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Abstract: Unmanned aerial vehicles (UAVs) face critical challenges in transmitting high-resolution imagery over bandwidth-constrained
communication channels, particularly in time-sensitive applications such as search and rescue and surveillance. This paper presents a
data-efficient image transmission and enhancement pipeline addressing the trade-off between transmission efficiency and visual qual-
ity preservation. Our three-stage framework consists of onboard k-means color quantization (16-color palette), efficient transmission
over bandwidth-limited channels, and ground-station deep learning-based restoration using CCDNet with iterative residual learning.
The pipeline achieves approximately 68% file size reduction and 3X faster transmission times under realistic network conditions, vali-
dated through probabilistic network simulations. Beyond perceptual quality metrics (PSNR: 35.01 dB, SSIM: 0.9430), we demonstrate
real-world applicability through downstream task evaluation. Object detection using YOLOVS8 shows restored images achieve 63.0%
mAP@Q0.5, significantly outperforming JPEG-compressed images at 49.0% mAP while maintaining the same compression ratio—a 14.0
percentage point improvement with 77.8% retention of original performance. Zero-shot cross-dataset evaluation demonstrates strong
generalization: the pipeline trained on Semantic Riverscapes achieves 89.94% PSNR retention and 85.06% detection performance reten-
tion on VisDrone2019-DET without model retraining. Computational analysis confirms real-time processing capability (330 ms per
image) with peak memory within acceptable limits (1.2-1.3 GB) for modern UAV platforms, alongside 2.5x increased onboard storage
capacity. The proposed pipeline effectively addresses the bandwidth-quality trade-off, providing transmission efficiency and semantic

information preservation essential for mission-critical UAV applications.
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1. Introduction

Unmanned aerial vehicles (UAVs) have been recognized as
a disruptive technology, with the potential to transform a vari-
ety of important applications such as disaster recovery and relief,
surveillance and security monitoring, search and rescue opera-
tions, environmental monitoring, agricultural management, and
infrastructure inspection. The breakthrough developments in sen-
sors, autonomous navigation, and computational power have led
to an increasing number of UAV types that can be deployed in
many different environments, including extreme ones. The useful-
ness of UAVs is limited by the fact that high-resolution imagery
may not be transmitted over bandwidth-limited communication
channels, especially when real-time decision-making and image
analysis are mission-critical.

UAVs operate under bandwidth, storage, and computational
constraints, creating a trade-off between high-quality imagery
requirements and transmission limitations. In mission-critical
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operations, poor visual quality can have life-threatening impli-
cations. Classic compression algorithms like JPEG and MPEG
reduce file sizes but introduce artifacts (blocking effects, texture
loss, color distortion) at high compression rates, degrading visual
quality. This degradation is problematic for applications requir-
ing accurate object recognition, as loss of visual information
may produce false negatives or missed detections. Additionally,
classic compression may not account for UAV computational
constraints. Color quantization has emerged as a compression
method that reduces image data with better perceptual qual-
ity than classical transform-based methods. k-means clustering
achieves large size savings while preserving spatial resolution,
making it computationally efficient and suitable for real-time
processing on resource-limited UAVs.

But even after using quantization to reduce the image file
size, important details are still lost, and visual artifacts like color
banding, posterization, and reduced color fidelity can be seen.
This degradation can be especially problematic when the images
are expected to be clear for object identification and decision-
making, because visual artifacts caused by quantization may hide
essential structures or create false patterns, which mislead later
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analysis systems. It remains a challenge to compress images to
the extent that they can be accommodated for transmission,
while leaving enough visual quality to support accurate scene
understanding and object detection.

Restoration of the reduced quality resulting from compres-
sion plays a major role in research, as illustrated by many recent
studies on deep learning-based restoration and super-resolution
methods. Super-resolution models, such as deep convolutional
neural networks (CNNs), have been widely demonstrated to be
more capable of improving image quality by recovering high-
frequency details from low-resolution inputs. These models utilize
learned priors of both image statistics and natural images in order
to refine texture, recover missing details, and improve perceived
fidelity. Previous research has demonstrated that restoration mod-
els when used in compression pipelines represent an attractive way
to reduce data size for transmission but at the same time improve
their quality for future processing, a combined approach which
addresses both bandwidth efficiency and image quality needs,
making them synergistic.

While individual components such as k-means quantization,
CCDNet, and YOLOVS are established methods, the novelty of
this work lies in their systematic integration into a UAV-specific
pipeline, the introduction of a task-aware evaluation framework
using downstream object detection performance as the primary
quality metric, and the demonstration of zero-shot cross-dataset
generalization—contributions that, to our knowledge, have not
been jointly addressed in prior work.

Motivated by the above discussion, we propose a com-
prehensive data-efficient image transmission and enhancement
pipeline with special considerations for UAV applications: it
explores the trade-off between efficiency of transmission and
preservation of quality in vision systems for transmitting real-time
processed images effectively. We propose an approach of onboard
color quantization followed by efficient transmission within a
bandwidth-limited channel and deep learning-based restoration at
ground stations, allowing for an end-to-end system to be devel-
oped that maximizes the efficiency of transmitted images while
guaranteeing restored images suitable for practical considerations.
The pipeline consists of three stages, namely (1) onboard color
quantization based on k-means clustering to transform the images
into a 16-color palette which significantly reduces file size with-
out sacrificing spatial resolution; (2) efficient transmission of the
quantized images over bandwidth-limited communication chan-
nels; and (3) ground-station restoration where we employ a deep
learning model (CCDNet) specifically designed for restorations
with prior knowledge of quantization, allowing optional super-
resolution for additional visual quality gains, including recovery
of fine details.

Notably, we expanded our earlier study [1] significantly,
offering extensive validation and showing the usefulness of the
pipeline. First, we provide extensive experimental validation
showing that our pipeline achieves approximately 68% file size
reduction with high visual quality (PSNR: 35.01 dB, SSIM:
0.9430), which allows approximately 3x faster transmission times
under realistic networking scenarios. Second, and importantly, we
extend beyond perceptual quality evaluation by testing for poten-
tial real-world applications based on a more comprehensive set
of downstream tasks. Our object detection results with YOLOv8
show that restored images can obtain 63.0% mAP@0.5, yield-
ing a 14.0 percentage point gain over JPEG-compressed images
at 49.0%, while maintaining the same compression ratio. This
shows that our restoration pipeline is able to successfully main-
tain the semantic information which is critical for practical UAV
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applications like search and rescue, where accurate object
detection can be of paramount importance.

Third, we verify the generalization and robustness of
our proposed pipeline by conducting zero-shot transfer cross-
dataset evaluation, showing that our pipeline trained with
Semantic Riverscapes (natural/riverscape scenes) can adapt to
VisDrone2019-DET (urban/rural scenes) well without any model
tuning or domain adaptation. Our method maintains 89.94%
PSNR and 85.06% detection performance retention after transfer
to the target domain, demonstrating that our restoration model
learns generic image restoration principles instead of dataset-
specific patterns. Fourth, we perform extensive computational
performance analysis showing that the pipeline can be used for
real-time processing (330 ms per image on 1024 x 1024 resolution)
with peak memory consumption within reasonable limits (1.2-
1.3 GB) for contemporary UAV platforms. Finally, we perform
in-depth transmission and storage efficiency analysis via proba-
bilistic network simulation and storage capacity estimation, which
reveals that by adopting quantized images the onboard storage
capacity can be improved by 2.5X while maintaining transmission
efficiency with respect to realistic network conditions.

The rest of this paper is structured as follows. In Section 2,
we present the literature of image compression and restoration
and UAV communication systems to place our contributions
in context. Section 3 describes in detail the color quantiza-
tion method and the CCDNet restoration model and discusses
our evaluation protocol on diverse downstream tasks as well
as cross-dataset generalization and computational cost analysis.
Section 4 shows in-depth experimental results including image
quality assessment, object detection, cross-dataset generalization,
transmission and storage efficiency, and computational per-
formance. Finally, Section 5 presents the conclusion remarks,
limitations of our work, future directions and summarizes our
contributions with their relevance to practical UAV applications.

2. Literature Review

In this section, we review the related literature to our data-
efficient image transmission and enhancement pipeline for UAVs.
We summarize the related work in six categories as follows:
1) Image Compression for UAV Applications, 2) Color Quan-
tization Methods, 3) Image Restoration and Enhancement, 4)
Downstream Task Performance on Image Compression, 5) Cross-
Dataset Evaluation in UAV Applications, and 6) Computational
Performance in UAV Systems.

2.1. Image compression for UAV applications

A big problem for UAV imagery transfer is the transmission
of high-resolution images through a low bandwidth communica-
tion channel. This constraint has driven a substantial development
of the compression techniques for aerial platforms. Conventional
image compression methods such as JPEG and JPEG2000 are
commonly used for universal image compression, but suffer from
limitations when used in UAV transmission context, especially
with intense bandwidth restrictions.

Deep learning-based methods when integrated into compres-
sion pipelines hold promise for UAVs. Compression methods
based on neural images achieve better rate-distortion performance
than conventional compression algorithms [2]. However, these
methods are usually computationally intensive to encode and
decode, which is not applicable for onboard processing on UAVs
with limited computational power available.
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2.2. Color quantization methods

A lot of work has been done on color quantization as a
method for compression, independent of transform-based meth-
ods. The underlying objective is to minimize the amount unique
colors used in an image while maintaining perceived quality and
minimizing file size. The most commonly used algorithm for color
palette reduction, from thousands to a few, is k-means cluster-type
algorithms which group colors according to similarity [3].

Although k-means gives good compression rates, the quan-
tized images may still suffer from visual artifacts such as color
banding, false contours, and poor color fidelity over smooth
color transitions. To overcome these drawbacks, several studies
have extended k-means quantization [4, 5]. Adaptive quantization
adapts the number of colors based on image content, allocating
more colors to high-diversity regions.

Recently, learning-based quantization methods have been
investigated to adapt quantization parameters according to image
content and target compression ratios [6]. Such methods can pro-
duce higher-quality compression but usually need the networks
to be pretrained on a large number of datasets and also may not
generalize well in various UAV imaging scenes. Nonetheless, k-
means clustering is still popular in practice due to its simplicity,
efficiency, and easy implementation in real time. Hence, it is more
suitable for some resource-constrained small UAVs.

A closely related paradigm is vector quantization (VQ),
which generalizes scalar color quantization by mapping fea-
ture vectors to a discrete codebook. VQ-VAEs [7] extend this
idea by jointly learning the encoder, codebook, and decoder
in an end-to-end manner, enabling high-fidelity compression at
the cost of substantial model complexity. While VQ-VAEs can
produce visually superior reconstructions, their encoder must
run onboard the UAV during capture—a critical constraint for
FPGA and low-power ARM platforms where memory bandwidth
and compute budgets are severely limited. In contrast, k-means
quantization requires no learned encoder, executes in a single clus-
tering pass, and adds negligible overhead to the image capture
pipeline, making it significantly more practical for deployment on
resource-constrained UAV hardware.

2.3. Image restoration and enhancement

Image restoration from compressed or corrupted images has
been a classical problem in computer vision and image process-
ing. Different techniques for enhancing image quality have been
developed, including deblurring [8], noise reduction [9, 10], super-
resolution [11, 12], image in-filling [13], colorization [14], and
low dynamic range to high dynamic range conversion [15, 16].
Nevertheless, there is little research which focuses attention on
the restoration of color-quantized images although many studies
have been published about enhancement of random image quali-
ties. Other classical approaches include constrained diffusion [17]
and statistical estimation. However, these methods often cannot
retrieve high-frequency details lost in quantization.

Deep learning-based methods have achieved state-of-the-
art results in image restoration [18]. For color-quantized image
recovery, Color Channel Dequantization Network (CCDNet)
[19] presents a CNN-based architecture that produces the best
performance on both PSNR and SSIM measurements.

Super-resolution techniques have also been studied in the
context of restoration. Enhanced Super-Resolution Generative
Adversarial Networks (ESRGAN) [20] are state-of-the-art mod-
els for upscaling LQ images and restoring HR detail in them. For

image restoration, super-resolution postprocessing can be used to
recover fine textures and details that are not fully recovered during
the initial restoration process following color dequantization.

In parallel, latent diffusion models (LDMs) [21] have
emerged as a powerful class of generative models for image
restoration and enhancement, achieving impressive perceptual
quality by performing the diffusion process in a compressed
latent space. LDM-based restoration methods have demonstrated
strong results on tasks such as super-resolution, inpainting, and
denoising and represent the current frontier of restoration qual-
ity. However, their iterative denoising inference process—typically
requiring tens to hundreds of forward passes—introduces substan-
tial latency that is incompatible with real-time UAV operations.
In contrast, CNN-based models such as CCDNet perform single-
pass inference, making them far better suited to the strict latency
and computational constraints of UAV ground-station processing
pipelines where restoration must keep pace with incoming image
streams.

More recently, there have been approaches that consider
optimization of compression and restoration jointly under end-
to-end learned pipelines [22]. They learn the compression and
restoration network together to maximize the net rate-distortion
performance. Nevertheless, in practice, many of these models usu-
ally need heavy computation to perform training and inference
that cannot fully fit into a UAV system with the need of tiny
onboard processing.

2.4. Downstream task performance on image
compression

Conventional benchmarking of image compression tech-
niques has been mainly focused on perceptual quality scores,
e.g., PSNR and SSIM. Although these measures can be use-
ful indicators of pixel-level consistency, they are not necessarily
indicative of preservation of the semantics present in image that is
critical for subsequent tasks including object detection, semantic
segmentation, and scene classification.

Task-aware compression methods [23] optimize compression
parameters for downstream tasks rather than perceptual quality.
However, most works focus on single-task optimization, limit-
ing generalizability. Object detection has become one of the most
important downstream tasks for testing compression solutions in
UAV applications. The quality of the compression can be better
evaluated using object detection algorithms on compressed images
instead of perceptual metrics only. A few works have studied the
effect of JPEG compression on detection [24], and some findings
show that object detection accuracy decreases dramatically when
compressed at high rates. These results emphasize the necessity
of compression methods being evaluated not just by their percep-
tual differences but their impact on performance in downstream
tasks. Task-driven compression [25] can improve performance
but requires task-specialized training and prior knowledge about
downstream tasks, which may not be available in UAV systems.

Assessing the performance of compression with object detec-
tion metrics such as mean average precision (mAP) has become
popular lately [26]. This evaluation setting aligns well with the
fact that maintaining semantic information is more important for
many real-world applications than pixel-wise accuracy. We fur-
ther expand this evaluation framework to evaluate how well color
quantization and restoration pipelines perform, respectively, and
show that our restoration leads to much better object performance
than traditional lossy compression at the same compression ratio.
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2.5. Cross-dataset evaluation in UAV applications

The ability of image processing pipelines to generalize across
different datasets and imaging conditions is vital for operational
UAV use, as its specifications often need to perform in diverse
environments and under varying scenarios. Open-world evalua-
tion (i.e., zero-shot), where models are evaluated on datasets that
they had not seen during training, provides a thorough testing
ground for generalization. However, little work has been done on
the cross-dataset evaluation of image compression and restoration
pipelines with focus on UAV applications.

VisDrone dataset [27] is a popular benchmark for the UAV
object detection task as it can be used in scenarios of vary-
ing complexity such as urban, rural, and traffic. Cross-dataset
evaluation with VisDrone has been performed in detecting algo-
rithms [28, 29] for evaluating the generalization of detection
strategies, while less attention is devoted to evaluate cross-dataset
performance when considering applications of compression and
restoration methods. Robustness across different image domains
[30] is important for UAV applications, as models may suffer from
limited generalization when applied to domains with different
characteristics.

In UAV image processing, generalizability validation studies
have been mainly in the field of object detection and tracking [31].
These works investigate the performance of detection algorithms
in terms of different datasets, imaging altitudes, and environmental
conditions. They still assume input uncompressed or commonly
compressed images, but do not investigate how compression and
decompression could influence cross-dataset performance.

Our approach extends the cross-dataset evaluation concept
to compressive and restorative pipelines, showing that restoration
models trained on one dataset can also work in a different set-
ting with distinct characteristics. This zero-shot test offers us some
indication of the generalization ability of our method, and this is
crucial for real-world UAV tasks that need to work well in various
scenarios.

2.6. Computational performance in UAV systems

UAV-based applications are applied under severe limitations
of processing power, memory and energy consumption. Soft real-
time constraints apply, as tasks at times must be completed
immediately for UAV missions that require instant image process-
ing or transmission. However, much less prior work focuses on
how to perform computational performance analysis on image
compression and restoration pipelines for UAV platforms.

In UAV systems, the real-time execution requirements have
been heavily investigated for object detection and tracking.
A recent study [32] showed that it is possible to implement
deep learning models for real-time object detection on embedded
devices with GPU, attaining processing rates good enough for
real-time applications. But their work is concentrated on detec-
tion algorithms and not compression and restoration pipelines,
which may have different computational patterns.

UAV hardware with limited memory in general is a big
bottleneck for the deployment of deep learning models. Recent
object detection methods like YOLO variants [33] have been
tailored for running on IoT/embedded devices, with low mem-
ory footprint without sacrificing performance. However, different
restoration models may have varying memory profiles and mem-
ory consumption for the UAV deployment needs to be addressed
carefully.
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Previous work [34] has demonstrated real-time object detec-
tion on edge-computing platforms for UAVs, evaluating compu-
tational throughput and resource requirements under embedded
system constraints. These frameworks also account processing
time, memory usage, and energy consumption so they can char-
acterize system-wide performance. But they do not usually refer
to complete pipelines, but only single algorithms. Color quan-
tization by k-means clustering is computationally expensive.
Optimized implementations for embedded platforms [35] can
achieve real-time performance on modern UAV hardware.

Furthermore, deep learning-based restoration models intro-
duce additional computation overhead. Although real-time pro-
cessing of the restoration model is possible on current GPU,
its power consumption and heat generation are not favorable
for battery-operated UAV platforms. There have been studies on
pruning and quantization of neural networks to save computation
[30, 36], but these methods can degrade restoration quality.

Optimization at the pipeline level takes into account the
computational needs of all stages in the processing chain with
compression, transmission, and decompression. Some approaches
investigate offloading processing to the cloud grounds and keeping
lightweight onboard compression [37]. This work acknowledges
this complex trade-off between the complexity and the efficiency
of transmissions. Energy efficiency is important for battery-
operated UAV systems. Energy consumption of image processing
algorithms on embedded platforms has been studied [38], but
extensive studies of full compression/decompression pipelines are
scarce.

Several important knowledge gaps present themselves as this
literature review illustrates. First, although there has been consid-
erable effort on the general problem of image compression and
restoration, there is a lack of research on color quantization and
restoration tailored for UAV scenario. Second, compression meth-
ods have few studies in downstream tasks (e.g., object detection).
Third, little effort has been devoted to cross-dataset generalization
of compression and restoration pipelines. Lastly, there is a lack
of quantitative analysis for overall computational complexity of
complete pipelines for UAV systems.

Our contribution fills these gaps by presenting the complete
pipeline for UAV image transmission and enhancement, validating
it with downstream tasks, showcasing cross-dataset generalization
and conducting thorough computational performance analysis.
Our methodology is detailed in the next section.

3. Research Methodology

This section provides a full methodology for our data-
efficient image transmission and enhancement pipeline, as well
as evaluation protocols designed to validate its real-world
performance and generalization.

3.1. Image compression pipeline

The proposed pipeline tackles the transmission of high-
resolution UAV imagery over bandwidth-constrained communi-
cation channels, while maintaining important visual and semantic
information. Our approach adopts a three-step strategy, which
includes color quantization for compression, deep learning-driven
restoration to restore visual quality and if desired super-resolution
to increase detail level. An overview of the complete pipeline
architecture is illustrated in Figure 1.
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Figure 1
Complete image compression and restoration pipeline architecture for bandwidth-constrained UAV communication
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3.1.1. Color quantization

Color quantization is the main compression mechanism for
our pipeline, a method of reducing the number of distinct colors in
an image (high color depths) while maintaining visual impression.
We use k-means clustering to find the best color palette that can
represent the original image’s colors.

The quantization process begins by converting each input
image into a three-dimensional RGB color space. For an
H x W image (in pixels), we flatten the matrix to an N X 3 array
with N = H X W, giving each pixel three-dimensional color.
The k-means algorithm subsequently divides this color space
into K clusters, where the value of K, 16 in our trial-and-error
investigation, produces the best balance between compression rate
and perceptually acceptable quality. We use k-means clustering
from scikit-learn library with 16 color clusters, achieving approx-
imately 68% file size reduction. The key parameters used in the
color quantization process are summarized in Table 1.

Table 1

Color quantization parameters
Parameter Value
Algorithm k-means clustering
Number of clusters (K) 16
Color space RGB
Initialization Random
n_init 10
Random seed 42
Implementation scikit-learn
Compression ratio ~68%
Computational overhead Minimal

3.1.2. Image restoration

These quantized images, however, suffer from visual artifacts
and color banding, which could be detrimental to the down-
stream applications. To overcome this limitation, we use a deep
learning-based restoration model, named CCDNet (Color Chan-
nel Dequantization Network) [19] specially designed for restoring
visual quality from the compressed images.

It is worth noting that CCDNet was used without architec-
tural modification. However, the model was trained exclusively on
k-means color-quantized images rather than the noise-corrupted
or JPEG-compressed inputs typical of general restoration bench-
marks. k-means quantization partitions the color space into
Voronoi regions, producing characteristic sharp boundary arti-
facts and flat color patches that differ structurally from other
degradation types. By training directly on these quantized inputs
with original uncompressed images as targets, CCDNet implicitly
learns to recognize and correct Voronoi-tessellation artifacts with-
out requiring explicit architectural changes. This training-based
adaptation is consistent with the residual learning design of CCD-
Net, which is well-suited to learning the specific residual patterns
introduced by any fixed degradation process.

CCDNet adopts an iterative residual learning strategy, which
continuously improves the quantized image by performing multi-
ple restoration iterations. The architecture is composed of three
basic elements: first, a convolutional feature extraction layer to
extract the features at the lowest resolution; second, a number of
Residual blocks aimed to refine the features extracted by previ-
ous layers; and third, an output layer which produces restoration
residuals. CCDNet uses an iterative residual learning architec-
ture with 5 residual blocks and 3 restoration iterations. The
network processes images at 256 X 256 resolution, with resizing
for different input sizes. The complete architecture specifications
and configuration parameters for CCDNet are summarized in
Table 2.

The model is learned based on a mean squared error (MSE)
loss between the recovered images and the input original images
with Adam optimizer. Table 3 summarizes the training hyper-
parameters, including the optimizer settings, learning rate, batch
size, and other training configuration details.

Training is carried out on the Semantic Riverscapes dataset
[39], including 400 natural and riverscape scenes. The dataset is
divided into training, validation, and testing parts using 70/15/15
split.

We use extensive data augmentation during training to
encourage the generalization and robustness of our models. The
augmentation pipeline also consists of geometric transformations:
random rotation within 15 degrees, random width and height
shifts up to 10% of the image size, and horizontal flipping with a
probability of 0.5.
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Table 2
CCDNet architecture specifications and configuration
parameters
Component Specification

Architecture type Iterative residual learning

Input resolution 256 x 256 pixels
Feature extraction Convolutional layer
Residual blocks 5 blocks

Iterations 3

Filters per layer 64

Kernel size 3x3

Activation (internal) ReLU

Activation (output) Sigmoid

Output channels 3 (RGB)

Upsampling method Bilinear interpolation
Table 3
Training hyperparameters and configuration settings for
CCDNet
Hyperparameter Value
Loss function Mean Squared Error (MSE)
Optimizer Adam
Learning rate 1 x10*
Batch size 16
Epochs 50
Mixed precision float16/float32
Early stopping Validation loss
Dataset split 70-15-15
Random seed 42
Data augmentation Yes

During training, the model gets quantized inputs but original
uncompressed images for the target. With this supervised learning
design, the model learns mapping functions that can recover visual
quality from quantized inputs. During training, validation loss is
periodically checked for overfitting and early stopping routines
are implemented in case no additional gains are found. Weight
of the model is saved at convergence point, i.e., when validation
loss becomes to be stabilized or increases it means that after this
configuration, generalization has been optimized.

3.1.3. Super-resolution

A super-resolution step can be optionally added in the
pipeline for use cases demanding higher spatial resolution. This
stage uses advanced super-resolution networks (SwinIR [40] or
Real-ESRGAN [41]) to upsample the restored images by 2x or
4x according to the needs of each application. In the current
framework, super-resolution is considered as an optional boost to
the pipeline, such that it can work in a two-stage scenario, i.e.,
quantization followed by restoration for real-time processing or
three-stage mode consisting of quantization followed by restora-
tion and then super-resolution based on computational resource
availability.
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3.1.4. Transmission simulation

In order to evaluate the method under real transmission
conditions, we implemented simulation environments estimating
latency and storage space efficiency of UAV data transmission and
assessed compression impact on realistic UAV tasks.

To narrow the discrepancy between theoretical models and
real-world dynamics in UAV communication, we implemented
a probabilistic network simulator in which protocol operation,
channel distortion, and environmental variability were all mod-
eled in conjunction. The network simulation parameters are
summarized in Table 4.

Table 4
Network simulation parameters for transmission time evaluation

Parameter Value Description

Protocol TCP Reno Congestion control
mechanism

Bandwidth range 256 Kbps - 1 Dynamic channel

Mbps capacity
Bandwidth +30% Pareto-distributed
fluctuations variations
Packet loss model  Gilbert- Correlated packet loss
Elliott

Baseline loss rate 3% Average packet loss

Burst correlation 70% Loss correlation factor

MTU size 1500 bytes Maximum transmission
unit

Latency spike 20% Occurrence rate

probability

RTT multiplier 1.5 % - 4x Latency spike
magnitude

Baseline RTT 100 ms Round-trip time

Control overhead ~150% Retransmission and
control data

Calibration (R?) 0.89 Field measurement fit

Monte Carlo 100 Per image set

trials

3.2. Object detection evaluation framework

To demonstrate the utility of our compression pipeline
beyond perceptual quality metrics, we built an end-to-end
framework for evaluation that evaluates directly on a critical
downstream task: object detection. This extension overcomes the
drawbacks of conventional image quality metrics such as PSNR
and SSIM; they do not directly take into account the preservation
of semantic information required by practical UAV applications.

3.2.1. Evaluation protocol

The object detection performance evaluation approach is to
measure how well our pipeline retains semantics for objects to be
recognized in UAV imagery. In contrast to perceptual metrics that
compute pixel-level similarity, object detection metrics measure the
preservation of high-level visual elements which make machines
able to identify and localize objects in an image.

Our evaluation protocol compares the detection results over
three sets of images: (1) original uncompressed high-resolution
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images serving as the reference baseline, (2) JPEG-compressed
images with quality factor Q = 10 achieving similar file size reduc-
tion to our quantized images, and (3) restored images obtained
after our quantization-restoration pipeline. This three-way com-
parison provides the direct assessment of whether restoration
outperforms conventional compression for performance on
downstream tasks.

State-of-the-art object detection algorithm YOLOV8 is
adopted in the evaluation to make inference on all three sets of
images, and detection results are evaluated against those obtained
by using mAP (short for mean Average Precision) and retention
rates of detections. This methodology offers quantitative proof
for the utility of the pipeline with applicability in real-world sit-
uations such as search and rescue operations, surveillance, and
environmental study.

3.2.2. Object detection model

As detector, we use the YOLOv8n, where n is the nano
variant from YOLO architecture [1] due to its trade-off between
accuracy and computational cost which fits in UAV context. The
state-of-the-art YOLOVS is the latest in a series of You Only
Look Once (YOLO) architectures that processes images through a
single-pass wide Convolutional Neural Network and is extremely
efficient for real-time applications. YOLOvV8 adopts a CSPDark-
net [42] based backbone for feature extraction, as well as the PAN
(Path Aggregation Network) neck unit for multi-scale feature
fusion and detection head to predict bounding boxes, objectness
scores, and class probabilities. The nano version is designed for
deployment on edge devices and is therefore especially well-suited
to being deployed aboard UAVs with limited computational capa-
bilities. The YOLOVS configuration parameters are summarized
in Table 5.

Table 5

YOLOVS configuration parameters
Parameter Value
Model variant YOLOvV8n (nano)
Input resolution Variable
Confidence threshold 0.25
IoU threshold (NMS) 0.45
Pre-trained Dataset COCO
Architecture CSPDarknet + PAN
Detection head Yes

Output format (x, y, w, h, confidence, class)

Fine-tuning Optional

3.2.3. Evaluation procedure

The evaluation process is based on a systematic six-step pro-
tocol for reproducibility and reliability. First, for each image in the
test set, we use original image processing, i.e., YOLOVS inference
on original uncompressed images as the reference detection results
to be reached without any compression artifact. Second, we also
take JPEG compression as a comparison for original images using
the JPEG (Q = 10) to make similar size reduction by quantization
and evaluate their detection performance degradation from com-
mon compression. Third, we adopt pipeline processing and feed
our quantization-restoration pipeline with original images and

produce detections on restored outputs, to assess how the restora-
tion recovers the ability of detection. Fourth, we compound all
detections of the three images sets along with their associated con-
fidence scores and region proposals to perform extensive analysis.
Fifth, we evaluate the performance of our model by comparing
different evaluation metrics, such as mAP at 0.5, per-category AP,
detection retention rate, and false-negative statistics considering
each image set during testing.

The complete test is conducted on the Semantic Riverscapes
dataset, which contains 400 images with a total of 1105 manually
labeled objects across six categories. It creates a rich test set that is
characteristic of actual UAV images, which covers natural scenes,
water bodies, and artificial structures.

Performance measurements over all test images are aggre-
gated to establish global performance metrics, but individual
image analysis allows identifying failure cases and edge scenarios
that might be treated in a special manner. The object detection
evaluation pipeline is illustrated in Figure 2.

Figure 2
Flowchart of the object detection evaluation framework
Original JPEG Restored Images
Images Images (Our Pipeline
) YOLOv8n Detection

(Object Detection)

| ! |

Detection Results Detection Results Detection Results
(Original) (JPEG) (Restored)
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| Ground Truth
”| Annotations

\ 4

Evaluation & Comparison
(mAP, Detection Retention)

3.3. Cross-dataset evaluation framework

To evaluate the generalization of our pipeline in different
data distributions and application scenarios, we constructed a
cross-dataset evaluation framework which evaluates the zero-shot
performance on novel dataset with out-of-training retraining.

3.3.1. Zero-shot evaluation protocol

Zero-shot testing is the most challenging test of model gen-
eralization, which expects the pipeline to work well on datasets
that are different (with respect to scene types, image resolutions,
or object distributions) from those seen at training time without
requiring any fine-tuning or domain adaptation.

Our zero-shot setting strictly employs the train-on-one
test-on-another protocol: we design a restoration model CCD-
Net which is trained only with Semantic Riverscapes (natural
and riverscape scenes) without any tuning of model, e.g.,
fine-tuning or retraining, and evaluated on VisDrone (urban
and rural scenes). This test serves to validate if the learned
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restoration abilities generalize beyond the scope of very similar
visual domains.

Such generalization becomes even more crucial in UAV
applications where deployed systems need to work across several
types of environments including coast, urban, rural, and moun-
tain without retraining models for each new deployment station.
Showing a zero-shot generalization confirms the practical feasi-
bility of deploying pipeline in practice and simplifies operation by
avoiding fine-tuning on specific datasets.

Two complementary aspects are evaluated, quality criteria of
the restored images (e.g., PSNR and SSIM), which evaluate the
pixel-level restoration accuracy, and task-related performance of
this kind of images (e.g., object detection mAP), which measure
their semantic information preservation. This double dissociation
constitutes, in turn, a complete demonstration of perceptual and
functional generalization.

3.3.2. Dataset selection
1) Training dataset: semantic riverscapes

We present a Semantic Riverscapes dataset [39] for training
and primary evaluation, that includes 400 high-resolution UAV
images collected over natural environments, rivers, coasts, and
shorelines. Images have resolution of about 1024 x 1024 pixels,
but vary across the dataset. Scene classes cover primarily natural
and riverscape settings, such as waterways and shorelines, with
content being predominantly nature-based and a few more indus-
trial objects. The dataset includes semantic segmentation masks
for 13 categories, which achieves detailed annotation for train-
ing and evaluation. This dataset is then used as the training set
for our CCDNet restoration model and a baseline performance
indicator.

2) Test dataset: VisDrone2019-DET

We use the VisDrone2019-DET validation set [27] as our
zero-shot test set, which contains 548 images of urban and rural
scenes taken by UAV platforms. Compared with Semantic River-
scapes, this dataset is different in several aspects. The resolution of
images is quite varying; from 1360 X 765 to 4000 x 3000 pixels—
the average size of our database is around 1920 x 1080 pixels.
Scene types are dominated by urban scenes, including roads, traf-
fic, buildings, and infrastructure. Most imagery is of man-made
objects: buildings, cars, and people—a contrast to the natural set-
tings in Semantic Riverscapes. The dataset contains 10 categories,

and object detection bounding boxes have been formatted
specifically for direct use with detection evaluation. This dataset is
only for zero-shot evaluation without retraining the model, testing
the real generalization ability.

3) Selection rationale

We strategically choose VisDrone as an evaluation dataset
with zero-shot from NAT to URB because it is a shift between
domains (natural vs. urban scene) that is still relevant for real
UAV applications. There are differences in the configuration like
natural vs. urban scene, image resolutions as small vs large average
resolution and object distributions, which makes testing of the
transferability of learning-based restoration techniques trained on
natural scenes feasible for urban scenes.

This question is addressed by the following evaluation: can
we use a pipeline trained on a type of UAV images for it to be suc-
cessful in disparate application domains, or does the network need
fine-tuning over these new datasets? This response has implica-
tions on mission cost, operational complexity, and realizability of
real-world UAV systems. A comparison of dataset characteristics
is presented in Table 6.

3.3.3. Cross-dataset comparison framework

The comparative framework considers the performance in
three different conditions. First, we set the performance on the
training dataset as a baseline and compute performance statistics
(Semantic Riverscapes) to get an idea of how well our pipeline
is performing on the training distribution. Second, we evaluate
zero-shot test performance: computing the performance metrics
on VisDrone with the model trained only on Semantic Riverscapes
without any fine-tuning or adaptation. Third, we perform perfor-
mance gap analysis by quantifying the performance difference in
terms of both absolute difference and retention ratio.

For each metric such as PSNR, SSIM, and mAP, we calculate
the absolute performance on both datasets to be compared for
direct numerical comparison. We compute A = Test — Training to
measure absolute degradation or improvement. Furthermore, we
calculate the retention ratio by: Ratio = %;tng X 100%, which
enables expressing test performance as a percentage of training
performance, gives normalized feedback on generalization ability.

Our approach allows conducting thorough generalization
analysis through the lens of what performance facets (e.g., pixel-
wise accuracy, structure similarity, and semantic preserving) are

Table 6
Dataset characteristics comparison

Characteristic Semantic riverscapes VisDrone2019-DET

Number of images 400 548

Average resolution ~1024 x 1024 pixels ~1920 x 1080 pixels

Resolution range Variable 1360 x 765 to 4000 x 3000 pixels
Image format PNG JPEG

Scene type Natural, riverscapes
Primary content
Annotation type
Number of Categories 13

Training/test role Training dataset

Nature, water, shorelines

Semantic segmentation masks

Urban, rural

Buildings, roads, traffic
Bounding boxes (COCO format)
10

Zero-shot test dataset
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Figure 3
Zero-shot cross-dataset evaluation protocol

R]verssczmsgngatasel Training Trained Model
p | CCDNet Model (Frozen Weights)
(400 images)
Evaluation
Rlzsato;esd » (Image Quality and
9 Detection)
: A Restoration
VisDrone Dataset o] Color Quantization N
) (Frozen CCDNet,
(548 images) (16-color KMeans) i g
No Fine-tuning)

robust to domain shift. The zero-shot cross-dataset evaluation
protocol is illustrated in Figure 3.

3.4. Computational performance evaluation
framework

Although image quality and performance in the downstream
task are important, real deployment on UAVs needs to prove that
the pipeline works within running time constraints that embedded
systems users will encounter. This section introduces our runtime,
memory usage, and throughput model.

3.4.1. Performance evaluation objectives

Performance assessment of computation is a multi-fold pro-
cess with many inter-related purposes. (1) Deployment Feasibility
Assessment: This step is to check the feasibility of deploying the
pipeline on a UAV hardware platform to let it run in real-time,
thus achieving its practical utility for an operational mission. Sec-
ondly, resource characterization is used to quantify the memory
consumption, processing time, and energy requirements for the
purposes of selecting dedicated hardware and designing the sys-
tem. Third, the scalability analysis allows to gain insight on how
performance scales with image resolution and dataset character-
istics, facilitating predictions for alternate deployment scenarios
and camera setups. (4) Trade-off quantification: Also, as opposed
to these works, trade-off quantification yields quantitative infor-
mation on quality vs computational cost trade-offs which can be
used for informed decisions of deployment between performance
requirements and resource constraints.

3.4.2. Evaluation metrics
Computational performance is measured along two dimen-
sions:

1) Runtime metrics:

Three important measurements fit within the runtime met-
rics. Time per image is the aggregated processing time (in ms)
that it takes to process a single image along the entire pipeline
in form of input loading, processing by all stages, and finally
output saving. The per-stage timing presents the time spent in
quantization stage, restoration stage, and total pipeline execution,
allowing insights of computational hotspots and opportunities for
optimization. Throughput is measured in FPS (Frames Per Sec-
ond), where with 1000 divided by Time per Image, it can indicate
real-time processing performance for mission-critical applications.

2) Memory metrics:

The memory metric measures resource usage over numer-
ous aspects. Peak memory is the maximum number of megabytes

that are used during execution of the pipeline, including model
weights, saved activations, and more. Stage-wise memory analy-
sis quantifies the memory usage for quantization and restoration
stages separately, pinpointing the most memory-consuming oper-
ations that could hinder deployment on devices with limited
resources. The model memory footprint represents the amount
of memory needed to store both CCDNet model weights and
architecture, which is critical to understand on-device deployment
necessities.

3.4.3. Cross-dataset performance analysis

Since the two datasets contain images at different reso-
lutions, 1024 x 1024 but 1920 x 1080 pixels on average for
Semantic Riverscapes and VisDrone, respectively, we also study
scalability of computational performance with respect to image
characteristic.

1) Quantization stage scaling:

The quantization time for k-means grows approximately in
a linear manner with the number of pixels, processing every
single pixel during clustering. Larger images exhibit greater
processing time as witnessed through a quantization dura-
tion T'gquan; o< H X W, where H x W'is the number of pixels in the
image. This linear scaling arises from the computational demand
to cluster per pixel during a resize operation.

2) Restoration stage scaling:

Considering that the input resolution of CCDNet is fixed to
be 256 X 256, the restoration time of original images shown in
preprocessing (e.g., the resizing of the input) and postprocessing
(e.g., the upsampling of the output) depends on image resolution
and adds, therefore, some overhead depending on resolution. The
scaling time is independent of input size due to fixed resolution
processing, but consists of preprocessing and postprocessing steps
that multiply the band-by-band restoration times with factors
proportional to image dimensions.

3) Overall pipeline scaling:

Total pipeline time is the sum of quantization (scales
with image size) and restoration (mostly constant), leading
to sub-linear scaling. The overall run time 7.y, is the sum
of quantization time Tgyan (as a function of height H and
width W), restoration time Tiegore, Which is constant, prepro-
cessing time 7Tpreprocess (@S @ function of height and width),
and postprocessing time Tpostprocess (@5 @ function of height
and width). This study provides the possibility of predict-
ing performance for deployment scenarios with various image
resolutions.
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4. Results and Analysis

In this section, we provide detailed experiments to demon-
strate the effectiveness of our data-efficient image transmission
and enhancement pipeline. We structure the results in five inter-
related aspects: (1) image quality and compression performance,
(2) downstream task evaluation, (3) cross-dataset generalization,
(4) transmission and storage efficiency, and (5) computational per-
formance. This thorough assessment confirms the efficiency of our
pipeline for practical UAV use cases along multiple crucial aspects.

4.1. Image quality and compression performance

4.1.1. Training-set perceptual quality assessment

We evaluated image quality on the Semantic Riverscapes
dataset, with standard perceptual metrics to measure preserved
visual quality. The restoration model (CCDNet) was also trained
from quantized images to restore the visual quality degraded by
compression.

Our pipeline can recover significant image quality after color
quantizing. On the complete Semantic Riverscapes dataset (400
images), the restoration delivers a PSNR of 35.01 dB and an
SSIM of 0.9430, comparing restored with original uncompressed
imagery. These results indicate that the restoration stage some-
how regains the visual information lost when reducing an image
to a 16-color one.

The quantized images suffer severe visible degradation and
lack of fine details with prominent color banding, despite the file
size reduction of about 68%. The CCDNet restoration model fur-
ther tackles these artifacts with an iterative residual learning to
progressively refine the quantized input in order to restore the
natural color gradient and structural information. Comprehen-
sive image quality metrics for the Semantic Riverscapes dataset
are presented in Table 7.

4.1.2. Compression performance analysis

Considerable compression gains are possible with color
quantization using 16-color palette. File size is reduced by around
68% on average over the dataset, facilitating transmissions done
through the bandwidth-limited communication links of UAV.
This compression ratio holds for various scene content types (e.g.,
natural scenes, water, buildings).

Quantized images retain the original spatial resolution (usu-
ally, 1024 x 1024 pixels) to maintain space information and for
color to be encoded in a compact manner. The quantization
is performed directly onboard the UAV with little computa-
tional overhead (on representative hardware, processing time is
approximately 85 ms per image), thus enabling real-time use.

The degree of compression is evaluated by a measure which
the size of original raw images (about 2.5 MB per image) are
compared to that of after quantization compressed images (about
0.8 MB per image). This decrease allows a transmission time
that is approximately 3x lower than the one achieved considering
simulated networks, as shown in Section 4.4.

4.1.3. Visual quality assessment

In addition to the quantitative evaluation, we provide
visual comparisons illustrating the effectiveness of our restoration
pipeline. It can be visually observed that restoration is able to elim-
inate several compression artifacts effectively. Smooth gradients
in sky, water, and vegetation areas are recovered removing the
perceivable color banding generated by quantization. Fine-scale
textures and edges are kept, or to be recovered by the residual
learning in coarse-to-fine structure details required for good visual
quality. Recovered images appear natural in color, and the artifi-
cial appearance of quantized images is reduced while maintaining
perceptual quality.

The visual quality of the images is presented in Figures 4, 5,
6. In the three figures, the original images, their quantized versions,

Table 7

Image quality metrics — semantic riverscapes
Metric Value Description
PSNR 35.01 dB Peak Signal-to-Noise Ratio (restored vs. original)
SSIM 0.9430 Structural Similarity Index (restored vs. original)
Original file size 2.5 MB Average uncompressed image size
Quantized file size 0.8 MB Average after 16-color quantization
File size reduction 68% Compression ratio
Compression ratio 3.1:1 Original: Quantized
Dataset 400 images Semantic Riverscapes benchmark

Figure 4
(a) Original images, (b) color-quantized (16 colors) images and (c) restored images from the model
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Figure 5
(a) Original images, (b) color-quantized (32 colors) images, and (c) restored images from the model

Figure 6
(a) Original images, (b) color-quantized (64 colors) images, and (c) restored images from the model

and the restored images are shown. The first figure shows the
results for quantized to 16 colors, the second shows quantized to
32 colors, and the third shows quantized to 64 colors.

The restored images from 16 color quantization improve the
quality of the image but exhibit some color banding in regions of
smooth gradient, such as the skies, water, etc. But performs very
well for images that don’t have such smooth transitions of colors.
The restored images from 32 color quantization improve the qual-
ity of the image significantly without any strongly visible artifacts.
The smooth color transitions are accurately reconstructed by our
pipeline. The results look impressive in 64 color-quantized images
as well.

The visual results are validated by the results found from
quality evaluation metrics PSNR and SSIM. The average PSNR
and SSIM for all the results are reasonably good, but they show
impressive results for images that are restored from 32 colors and 64
colors. Table 8 shows the results found from the quality evaluation
of the restored images from different color band quantization.

Figure 7 illustrates the trade-off between restoration
quality and compression efficiency across quantization
levels. As K increases, post-restoration PSNR improves
substantially—from 26.80 dB at K = 4 to 4564 dB at
K = 64—but file size reduction diminishes from 80% down to
52%. K = 16 sits at the elbow of both curves, achieving 68% file

size reduction and 34.90 dB PSNR after restoration. This level
of quality is sufficient for reliable downstream object detection,
as demonstrated in Section 4.2. Moving to K = 32 yields a 5 dB
PSNR gain but at the cost of an 8 percentage point drop in com-
pression efficiency, while K = 64 further reduces compression
savings to only 52% —an unacceptable overhead for bandwidth-
constrained UAV links. These results confirm that K = 16 is the
practical sweet spot for the target application.

We also conducted experiments using some of the well-
known super-resolution model pipelines independently. The mean
PSNR and SSIM values of Real-ESRGAN, SwinIR, and our
pipeline (CCDNet + ESRGAN) are provided in Table 9. Through
our approach, PSNR and SSIM are further improved to 35.01
dB and 0.9430, respectively, which is better than the indepen-
dent models, indicating better reconstruction performance under
strong quantization.

We also experimented with a traditional JPEG compression
before transmission and decompression at the ground station.
Figure 8 shows a comparison between a JPEG image and our
pipeline output. JPEG image (Figure 8(a)) introduces strong
banding artifacts (especially in sky-like areas) where as our CCD-
Net + ESRGAN output (Figure 8(b)) shows fewer artifacts. This
makes it a more practical solution in scenarios where image clarity
directly impacts decision-making (e.g., search and rescue).

Table 8
Evaluation of the images restored from different levels of quantization

Original vs restored (16 colors)

Original vs restored (32 colors) Original vs restored (64 colors)

Avg. PSNR
Avg. SSIM

34.90 dB
0.9419

39.94dB
0.9676

45.64 dB
0.9895
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Figure 7
Quality-compression trade-off of the proposed pipeline across quantization levels K=4 to K=64
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Table 9
Performance comparison of super-resolution models on 16 color-quantized UAV images
Method PSNR (dB) SSIM
Real-ESRGAN 26.99 0.8888
SwinIR 27.27 0.8903
CCDNet + ESRGAN 35.01dB 0.9430
Figure 8

(a) JPEG image, (b) proposed pipeline output — less visual artifacts are noticed in the outputs of our pipeline

(@)

(b)

4.1.4. Ablation study

A brief ablation study of the proposed pipeline is presented
in Table 10 to show how the different components of the pipeline
affect the metrics. The super-resolution model doesn’t have sub-
stantial influence on performance metrics, but for the purpose of
upscaling the image, removing visual artifacts, and better human
visual perception the super-resolution model is important for the
pipeline.

12

4.2. Downstream task evaluation

Image quality metrics (PSNR, SSIM) are useful for the
evaluation of visual quality preservation; however, they do not
directly quantify the usefulness of the pipeline for real opera-
tional UAV applications. We provide complete evaluation results
that demonstrate the impact of our pipeline on an important
downstream task object detection and validate with it, quality of
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Ablation study of the pipeline

Table 10

Original vs restored

Original vs restored

Original vs restored

Metrics from 16 colors from 32 colors from 64 colors
Deep learning model only Avg. PSNR 34,90 dB 39.94 dB 45.64 dB
Avg. SSIM 0.9419 0.9676 0.9895
Deep learning model withsuper- Avg. PSNR 35.01 dB 40.09 dB 45.65dB
resolution
Avg. SSIM 0.9430 0.9678 0.9899

content in restored images which is enough to use for practical
purposes.

4.2.1. Global detection performance
The object detection experimental setup is summarized in
Table 11.

Table 11

Obiject detection experimental setup
Parameter Value
Dataset Semantic Riverscapes
Total images 400
Total annotated objects 1105
Object classes 6
Detection model YOLOvV8n (nano)
Evaluation metric mAP@0.5
Annotation format COCO
Comparison sets 3
Compression ratio ~68%

Our pipeline attains a mAP (at 0.5 ToU threshold) of 63.0%
on restored images and compare this to the 49.0% mAP on
JPEG-compressed images and the 81.0% on original uncom-
pressed images. This is significant 14.0 percentage point gain over
JPEG compression with similar compression ratio (mean rep-
resenting 68% file size reduction). Comprehensive global object
detection performance metrics are presented in Table 12. The
table presents mean Average Precision (mAP@0.5), detection
counts, retention rates, and performance differences for Original,
JPEG-compressed, and Restored image sets.

Table 12
Global object detection performance metrics
JPEG
Metric Original (Q=10) Restored
mAP@0.5 81.0% 49.0% 63.0%
A vs Original baseline -32.0 pts —-18.0 pts
Objects 964 711 818
detected

Retention rate 87.2% 64.3% 74.1%
False negatives 143 418 231
False negative 12.9% 37.8% 20.9%

rate

Mean average precision comparison across image sets is visu-
alized in Figure 9. Detection retention rates and preservation
performance are illustrated in Figure 10.

4.2.2. Per-class performance analysis

When analyzing per-class, we observe that effectiveness of
restoration is slightly different across various object classes; some
classes are more benefited from restoration than others. The
recovery pipeline brings particularly large gains for mission-critical
categories. Per-class AP results are detailed in Table 13. It presents
per-class AP (AP@Q0.5) for each operational category, comparing
original, JPEG-compressed, and restored image sets, along with
improvement metrics.

4.3. Cross-dataset generalization

We demonstrate the real-world deployment feasibility of our
pipeline by evaluating it on new datasets without retraining. This
zero-shot cross-dataset evaluation investigates whether restoration
knowledge learned from natural/riverscape scenes can also transfer
to distinct visual domains (e.g., urban scenes).

4.3.1. Image quality generalization

Zero-shot evaluation protocol and experimental configura-
tion are summarized in Table 14.

On Semantic Riverscapes (training set), we obtain 35.01
dB PSNR and 0.9430 SSIM. For zero-shot evaluation on Vis-
Drone, we obtain 31.49 dB PSNR and 0.8182 SSIM, achieving
89.94% and 86.8% retention ratios, respectively. These results
demonstrate strong generalization with PSNR approaching 90%
of training performance despite domain shift from natural/river-
scape to urban scenes. Comprehensive cross-dataset image quality
metrics are presented in Table 15. Cross-dataset image quality
comparison is visualized in Figure 11.

4.3.2. Object detection generalization

In addition to image quality measures, we test whether
the restoration performance would result in preserved detection
effectiveness across domains. On Semantic Riverscapes (train-
ing set), restored images achieve 62.90% mAP. On VisDrone
(zero-shot), we achieve 53.50% mAP, indicating 85.06% perfor-
mance retention. Restoration improves results over JPEG for both
datasets, with a 3.29 percentage point mAP advantage on VisDrone
(53.50% vs. 50.21%). This demonstrates strong generalization abil-
ity without fine-tuning. Cross-dataset object detection performance
comparison is detailed in Table 16. Cross-dataset object detection
performance comparison is visualized in Figure 12.
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Figure 9
Mean average precision (mnAP@)0.5) comparison across original, JPEG-compressed, and restored image sets, demonstrating the
restoration pipeline’s effectiveness in preserving detection performance

Impact of Transmission Strategies on Detection mAP

0.9

81.0%

mAP@0.5

Original

JPEG (Q10)

Restored

Figure 10
Detection retention rates showing the percentage of objects successfully detected for original, JPEG-compressed, and restored image
sets, with visual representation of retained vs. missed detections

Detection Retention After Transmission

Restored

JPEG (Q10)

Original
0 20 40 60 80 100
Objects Retained (%)
Table 13
Per-class average precision (AP@0.5)

Object Class Original JPEG (Q=10) Restored Improvement vs JPEG
Car/Vehicle 88.0% 58.0% 69.0% +11.0 pts
Human/Person 76.0% 37.0% 53.0% +16.0 pts
Boat 69.0% 29.0% 44.0% +15.0 pts
Building 82.0% 47.0% 63.0% +16.0 pts
Tree 78.0% 44.0% 57.0% +13.0 pts

4.4. Transmission and storage efficiency

Beyond image quality and downstream task performance,
practical deployment of UAVs requires evaluation of transmission
efficiency and storage capacity. This section presents network sim-
ulation and storage capacity analysis results demonstrating the
practical benefits of compression for UAV deployment.

14

4.4.1. Transmission time analysis

Using the probabilistic network simulation framework
described in Section 3.1.4, we evaluated transmission performance
under realistic UAV communication conditions. Experiments
showed that quantizing an image allows it to be transmit-
ted 3% faster than transmitting the original uncompressed images
in the same network environment. This improvement leads to
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Table 14
Zero-shot evaluation setup
Parameter Value Description
Evaluation type Zero-shot No model retraining or adaptation

Training dataset Semantic Riverscapes

Training images 400

Test dataset VisDrone2019-DET
Test images 548

Model adaptation None

Evaluation metrics PSNR, SSIM, mAP

Image quality focus Pixel-level restoration
Downstream task focus Semantic preservation

Domain shift Natural — Urban

Natural/riverscape scenes

Full benchmark dataset

Urban/rural scenes

Validation set

No fine-tuning or domain adaptation
Image quality and downstream task
PSNR and SSIM metrics

Object detection mAP

Different visual characteristics

Table 15
Cross-dataset image quality metrics

Semantic Riverscapes Absolute Performance
Metric (Training) VisDrone (Zero-Shot) Difference Retention
PSNR (dB) 35.01 31.49 -3.52dB 89.94%
SSIM 0.9430 0.8182 -0.1248 86.8%
Dataset Size 400 images 548 images - -
Domain Type Natural/Riverscape Urban/Rural - -
Figure 11

Cross-dataset image quality comparison showing PSNR and SSIM metrics for Semantic Riverscapes (training) and VisDrone
(zero-shot), demonstrating generalization performance across domains
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a low latency for image transmission from UAV to ground sta-
tion, which is highly desirable in time-critical applications such as
search and rescue. Figure 13 shows how transmission time drops
for images after color quantization in the pipeline.

4.4.2. Storage capacity analysis

The capability to store images on board the UAV itself has a
major influence on mission length and flexibility as well. We first
studied onboard storage on a UAV with 32 GB of flash memory
under which original uncompressed images were stored to judge
the performance of image compression.

The results based on compressed images written suggest that
as many as 2.5X more images can be stored than if the origi-
nal uncompressed images are used for storage. More precisely,
12,870 original images could be stored (average of 2.6 MB per
image) and 39,745 quantized images could be stored (average of
0.84 MB per image). This extended storage capability directly

Restoration Quality: SSIM Comparison
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results in increased mission endurance without the need to offload
data, larger coverage per mission flight, enhanced probability of
collecting significant events over long operations, and reduced
requirement for an active communication links.

4.4.3. Transmission efficiency summary

The combined benefits of compression and restoration cre-
ate an effective balance between transmission efficiency and visual
quality. The pipeline obtains 68% reduction in file size with
color quantization, 3x faster transmission time under a simulated
network, 2.5X increment of onboard image storage, and high-
quality visual restoration (35.01 dB PSNR and 0.9430 SSIM).
These results confirm the efficiency of the pipeline for bandwidth-
constrained UAV applications where both transmission efficiency
and image quality are concerned. Table 17 compares stor-
age capacity, mission duration impact, and operational benefits

15
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Table 16

Cross-dataset object detection performance

Metric

Semantic Riverscapes (Training)

VisDrone (Zero-Shot)

Original mAP@Q0.5

JPEG (Q=10) mAP@0.5
Restored mAP@0.5

Restored Retention (vs Original)
Restored vs JPEG Improvement
Original detections

Jpeg detections

Restored detections

Original retention rate

Jpeg retention rate

Restored retention rate
Performance retention ratio

81.30%
48.70%
62.90%
77.8%
+14.2 pts
964

711

818
87.20%
64.30%
74.10%

73.20%
50.21%
53.50%
73.1%
+3.29 pts
698
590
560
78.50%
67.10%
62.40%
85.06%

Figure 12

Cross-dataset object detection performance comparison showing mAP and retention rates for Semantic Riverscapes (training) and

VisDrone (zero-shot) across different compression strategies

Cross-Dataset Image Quality Comparison (Zero-Shot)
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Figure 13
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Table 17
Transmission efficiency summary
Metric Original Quantized Improvement
Average Transmission Time 82.99 s 27.28 s 55.71 s or 3.08 times faster per image
Average File Size 2.6 MB 0.84 MB 68.1% smaller
Image Capacity (32 GB storage)  ~12,807 images ~39,745 images ~26,938 additional images

between original and quantized image storage on a 32 GB UAV
system.

4.5. Computational performance analysis

Although image quality and task performance are of
paramount importance, real-world deployment of UAVs also
demands validation that the pipeline operates within compu-
tational constraints compatible with embedded systems. This
section presents comprehensive performance analysis in terms of
runtime and memory usage.

4.5.1. Runtime performance

Real-time processing capability, critical for UAV applica-
tions, is primarily determined by runtime performance. For our
training dataset, Semantic Riverscapes: 85.0 ms per image at the
quantization stage, and 245.0 ms per image at restoration stage,

which in total takes 330.0 ms per. In terms of runtime on Vis-
Drone zero-shot evaluation dataset, the quantization takes 115.5
ms per image while restoration takes 257.2 ms per image, yielding
376.8 ms for entire pipeline per single image.

The restoration phase takes the majority of total runtime
(74% on Riverscapes, 68% on VisDrone), as anticipated for deep
learning inference. Quantization runtime takes 26% of total exe-
cution time for Riverscapes and 32% for VisDrone, where the
latter has a higher fraction due to larger images that requires more
processing time. Detailed runtime performance metrics for both
datasets are presented in Figure 14 and in Table 18.

4.5.2. Memory usage

Memory constraints are an important consideration for
embedded UAV platforms, which typically have limited RAM
resources. On the training dataset, Semantic Riverscapes, the
quantization and restoration stages require 512 MB and 1024

Figure 14
Runtime performance comparison across Semantic Riverscapes and VisDrone datasets, showing stage-wise breakdowns

Riverscapes: Latency Breakdown

Quantization
(85 ms)

Restoration
(245 ms)

VisDrone: Latency Breakdown

Quantization
(115 ms)

Restoration
(257 ms)

17
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Table 18
Runtime performance metrics

Riverscapes Ratio (VisDrone: % of Total % of Total
Stage (ms) VisDrone (ms) Riverscapes) (Riverscapes) (VisDrone)
Quantization 85.0 115.5 1.41x 25.8% 31.7%
Restoration 245.0 257.2 1.05x 74.2% 68.3%
Total Pipeline 330.0 376.8 1.14x - -

Figure 15 5.2. Limitations

Memory usage comparison between Semantic Riverscapes and
VisDrone, showing stage-wise memory consumption and peak
memory requirements

Memory Usage Comparison

1400 1 HEE Riverscapes
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1024 MB
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800

600 1

Peak Memory (MB

400

200

Restoration
Pipeline Stage

Quantization Total Pipeline

MB, leading to a peak memory of 1200 MB. On the zero-shot
evaluation dataset, VisDrone, the quantization stage consumes
720 MB, restoration stage costs 1126 MB, and the peak memory
is 1326 MB. Figure 15 shows memory usage comparison between
the two datasets.

5. Conclusion

5.1. Summary of contributions

Our work has several important contributions to the field
of UAV image transmission and enhancement. We demonstrate a
three-stage strategy (onboard color quantization, high-efficiency
transmission, and ground-station restoration), which leads to
around 68% file size reduction with visually high quality (PSNR:
35.01 dB, SSIM: 0.9430), achieving approximately 3x faster of
transmission under realistic network scenarios.

Apart from standard perceptual metrics, we expand our eval-
uation pipeline to evaluate performance on downstream tasks.
We evaluate our restoration pipeline on object detection with
YOLOVS and obtain 63.0% mAP@0.5 vs 49.0% of equivalent
compression factor JPEG-compressed images, representing a 14.0
percentage point advantage that preserves vital information in
mission-critical applications.

We carry out zero-shot cross-dataset evaluation to validate
the generalizability of our pipeline. Training only on Semantic
Riverscapes and testing on VisDrone2019-DET without model
fine-tuning shows that the restoration method learns generic
image restoration principles, with 89.94% PSNR and 85.06%
detection performance preserved across datasets.

18

There are several limitations in the present study. The
pipeline uses a fixed 16-color palette, regardless of scene complex-
ity, which might be a limitation for images that have different
degrees of color variation. The baseline comparison in this
study is limited to JPEG compression; stronger baselines such as
JPEG2000, BPG, and learned compression codecs were not eval-
uated, which limits the scope of the compression performance
claims. Future work should include these comparisons to better
contextualize the pipeline’s compression efficiency. Additionally,
the reported performance metrics are based on single experimen-
tal runs without statistical significance testing such as confidence
intervals or repeated trials, which is a limitation of the cur-
rent evaluation methodology. Cross-dataset evaluation is solely
performed on two aerial imagery datasets; the performance on
significantly different domains with drastic domain gaps (night-
time, infrared, extreme weather) has not been explored. Our
evaluation is limited to one downstream task (object detection
with YOLOVS); important other tasks like semantic segmentation
or visual SLAM were not considered. Computational perfor-
mance assessment is done on specific hardware, and real-world
deployment would involve platform-specific tuning. Simulation
of transmission even with realistic network models is a simula-
tion, not one that has been field tested using actual UAVs as the
platform. Evaluation is on still images; video sequences where
temporal smoothness matters have not been handled. The restora-
tion models could have biases from the training set, and might
not handle image features that are less present in the data it has
been trained on.

5.3. Future work

There are several directions for future research stemming
from this work. An interesting improvement might be to make
the color quantization strategies adaptive with the number of col-
ors adjusted based on image complexity using lightweight metrics
such as image entropy or edge density computed onboard, to
compensate for one key limitation that could be a more effective
representation. Further evaluation on more downstream tasks,
such as semantic segmentation, instance segmentation, and visual
SLAM could allow for a better utility estimation. Studying task-
aware compression approaches where parameters are optimized
for the downstream task performance could lead to more effective
models. Reconsidering more advanced restoration architectures
(vision transformers, GANs) might be beneficial quality-wise, but
take into account that computational constraints remain impor-
tant. Customizing hardware-specific optimizations such as model
pruning or FPGA acceleration would increase the deployment
feasibility. Real UAV platforms would validate a complete field
test under real-world conditions. Studying the performance of
video sequences would also generalize this to real-time streaming
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scenarios. The performance of specialized scenarios could be
improved by developing domain-specific optimizations for par-
ticular applications (search and rescue, infrastructure inspection).
Investigating federated learning techniques can potentially facili-
tate collaborative enhancement of models while maintaining data
privacy. Studying the integration with edge-computing archi-
tectures will permit hybrid concepts that balance onboard and
ground-station processing.

In summary, this paper provides a complete pipeline for data-
efficient image transmission and enhancement in the context of
UAV applications. We experimentally validate the pipeline and
show its ability to achieve significant improvements in transmis-
sion efficiency and image quality while also being computationally
amenable to real-time deployment. The proven enhancements
in transmission efficiency and computational feasibility, com-
bined with the ability to preserve semantic information that other
approaches might blunt or remove, make this pipeline a valid
approach for bandwidth-limited UAV applications where image
quality and information preservation are critical. Though the
work has its limitations and future research needs to be done, the
contributions enhanced the UAV image transmission technology
extent, which serves as a solid foundation for further exploration
and practical application.
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