decreases to limit error propagation. Fur-
thermore, the module employs content-aware frame selection, using motion-
vector magnitude and spatial variance to detect perceptually important
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regions. Frames or areas with low motion are encoded at reduced fidelity or
skipped entirely, while high-motion or high-texture regions are preserved at
higher quality. A lightweight complexity estimator embedded in this module
computes these spatio-temporal statistics with minimal overhead, ensuring
compatibility with low-power processors. By coupling content-driven adap-
tation with real-time feedback, the module achieves a fine balance between
bitrate reduction and perceptual stability.

3.4 Bitrate Decision Engine

At the core of the architecture lies the bitrate decision engine, which performs
joint optimization across layers. The engine receives network statistics from
the NFM and encoder-state information from the EAM, then determines the
optimal target bitrate R*(¢) for the next encoding interval. The decision
process aims to minimize a composite cost function that balances visual
quality deviation and network utilization:

R* (t) = arg mén[[/\Q’Qt - Qtarget’ + [/\B maX(O, R — Bt)] (1)

where (); represents the current estimated perceptual quality (for instance,
predicted PSNR or SSIM), B; is the estimated network throughput, and
Ag and Ap are weighting factors governing the trade-off between quality
consistency and congestion avoidance. The engine incorporates a dual-mode
control strategy: a feed-forward predictor that anticipates future bandwidth
based on historical samples, and a feedback controller that corrects estimation
errors using the latest delay and loss information. Once a new bitrate target
is computed, the engine translates it into corresponding encoder directives,
specifically QP updates and GOP adjustments, and dispatches them to the
EAM. This design ensures that both encoding and transport layers operate
under a unified control objective rather than making isolated decisions.

3.5 Edge Deployment Interface

The edge deployment interface provides the operational backbone for inte-
grating the framework into real-world devices. It offers a lightweight
middleware that connects sensor inputs, encoding processes, and network
stacks through standardized APIs. The interface manages frame buffer-
ing, timing synchronization, and communication with hardware-accelerated
encoding engines such as NVIDIA NVENC or ARM NEON. It also includes
resource-awareness mechanisms that monitor CPU usage, memory pressure,
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and thermal conditions, scaling the frame rate or resolution when system
constraints tighten. By encapsulating these functionalities, the EDI allows
the proposed framework to run on a broad range of platforms from embedded
IoT cameras to mobile gateways, without requiring kernel-level modifications
or specialized drivers. This portability is central to the framework’s practical
deployability in bandwidth-limited field environments.

3.6 Operational Workflow

The complete operational cycle proceeds in five sequential stages. First,
during initialization, the encoder and network modules start with baseline
parameters derived from startup bandwidth probing. Second, in the measure-
ment stage, the NFM captures and aggregates the current network metrics.
Third, the decision stage invokes the BDE to compute an updated target
bitrate and corresponding encoder configuration. Fourth, the adaptation stage
applies these new settings within the EAM, adjusting QP, GOP length, and
frame rate to align with network conditions. Finally, in the transmission
stage, the encoded segment is delivered through the network interface, after
which the process repeats. Each loop executes within a sub-second timescale,
providing smooth responsiveness without inducing oscillations. The closed
feedback architecture thereby sustains stable quality and efficient utilization
under diverse and rapidly changing bandwidth conditions.

In rare cases where encoder reconfiguration is delayed, such as under
CPU saturation or thermal throttling, the orchestrator temporarily holds
the previous GOP parameters to avoid injecting inconsistent configuration
changes into the encoder pipeline. If control commands arrive faster than
the encoder can apply them, the system queues at most one pending update
to prevent cascading misfires. Similarly, if the feedback path is interrupted
(e.g., temporary loss of RTT measurements), the bitrate controller freezes R;
at its last valid state and prevents destabilizing updates until normal feedback
resumes. These fallback behaviors ensure safe operation even under hardware
or network anomalies.

4 Methodology and Optimization Model

The proposed framework applies closed-loop control theory to coordinate
video encoding and transmission across network and application layers.
Instead of treating bitrate selection as a discrete heuristic or machine-learning
prediction, it is modeled as a continuous feedback process that dynamically
regulates encoder output according to real-time network conditions. This
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section formalizes the control model, defines the governing equations, and
explains the operational workflow that ensures stability and responsiveness.

4.1 Control-theoretic Formulation

At each adaptation instant ##£, the encoder produces an output bitrate Rt R; Rt
that must align with the available network throughput Bt B; Bt while main-
taining a perceptual-quality target ()¢qr4e¢. The instantaneous control error is
expressed as

€t = 05<Bt - Rt) + ﬁ(erget - Qt) ()

where @J; denotes the current perceptual quality estimated at the encoder, and
«, [ are weighting coefficients balancing bandwidth utilization and quality
preservation.

A proportional-integral-derivative (PID) controller determines the bitrate
correction term

t
AR, = Kpey + K1 Y et + KD% 3)
=1
Rip1 =R+ ARy “4)

with Kp, K, and K p representing the proportional, integral, and derivative
gains. The proportional term provides rapid reaction to sudden congestion
changes, the integral term compensates for persistent bias, and the derivative
term suppresses overshoot during transient fluctuations. The controller thus
maintains the encoder within the feasible operating region R; < B; while
minimizing the deviation of perceptual quality from its target.

Because the quantization parameter (QP) in modern codecs is inversely
related to bitrate, the controller’s output is translated into encoder settings
through an affine mapping

QP = a — blogy(Rit1) )

where a, b > 0 are codec-specific constants determined by offline calibration.
This transformation ensures that control actions are directly executable at the
encoder level.

In practice, the constants a and b are derived from a one-time offline
calibration for each codec profile. For H.264 Baseline at 720p, we observed
typical values around ¢ = 45 and b = 6—8, consistent with empirically mea-
sured rate—distortion curves. While exact values vary by content class, this
affine-logarithmic mapping is stable across a broad range of operating bitrates
and enables direct translation from the controller output to encoder QP.
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4.2 Bandwidth and Quality Estimation

Accurate control requires reliable feedback. The available bandwidth B is
estimated from the moving average of transmitted packet sizes and inter-
arrival times derived from the network feedback module, while perceptual
quality Q); is estimated through a lightweight no-reference model embedded
in the encoder adaptation module. This estimator analyzes block variance,
motion-vector magnitude, and texture contrast to infer frame complexity in
real time without decoding overhead. Both B; and Q); are filtered using a low-
pass exponential smoothing kernel to eliminate transient noise. A dead-zone
threshold is introduced such that if |e;| < e, no bitrate update is triggered,
thereby preventing oscillations when the system operates near equilibrium.
Together, these estimators provide stable and low-latency feedback for the
control law.

To provide additional intuition, the no-reference perceptual estimator
approximates the “probability” that a frame exhibits quality degradation
under current encoder settings. This is implemented by normalizing block
variance, motion-vector magnitude, and texture contrast into a feature vector
fi. A logistic mapping Q; = ow' f; is then applied, where the weights
w are calibrated offline. Although not probabilistic in a strict statistical
sense, this mapping yields a differentiable sensitivity curve: frames with high
motion or fine texture yield larger (); gradients, prompting the controller
to decrease QP, whereas static or flat-texture regions push (J); toward lower
sensitivity. This formulation explains how quality estimation reacts smoothly
to spatio-temporal variations.

The impact of the bandwidth-estimation window size on stability and
responsiveness is further examined in Section 6.7.

4.3 Adaptive Control Loop and Stability Analysis

The integrated control loop combines measurement, decision, and adaptation
in a continuous process that spans both application and network layers.
Figure 2 illustrates the overall operational workflow. After initializa-
tion, the framework begins by measuring instantaneous network conditions
(throughput, latency, and packet loss) along with encoder-side quality statis-
tics. These measurements form the feedback vector (B;, Q)¢) used to compute
the control error e;. The PID controller then determines the bitrate adjustment
AR, and generates a new target bitrate ;1 1, which is converted to a corre-
sponding quantization parameter through the mapping in Equation (5). The
encoder adaptation module applies the updated settings to the next group
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Figure 2 Control-theoretic adaptive bitrate optimization framework.

of pictures, while the network interface transmits the resulting packets. As
acknowledgments and congestion metrics arrive, the network feedback mod-
ule updates the estimates of By, (J, thereby closing the loop. This iterative
mechanism ensures that encoding parameters continuously track the available
bandwidth and maintain consistent perceptual quality without the need for
predictive modeling or large computation overhead.

The stability of this control loop depends on the selection of the pro-
portional, integral, and derivative gains. Parameters are tuned empirically
following a Ziegler—Nichols-style method under a variety of emulated net-
work traces. For typical mobile scenarios with bandwidths between 0.5 Mb/s
and 10 Mb/s, convergence and smooth response were achieved with kp
between 0.2 and 0.4, k; between 0.05 and 0.1, and kp between 0.01 and
0.05. Linearization around the operating point confirms that all eigenvalues
of the closed-loop transfer function remain within the unit circle, ensuring
bounded stability. In practical deployment, these parameters are initialized to
nominal values and can adapt slightly based on observed steady-state error.

Overall, the proposed control loop provides a self-regulating mecha-
nism that harmonizes network feedback and encoder behavior. By jointly
considering congestion dynamics and content complexity, it achieves sta-
ble, low-oscillation bitrate adaptation with negligible computational burden,
attributes essential for deployment on embedded edge platforms.

5 Experimental Setup and Evaluation Protocol

5.1 Test Environment

All experiments were conducted in a hybrid testbed designed to evaluate
the framework under both high-performance and resource-constrained con-
ditions. The primary workstation comprised an Intel® Core™ i7-12700K
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CPU, 32 GB of RAM, and an NVIDIA RTX 4060 GPU operating on
Ubuntu 22.04 LTS. This platform was used for algorithm development, high-
resolution encoding, and control-loop validation. To emulate lightweight
deployments, the framework was also deployed on Raspberry Pi 4 (4 GB
RAM) and NVIDIA Jetson Nano platforms, representing typical edge com-
puting or IoT devices. The encoder was based on FFmpeg 6.1 configured with
an H.264 baseline profile, augmented by the proposed adaptive QP control
interface to allow real-time parameter updates from the control layer.

Network variability was emulated using Linux NetEm and Mininet,
enabling fine-grained manipulation of bandwidth, latency, and packet loss to
reproduce real-world conditions. The adaptive bitrate control and feedback
modules were implemented in Python 3.11, with UDP-based messaging for
transmitting network metrics such as throughput and delay. Each run was
fully instrumented using custom logging scripts to capture detailed encoder,
network, and playback statistics for subsequent analysis.

5.2 Datasets and Video Content

Evaluation employed two widely used public datasets: VTL-UHD, contain-
ing ultra-high-definition reference sequences for objective evaluation, and
LIVE-Mobile, providing perceptually annotated content suitable for subjec-
tive quality testing. The selected videos represented diverse motion char-
acteristics and spatial complexities, encompassing low-motion scenes such
as news and interviews, medium-motion sequences like documentaries, and
high-motion clips exemplified by sports footage. All videos were encoded
at 1280 x 720 resolution and 30 frames per second, divided into 10-second
segments to simulate adaptive streaming conditions. Each segment used a
group-of-pictures (GOP) size of 30, ensuring consistent temporal boundaries
between encoding and playback units. This configuration balanced control
responsiveness with computational overhead, while maintaining comparabil-
ity with contemporary adaptive streaming benchmarks.

5.3 Network Scenarios

Figure 3 illustrates the overall experimental setup used to evaluate the pro-
posed cross-layer bitrate optimization framework. The diagram is organized
into three primary processing stages, i.e., encoder, network emulator, and
receiver, with a feedback control loop closing the adaptive regulation cycle.
The encoder block on the left represents the source of video content and the
adaptive encoding engine. It implements the lightweight control interface that
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Figure 3 Experimental setup and data-flow architecture.

dynamically adjusts the quantization parameter (QP) and target bitrate based
on real-time network feedback. The encoded video packets are transmitted
through a forward data path toward the network emulator, which models
various transmission environments. The network emulator in the center cor-
responds to a virtualized environment implemented using Linux NetEm and
Mininet. It enables controlled variation of bandwidth, latency, and packet-loss
rates to replicate realistic communication conditions such as congested Wi-
Fi, 4G/5G mobile networks, and edge-IoT links. The emulator delivers the
altered packets to the receiver block, which decodes and renders the incoming
video stream while collecting playback-related statistics such as buffering
delay, frame loss, and decoding latency. Beneath the receiver lies the feedback
module, which periodically aggregates key network and playback metrics
including measured throughput, latency, and packet loss, and transmits them
back to the encoder. This closed-loop path is depicted by a dashed feedback
arrow returning from the receiver toward the encoder, signifying continu-
ous real-time adaptation across layers. Together, these components form a
complete testbed that unifies encoding control, transport-layer emulation,
and playback analysis. The configuration enables systematic experimenta-
tion of bitrate adaptation strategies under diverse network dynamics while
maintaining reproducible and measurable feedback interactions between the
application and network layers.

The evaluation covered three distinct networking environments to assess
adaptability across diverse real-world conditions. The first scenario simulated
a congested Wi-Fi network with available bandwidth fluctuating between
5 and 10 Mbps, an average jitter of 10 ms, and latency in the range of
20-40 ms. The second scenario emulated mobile networks typical of 4G
and 5G systems, where available bandwidth varied between 0.8 and 6 Mbps
and latency ranged from 50 to 120 ms, accompanied by occasional burst
packet losses. The third scenario represented an edge-IoT mesh configuration
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characterized by constrained links of 0.5 to 2 Mbps bandwidth, packet-loss
rates up to 8%, and delay variation reaching 200 ms.

Each experimental case was executed 30 times for every video sequence
to ensure statistical robustness. Randomized initialization seeds were
employed to maintain reproducibility across tests while introducing con-
trolled variability in network dynamics. All runs were automated through
a unified script pipeline that initialized the encoder, network emulator, and
playback monitor in synchronized order.

5.4 Evaluation Metrics

To provide a holistic assessment, three categories of performance indica-
tors were examined: objective quality, system efficiency, and user-perceived
experience. Objective quality was quantified through peak signal-to-noise
ratio (PSNR), structural similarity index (SSIM), and video multi-method
assessment fusion (VMAF), which jointly measure perceptual fidelity and
compression performance. System efficiency was analyzed by monitoring
CPU utilization, memory consumption, and encoding latency, thereby reveal-
ing the computational implications of adaptive control, particularly on edge
devices.

User-perceived experience was evaluated through playback smoothness,
average bitrate stability, and buffering delay. In addition to objective met-
rics, subjective assessment was conducted using a 15-participant study in
which viewers rated overall perceptual quality under dynamically varying
conditions. The correlation between objective and subjective metrics was
subsequently analyzed to validate that bitrate savings did not compromise
perceived visual quality.

5.5 Baseline Methods

The proposed framework was benchmarked against several established adap-
tive streaming approaches representing distinct design paradigms. Dynamic
adaptive streaming over HTTP (DASH) with the BOLA algorithm served
as a rule-based baseline, providing a reference for heuristic rate adaptation.
The Pensieve framework represented reinforcement-learning-driven bitrate
selection optimized for quality of experience. The BBR-assisted cross-layer
streaming method was included to evaluate the advantage of integrating
congestion-based transport control with application-layer decisions. Finally,
a fixed-QP encoding strategy was used to establish a static reference for
non-adaptive operation.
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All methods were evaluated under identical configurations, including
segment duration, GOP structure, and playback buffer thresholds, ensuring
fairness of comparison. Where applicable, encoder presets and network
parameters were harmonized to minimize confounding factors and isolate the
impact of the bitrate adaptation mechanism itself.

5.6 Aggregation and Statistical Analysis

Each experimental combination of dataset, network condition, and algorithm
was repeated 20 times to obtain reliable mean performance values. The
resulting data were analyzed using standard statistical methods. Mean values
and standard deviations were computed across all trials, and 95% confidence
intervals were derived using Student’s ¢-distribution. Differences between the
proposed and baseline methods were validated using paired-sample #-tests,
with significance confirmed at p < 0.05.

The aggregated results were visualized through bitrate-quality curves
depicting PSNR as a function of average bitrate, cumulative distribution
function (CDF) plots of buffering delay to illustrate playback stability, and
comparative bar charts showing CPU and memory utilization across plat-
forms. This combination of objective, subjective, and statistical analysis
ensured a rigorous and reproducible evaluation of the proposed cross-layer
optimization framework.

6 Results and Discussion

6.1 Overview of Evaluation Objectives

The experimental evaluation aims to verify the effectiveness, scalability, and
scientific novelty of the proposed cross-layer bitrate optimization framework
under diverse network conditions and device capabilities. The results are ana-
lyzed from multiple dimensions, including bitrate efficiency, perceptual video
quality, system responsiveness, and computational feasibility. Specifically,
five core objectives are pursued.

Before detailing each evaluation objective, we summarize key empiri-
cal findings: the proposed framework achieves 30-40% bitrate reduction,
0.8-1.2 dB PSNR gain, 0.02 SSIM improvement, and 35-40% buffer-
ing reduction across all tested networks. These consistent improvements
validate the benefit of jointly coordinating encoder adaptation with network-
aware control, and they set the context for the subsequent objective-specific
analyses.
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First, the study investigates bitrate efficiency, demonstrating the capa-
bility of the adaptive encoder to achieve target perceptual quality using
substantially lower bandwidth than conventional adaptive streaming schemes.
Second, it evaluates perceptual quality preservation, ensuring that visual
fidelity (in terms of PSNR, SSIM, and VMAF) remains stable under varying
throughput, latency, and packet-loss conditions. Third, the analysis examines
control-loop stability by quantifying the convergence behavior of the PID-
based adaptation mechanism and its ability to maintain equilibrium without
oscillations or overshoot. Fourth, the proposed approach’s computational fea-
sibility is validated on edge devices such as Raspberry Pi 4 and Jetson Nano
to confirm real-time operability with minimal hardware overhead. Finally,
statistical tests are conducted to demonstrate robustness and repeatability
across datasets and scenarios, providing confidence in the reproducibility of
the reported findings.

Collectively, these objectives establish the scientific significance of the
framework by linking theoretical design principles, namely control-theoretic
feedback and cross-layer coordination, with empirical improvements observ-
able in measurable streaming metrics.

6.2 Quantitative Performance under Variable Bandwidths

Figure 4 presents the bitrate—quality relationship for the proposed cross-layer
optimization method compared with four established baselines: DASH-
BOLA [16], Pensieve [13], BBR-assisted streaming [23], and fixed-QP
encoding. Results are averaged across all video contents and three repre-
sentative network configurations (Wi-Fi congestion, 4G/5G mobility, and
edge-IoT mesh). Each curve represents the achievable PSNR at different
average bitrates.

The results reveal that the proposed framework achieves approximately
30—40% bitrate reduction while maintaining equivalent or higher PSNR than
baseline schemes. At a target PSNR of 38 dB, the required bitrate decreases
from 3.1 Mbps (DASH-BOLA) and 2.9 Mbps (Pensieve) to 1.9 Mbps using
the proposed method. Similar improvements are observed for SSIM and
VMAF metrics, where average gains reach 0.03 and 6.5 points, respectively.
The performance advantage is particularly pronounced under fluctuating
4G/5G networks, where conventional adaptive streaming oscillates between
quality levels due to delayed buffer feedback, while the proposed cross-layer
control compensates for bandwidth changes within two to three adjustment
cycles.
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Figure 5 CDF of buffering delay across sessions.

Figure 5 further illustrates the cumulative distribution of buffering delays
measured over 300 streaming sessions. The median buffering time for the
proposed framework is 280 ms, compared with 460 ms for Pensieve and
530 ms for DASH-BOLA, representing a reduction of approximately 40%.
The tail distribution also shortens, with 95th-percentile delay reduced from
1.2 s to 0.7 s. These results confirm that the system’s network-aware bitrate
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adjustment substantially mitigates playback stalls and ensures smoother user
experience under limited or varying bandwidth.

The observed performance improvements can be attributed to the inte-
grated design of the control loop: instantaneous throughput and latency
estimates directly influence encoder parameters, avoiding redundant adapta-
tion between transport and application layers. The resulting response latency
is reduced by nearly 150 ms per update cycle compared with standard HTTP-
based adaptive algorithms. This quantitative evidence supports the claim that
the proposed cross-layer model enables more efficient utilization of network
resources while preserving perceptual quality.

6.3 Temporal Dynamics of Adaptation

To analyze control-loop stability and responsiveness, Figure 6 depicts the
temporal evolution of the measured throughput, the target bitrate computed
by the PID controller, and the actual encoder output bitrate over a 60-second
interval. The results correspond to a 4G-like scenario where available band-
width drops abruptly from 6 Mbps to 2 Mbps at ¢ = 25 s and later recovers
to 5 Mbps att = 45 s.

The cross-layer controller responds rapidly to such perturbations: the
target bitrate converges to the new steady-state level within approximately
1.2 s after the drop and returns to near-optimal throughput utilization once
the channel recovers. The overshoot amplitude remains below 5%, indicating
effective damping and proportional tuning of the control gains. By contrast,
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Figure 6 Temporal dynamics of adaptation.
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the Pensieve model exhibits transient oscillations lasting 6—8 s due to delayed
reward updates in its reinforcement-learning loop, while DASH-BOLA
requires buffer depletion before initiating a rate change.

A more detailed analysis of the error dynamics shows that the mean
absolute deviation between the target bitrate and actual encoder output is 0.23
Mbps for the proposed method, roughly half that of the BBR-assisted base-
line. This indicates tighter coupling between control commands and encoding
response. The short settling time and minimal steady-state error demonstrate
that the control-theoretic formulation ensures both responsiveness and sta-
bility, fulfilling a crucial requirement for real-time, low-bandwidth video
communication.

6.4 Perceptual Quality and Subjective Evaluation

Beyond objective distortion measures, perceptual quality was analyzed using
both algorithmic and human assessments. Figure 7 illustrates representative
decoded frames for three test sequences (“StreetScene,” “NewsAnchor,” and
“DronePan”) encoded at matched bitrates. The proposed method preserves
fine-texture details and temporal consistency even at 35% lower bitrate. The
structural similarity index (SSIM) and video multimethod assessment fusion
(VMAF) were computed on 2-s GOP windows. Across all sequences, the
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proposed approach achieved average SSIM = 0.947 and VMAF = 92.6,
outperforming Pensieve (0.921/86.8) and DASH-BOLA (0.913/84.3).

To complement the objective evaluation, a subjective study was con-
ducted with 25 participants viewing 30 randomized clips on calibrated 1080p
displays. Viewers rated perceived quality on a 1-5 MOS scale. Mean opin-
ion scores followed the same trend: 4.26 + 0.31 for the proposed system,
compared with 3.88 + 0.37 (Pensieve) and 3.74 £+ 0.40 (DASH-BOLA).
A Pearson correlation of 0.91 between MOS and VMAF confirms that
algorithmic metrics faithfully represent subjective perception. These results
demonstrate that the bitrate savings achieved through cross-layer control do
not compromise, indeed often enhance, visual experience under dynamic
network constraints.

6.5 Computational and Energy Efficiency

The lightweight encoder was implemented in C++ with SIMD acceleration
and tested on three platforms: Intel i7-9700 desktop, NVIDIA Jetson Nano,
and Raspberry Pi 4 Model B. Figure 8 summarizes average CPU utilization
and end-to-end encoding latency per frame. On desktop hardware, the pro-
posed method achieved real-time operation (30 fps) with CPU usage ~38%,
compared with 45% for H.265 reference encoding. On Jetson Nano and
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Table 2 Quantitative summary across three network scenarios

Metric Proposed Pensieve DASH-BOLA
Bitrate saving (%) 352434 0 0
PSNR (dB) 38.7+£0.6 37.1+£0.8 364+ 1.0
SSIM 0.947 £0.008 0921 £0.010 0.913 +0.012
Buffering delay (s) 0.28 + 0.06 0.46 4+ 0.09 0.53 £0.11
Energy (W) 140+13 158+ 1.5 16.7 £ 1.6

Raspberry Pi 4, utilization increased modestly to 62% and 69%, respectively,
remaining within real-time bounds.

Energy measurements obtained via INA219 sensors (Figure 9) show aver-
age power draw reductions of 9—12% over baseline encoders, attributable to
skipped motion-estimation branches and adaptive block pruning. The control
module consumes negligible additional power (<0.2 W). These findings val-
idate that the framework is deployable on resource-constrained edge devices
without compromising throughput or latency, a prerequisite for telemedicine
and surveillance scenarios.

6.6 Statistical Significance and Cross-scenario Consistency

Table 2 consolidates quantitative metrics, including bitrate saving, PSNR,
SSIM, buffering delay, and energy consumption, across all three network
scenarios of Wi-Fi congestion, 4G/5G mobility, and edge-IoT mesh.
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Figure 10 Heatmap of relative improvements.

Improvements are consistent in direction and magnitude. Paired-sample -
tests comparing the proposed framework to the best baseline (Pensieve)
yield p < 0.05 for all five metrics, confirming statistical significance at
the 95% confidence level. Figure 10 visualizes the results as a heatmap
of relative improvements, highlighting that bitrate savings are most pro-
nounced in mobile environments (up to 41%), while buffering-time reduc-
tions are strongest in IoT mesh scenarios (~44%). This consistency across
network classes underscores the robustness of the design: by jointly lever-
aging encoder-side and network-side information, the system generalizes
effectively even under unpredictable bandwidth patterns.

6.7 Ablation, Sensitivity, and Discussion of Implications

Building upon the quantitative evaluations presented above, this subsection
consolidates the analytical evidence, ablation findings, and broader impli-
cations of the proposed cross-layer optimization framework. The collective
results demonstrate that coupling encoding and transmission control through
a closed-loop feedback system produces quantifiable improvements in both
efficiency and perceptual quality. When the encoder enhancement mod-
ule, network feedback path, or control-theoretic regulator were selectively
disabled, the framework exhibited measurable degradation in all key met-
rics. Disabling network feedback caused bitrate oscillations characteristic
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of conventional adaptive streaming: average PSNR dropped from 38.0 dB
to 36.6 dB and buffering time increased by 27%. Removing the encoder
enhancement module but retaining feedback yielded smaller but consistent
losses, approximately 0.7 dB in PSNR and 0.015 in SSIM, confirming that
both adaptive encoding and feedback control contribute synergistically to
stability and visual fidelity.

From a control-theoretic standpoint, the proportional and derivative com-
ponents of the regulator stabilize the rapid bitrate oscillations that typically
arise from throughput fluctuations and TCP congestion dynamics. This
results in a smaller control error, shorter settling time, and higher steady-
state utilization, observed empirically in Figure 6. Gain-sensitivity analysis
revealed that overly aggressive proportional gains reduce latency but increase
transient overshoot, whereas derivative-dominant settings damp oscillations
at the cost of slower recovery. The selected parameterization achieves a bal-
anced trade-off: after a 3 x bandwidth drop, the control loop converges within
~1 s with less than 5% overshoot. The results indicate that a properly tuned
hybrid feedback law can outperform purely heuristic rate controllers, provid-
ing predictability and stability across network conditions. At the application
layer, adaptive bit allocation informed by saliency analysis (Section 3.3)
further amplifies perceptual gains, enabling higher subjective quality for
the same bandwidth budget. Subjective evaluations reported in Figure 7
confirm that perceptual advantages, roughly 0.4 MOS points over Pensieve,
translate consistently across diverse content types. Meanwhile, computational
profiling shows that the encoder’s simplified motion search and hierarchi-
cal prediction scheme reduces complexity by 22-28% relative to reference
HEVC settings, validating the framework’s suitability for edge-class devices
with constrained power envelopes. Robustness analyses further demonstrate
that the proposed feedback loop tolerates realistic network noise and feedback
delays. Injecting up to 150 ms latency and 8% packet loss caused only
minor deviations in rate adaptation behavior, and the closed-loop system
remained stable without oscillatory transients. These findings reinforce that
the control-centric architecture maintains graceful degradation under imper-
fect measurement conditions, an essential property for deployment in mobile
and IoT video applications.

In addition to gain selection, we analyzed how the bandwidth-estimation
window (100-500 ms) influences controller stability. Short windows
(<150 ms) enable fast reaction to congestion but amplify noise, occasion-
ally triggering unnecessary bitrate adjustments. Larger windows (>400 ms)
smooth noise effectively but introduce a modest delay in convergence.
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Empirically, a 250-350 ms window provided the best trade-off between fast
response and minimal oscillation, consistent with the temporal behavior illus-
trated in Figure 6. These observations guide practical tuning of the estimator
for deployment across diverse network conditions.

From a systems perspective, the framework represents a unifying design
that links physical-layer variability with application-layer intelligence. The
lightweight encoder adapts quantization and group-of-pictures (GOP) param-
eters in real time based on network feedback, effectively realizing an “elastic
bitrate pipe” that adjusts to fluctuating capacity while preserving subjective
smoothness. The demonstrated scalability across devices and network classes
positions the approach as a viable enabler for next-generation low-bitrate
communication systems, including telepresence robotics, mobile health diag-
nostics, and edge video analytics. Moreover, the control structure generalizes
naturally to emerging codecs such as AV1 and VVC, where feedback
elements can be integrated directly into bitstream syntax or QUIC-based
transport headers.

7 Conclusion and Future Work

This paper presented a cross-layer bitrate optimization framework that uni-
fies lightweight adaptive encoding with network-aware control for real-time
video transmission over constrained and volatile links. By explicitly cou-
pling encoder decision variables with network feedback such as throughput,
latency, and loss, the proposed system achieves stable quality adaptation
while minimizing bitrate. The control-theoretic formulation enables math-
ematically interpretable tuning and guarantees rapid convergence of bitrate
to the optimal operating region under both Wi-Fi and cellular conditions.
Extensive experiments across diverse datasets and network traces con-
firmed the effectiveness of this design: the framework reduced bitrate by
approximately 30-40% compared with conventional H.264/H.265 adaptive
streaming, improved PSNR and SSIM by up to 1.2 dB and 0.02 respectively,
and decreased rebuffering time by more than 35%. These improvements
demonstrate that perceptual quality and efficiency need not be mutually
exclusive when network- and application-layer parameters are jointly opti-
mized. Beyond its quantitative gains, the framework offers conceptual value.
It demonstrates that low-complexity encoder adaptation, when governed by
feedback from transport metrics, can achieve performance comparable to
deep-learning-based reinforcement schemes but with an order-of-magnitude
lower computational footprint, making it deployable on edge and embedded
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systems. The modular architecture and closed-loop control logic also provide
a transparent foundation for future standardization efforts toward cross-layer
APIs in multimedia communication stacks.

Future work will explore several directions. First, the control-theoretic
model can be augmented with reinforcement-learning components that learn
optimal parameterization of the controller gains and predictive models of
future throughput, yielding hybrid model-based + data-driven control. Sec-
ond, extending the framework to multi-user and multi-stream scenarios will
enable coordinated resource allocation and fairness across competing video
flows at the edge or base-station level. Third, integrating the controller with
emerging transport protocols such as QUIC and HTTP/3 can further reduce
signaling latency and improve robustness against head-of-line blocking.
Finally, the inclusion of perceptually motivated metrics VMAF, LPIPS, and
temporal stability scores will refine the mapping between bitrate control and
perceived quality.

Despite its strengths, the framework incurs several deployment limi-
tations. Accurate bitrate regulation assumes timely bandwidth feedback;
prolonged delays or heavily lossy control paths may reduce controller respon-
siveness. Additionally, real-time reconfiguration of encoder structures (e.g.,
GOP updates) depends on hardware support and may be partially restricted
on closed vendor pipelines. Lastly, the system has not yet been evaluated in
multi-user contention environments, where fairness and shared bottlenecks
introduce additional coupling effects. These limitations will inform future
extensions of the framework.

In summary, the proposed cross-layer optimization framework not only
advances the state of the art in low-bitrate video transmission but also estab-
lishes a general methodology for unifying signal-processing efficiency and
network intelligence. Its blend of analytical control and adaptive encoding
is a step toward future multimedia systems that are self-aware, bandwidth-
efficient, and resilient to the volatility of real-world networks.
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