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Abstract—Computer vision (CV) tasks are among the most
pivotal, yet challenging, operations for uncrewed aerial vehicles
(UAVs), especially in mission-critical applications. They require
processing complex image data through deep neural networks
(DNNs), which demand computational resources far beyond
UAVs’ capacity. To address this limitation, Split DNNs offer a
promising solution by partitioning the model into: 1) a lightweight
Head, deployed on the UAV for rapid, albeit less precise, initial
image representations, and 2) a more complex Tail, executed at
the network edge for refined, higher accuracy results. However,
this solution necessitates transmitting large tensor data from the
UAV to the edge server, leading to significant bandwidth con-
sumption. We tackle this challenge by introducing a goal-oriented
framework named compressed tensor-based DNN split (CoTeD).
Our framework integrates an application- and system-aware
optimization model that orchestrates computing and transmission
resources in real time. At the UAV, CoTeD dynamically selects
relevant tensor information and optimally tradesoff between
DNN detection quality and bandwidth consumption, guided
by application requirements and system operational conditions.
At the edge server, CoTeD reconstructs the tensor, enabling
efficient inference by the Tail model. This approach effectively
balances bandwidth usage with the quality of the CV task
output. Experimental results, obtained through our hardware-
software testbed and using datasets with different sizes and
characteristics, show that CoTeD can reduce data transmission
over the radio link by up to 90% without noticeable loss in
object detection quality and inference latency by up to 70%
compared to local DNN deployment onboard the UAV. Also,
CoTeD yields an inference request success rate of at least 90%,
with an increase of 20%–80% compared to direct DNN splitting,
static Joint Photographic Experts Group (JPEG) compression,
and DNN model quantization.

Index Terms—Bandwidth utilization, edge computing, orches-
tration, uncrewed aerial vehicles (UAVs).
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NOMENCLATURE

t Generic video frame index.
Ft Video frame sequence.
Vt ∈ R

I×J×K Activation tensor generated by Ft.
V̂t ∈ R

I×J×K Reconstructed activation tensor.
∆t ∈ R

I×J×K Difference tensor.
Pt ∈ R

I×J×K Pruned tensor.bPt ∈ R
I×J×K Reconstructed pruned tensor.

M ∈ RI×J×K Pruning mask.
Ct Compressed pruned tensor.
pt Pruning threshold, in range [0, 1].
θPt Sparsity of the pruned tensor Pt.
at = {ajpeg

t , adecom
t , areg

t } Tensor compression technique
selector, binary.

qat = {qjpeg
t , qdecom

t , qreg
t } Quality of compression

techniques.
mAPF Frame-level DNN detection mAP.
senF Frame-level DNN detection sensi-

tivity.
DmAP

t User tolerable mAPF drop.
Dsen User tolerable senF drop.
dmAP

t User experienced mAPF drop.
dsen

t User experienced senF drop.
γt Measured SNR between Vt and

V̂t.
γ∗t Target reconstructed tensor SNR.
γat (pt, qat ) Estimated SNR between Vt and V̂t

for at configuration.
rt Measured compression ratio

between Vt and Ct.
r∗at

Target compression ratio for dif-
ferent compression techniques.

rat (pt, qat ) Estimated compression ratio
between Vt and Ct.

σ Size of activation tensor Vt, in
bytes.

Lt, lt(pt, at, qat ) Available vs. used wireless band-
width for transmission.

T ifr
t DNN inference deadline.

T tr
at

Compressed tensor transmission
time when different compression
technique is selected.

T Head,T Tail Processing time for DNN Head
and Tail models.

T CoTeD
at

CoTeD-framework processing
time when compression technique
at is selected.

S = (ps, as, qas ) Sample configs for optimization
solver.
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I. INTRODUCTION

ADVANCEMENTS in uncrewed aerial vehicle (UAV)
technology have substantially broadened its adoption,

leveraging it for a wide range of applications, including disas-
ter rescue, infrastructure inspection, environmental monitoring,
and delivery services. In such application scenarios, computer
vision (CV) tasks such as object detection are identified as
essential, yet computationally demanding and performance-
critical, for execution on UAV platforms [1]. On one hand,
they provide essential input for streamlined applications, such
as object tracking and UAV autopilot tasks. On the other
hand, the variability in the performance of CV tasks in terms
of accuracy and latency can substantially impact downstream
applications and even cause system failures. The task perfor-
mance strongly depends on the quality of the data samples
(e.g., images) provided as input and on the scale of the
relevant objects, which can widely vary depending on the
captured scene, the weather conditions, and the UAV position,
making stable inference quality hard to achieve. Deep neural
networks (DNNs) have been shown to outperform traditional
CV approaches in accuracy and robustness for UAV CV tasks
[2]. However, high-quality inference using complex DNNs on
resource-constrained UAVs remains a challenging and costly
task.

A promising approach toward coping with these issues is
to break down the original DNN architecture into segments,
allowing subsets of layers to be deployed on different com-
puting nodes, distributing the processing between onboard and
off-board parts. This way, the original processing pipeline
is preserved by linking these segments through a suitable
communication protocol [3], [4]. Specifically in a UAV setting,
the DNN can be split into a small, low-complexity Head
segment executed at the UAV and a larger, more complex,
Tail segment running at an edge server. This approach enables
two processing options: 1) local refinement of the Head output
(hereinafter also referred to as activation tensor or simply
tensor) on the UAV using a simplified Tail model [5], or 2)
transmission of the Head output to the edge server for full Tail
processing. Together, the two options cover diverse relevant
system and application requirements. The former represents
a reliable solution in the presence of impaired connectivity
while resulting in a limited energy footprint, but it comes with
lower accuracy. In contrast, the latter allows for a higher level
of inference accuracy, thus making it possible to fulfill more
stringent application requirements. However, it implies a larger
inference latency and requires not only reliable connectivity
between the UAV and the edge server, but also, due to the
large size of the activation tensor, the use of a data rate that
can easily reach Gbps level. It is worth emphasizing that
transmitting raw data collected by the UAV cameras to the
edge server is not a desirable option. Such an approach would
necessitate duplicating the processing already performed at the
UAV, consequently increasing the overall energy consumption.
In addition, it could compromise data privacy. Conversely, due
to the nonlinear operations of the DNN, transmitting the tensor
better preserves privacy, as reverting it to the original input is
a challenging task [6].

In light of the above observations, it is essential to carefully
consider the following factors regarding DNN splitting: 1) the
strategy for partitioning the DNN; 2) the radio bandwidth
required for transferring the activation tensor from the UAV to
the edge server; and 3) the overall inference latency associated
with the transmission of the tensor and the distributed process-
ing. Techniques to reduce the radio bandwidth needed for the
tensor transfer have been proposed in recent studies. The most
well-known approach is to introduce “bottleneck” layers at the
end of the DNN Head [7], [8], which can significantly reduce
the tensor size. However, this approach cannot fully address
some key factors: 1) once the “bottleneck” layers are set, the
compression ratio on the tensor is fixed and cannot be adapted
to the available radio bandwidth; and 2) DNN retraining is
required for every splitting point, which introduces a high
computation cost and limits the flexibility on adjusting the
DNN partitioning point in runtime. Other approaches leverage
general compression solutions like Joint Photographic Experts
Group (JPEG) [9] or quantization [10] to directly compress
the Head tensor, which is DNN retraining free. Nonetheless,
these approaches suffer from high compression loss and, yet,
a limited compression ratio, making the split DNN inference
quality and latency very hard to guarantee.

In this work, we fill the above gaps by addressing the
following technical challenges: 1) executing DNN inference
efficiently by distributing the computational load between
the UAV and the edge server; 2) maintaining stable system
performance despite limited and time-varying radio bandwidth
for tensor transmission; 3) keeping the overall inference
latency (including both the data transfer and process latencies)
within user requirements; and 4) achieving an optimal tradeoff

between DNN detection quality and bandwidth consumption.
We achieve this multifaceted goal by accurately model-

ing the real-world cooperative UAV-edge CV system, and
designing a low-complexity, goal-oriented framework named
compressed tensor-based DNN split (CoTeD). First, CoTeD
removes redundant information leveraging the correlation
between consecutive video frames, which, as demonstrated
later, is retained by consecutive tensors. Second, given the
time-varying operational context (i.e., radio link quality, avail-
able bandwidth, and acquired video frames), CoTeD selects the
appropriate compression technique and configures the associ-
ated parameters, in such a way that it minimizes bandwidth
usage while ensuring that the target values of the application-
level key performance indicators are met. The key idea we
propose is a modeling that enables the transformation of
the complex (nonlinear) optimization problem into a simpler,
tractable one, that admits efficient solutions, balancing the
aforementioned multifaced tradeoffs. Third, by exploiting a
minimal amount of information sent by the transmitter on the
performed processing, CoTeD analyzes the original tensor at
the edge server and provides it as input to the DNN Tail,
allowing for a highly accurate inference output.

Our contribution can be summarized as follows.
1) We design the CoTeD framework for efficient split

computing as well as optimization-driven tensor com-
pression and transmission from the UAV to the edge
server. Remarkably, CoTeD can be easily adapted to
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different pretrained DNNs without any DNN model
modification.

2) We develop a UAV-to-5G-edge testbed in which an
object-detection DNN is split and deployed across the
UAV and the edge server to process the video frames
captured by the UAV (the code will be made available
to accompany the article publication).

3) Through our testbed, we demonstrate that the ten-
sors generated by the DNN Head on the UAV, which
correspond to consecutive video frames, preserve a
correlation level comparable to that of the original
frames. This property enables effective data reduc-
tion through a simple yet dynamic data-deduplication
scheme.

4) Next, we focus on three relevant compression tech-
niques, namely, JPEG, CANDECOMP/PARAFAC (CP)
decomposition, and polynomial regression. Using our
testbed, we experimentally characterize how detection
quality and sensitivity degrade under different pruning
factors, compression methods, and compression param-
eters, which jointly produce a different signal-to-noise
ratio (SNR) on the decompressed tensor. We then use
this characterization to derive an analytical relationship
among these quantities.

5) We exploit the aforementioned experimental findings
to formulate an optimization model that, accounting
for the system and application constraints, dynamically
determines the tensor sparsity, compression technique,
and corresponding configuration that minimizes ten-
sor transmission bandwidth. Furthermore, we propose
a novel, yet simple, strategy to efficiently solve the
resulting nonlinear optimization problem. By delegat-
ing this optimization to the edge orchestrator, we
enable real-time adjustment of tensor transmission set-
tings, thereby effectively trading off radio resource
consumption with application performance in dynamic
scenarios.

6) We evaluate the overall CoTeD framework by means of
our testbed using three different video datasets, prov-
ing the effectiveness and robustness of our solution.
Our experimental results show that CoTeD can reduce
up to 90% of the data to be transmitted over the
radio link without a significant impact on the overall
object detection quality. Further data compression can
be achieved under controlled degradation of the DNN
detection quality. Also, CoTeD guarantees an infer-
ence request success rate of at least 90%, with an
increase of 20%–80% when compared to direct DNN
splitting, static JPEG compressions, and DNN model
quantization.

In the rest of the article, Section II describes our reference
scenario, while Section III introduces the CoTeD frame-
work. Section IV presents our empirical investigation of the
relation between tensor compression loss and object detection
performance. We then leverage these results to formulate a
mathematically tractable optimization of the system orchestra-
tion. Section V validates CoTeD and compares its performance

Fig. 1. System scenario and application example. UAV-edge cooperative video
object detection for UAV flight control.

against baseline solutions. Finally, we discuss some relevant
related work in Section VI and draw our conclusions in
Section VII.

II. REFERENCE SCENARIO AND DEVELOPED TESTBED

Our reference system scenario, depicted in Fig. 1, includes
an edge server, a 5G base station (gNB), a core network
(CN), and a UAV acting as a 5G user equipment (UE). The
multiaccess edge computing (MEC) platform uses the 5G-
CN’s user plane function (UPF) as a virtualized data plane,
thereby ensuring minimal latency and communication distance
between the edge application and the 5G UE. For concreteness,
we consider an autopilot application navigating the UAV,
which is enabled by a DNN for video object detection on
the frames captured by the UAV’s camera.

Motivated by the resource-constrained nature of onboard
processors of UAVs, we distribute execution between the UAV
and the edge server by leveraging CoTeD as a novel DNN
split solution. We place the DNN Head and small, lightweight
Tail (S-Tail) models at the UAV and the larger, heavy Tail
(L-Tail) model at the edge server [11]. The DNN Head model
takes the raw data as input, processes it with the first few
layers of the DNN, and outputs the activation tensor. The
activation tensor can be input to the S-Tail model, which
generates detection results swiftly but with low quality. For
a better quality result, the activation tensor can be transmitted
to the edge server over the 5G network and processed by
the L-Tail model on a more powerful computing unit, thus
obtaining higher quality detection, but with communication
need in-between. Notice that the acceptable latency for object
detection-based applications (e.g., UAV autopilot or object
recognition) is determined by the UAV flying dynamics and/or
the frame rate of the video captured by the UAV, hence it is
strictly bounded to the subsecond range [12]. Consequently,
given the application latency requirements and that the size
of the tensor output by the DNN Head is in the order
of Kilobytes to Megabytes, the tensor transmission would
require substantial bandwidth—i.e., a 5G-connection at least
one order of magnitude faster than the one available today
(current public 5G networks provide, on average, 100 Mbps in
uplink [13]).

Authorized licensed use limited to: University of Cyprus. Downloaded on July 01,2026 at 12:35:22 UTC from IEEE Xplore.  Restrictions apply. 



16088 IEEE INTERNET OF THINGS JOURNAL, VOL. 13, NO. 8, 15 APRIL 2026

Fig. 2. Schematic representation of our testbed.

To enable the system experimental analysis and performance
assessment, we develop the testbed in Fig. 2, which consists
of two parts: UAV and edge server. Each part includes three
stacks: the hardware stack, the communication software stack,
and the application stack.

A. Hardware Stack

We utilize an Nvidia Jetson Orin Nano as the UAV’s
computation unit. This choice is driven by its ability to deliver
server-class AI performance under low power consumption,
which is critical for extending UAV flight endurance. The
edge server is a laptop featuring an Intel I7-7700HQ CPU
and Nvidia GTX 1050Ti GPU as the edge server. This setup
serves as a representative state-of-the-art [14] mid-tier edge
node, providing the necessary multicore processing power to
host the OpenAirInterface (OAI)-5GC and MEC platforms
simultaneously. Each of them is connected to a universal
software radio peripheral (USRP) device, model B210, to
establish a wireless communication channel.

B. Software Stack

We set up a private 5G connection between the UAV
and the edge server, leveraging the open-source OAI project
(https://openairinterface.org/). On the UAV side, we configure
the USRP as a 5G user using OAI-UE and connect it to
our private 5G gNB. On the edge server side, we create
our private base station by configuring the USRP as a 5G
gNB through the OAI-radio access network (RAN) and run-
ning the OAI-5GC (CN) on the same server. In addition
to hosting edge services, we integrate the OAI-MEC plat-
form (https://gitlab.eurecom.fr/oai/orchestration/oai-mec) into
the edge server. This architecture enables edge services to
directly access the 5G network through the OAI-5GC UPF,
while network-level metrics are exposed to our framework via
the OAI-radio network information service (RNIS).

C. Experimental Setup

To ensure consistent channel conditions, we first recorded a
5G trace while the UE was in motion within the laboratory. We
then emulated the corresponding available bandwidth using the
tc traffic control tool.

TABLE I
DNN MODEL SPLIT POINT ANALYSIS

In the application stack, we deploy a DNN Head model
and the corresponding DNN application (e.g., UAV autopi-
lot application) on the UAV side and the larger DNN Tail
(L-Tail) model on the MEC platform at the edge server.
Since the behavior and the performance of the lightweight
S-Tail are predictable, the S-Tail has not been implemented
to keep the testbed construction leaner. Also, we limit the
computational power that can be consumed by the DNN Head
model to 10% of the UAV device to mimic the workload
that is expected in a multitask system. To achieve this, we
simulate the high GPU load by running a concurrent GPU
stress test during the experiment. We then deploy our tensor
compression and decompression framework (see Section III)
on the UAV and edge server, respectively, aiming at adapting
the tensor compression ratio to the real-time quality of the
5G connection. We remark that the above three stacks of our
testbed are well decoupled, which provides high flexibility
for evaluating our framework across different platforms and
connectivity settings. Further details about the testbed can
be found in our open-source repository: https://github.com/

Rexyyj/CoTeD
As a DNN model that is suitable for the application at hand

and as part of the testbed instantiation for our analysis and
benchmarking, we selected well-established pretrained real-
time video object detection DNNs, namely, YOLOv3 [15]
and YOLOv3-tiny [16]. The pretrained YOLOv3 model is
composed of 107 layers, with 62-M parameters in float32
format. Instead, YOLOv3-tiny is designed as a more computa-
tionally efficient version of YOLOv3, enabling its deployment
in resource-limited scenarios as the mobile network edge with
a pretrained model is composed of 24 layers with 8.9-M
parameters in float32 format. Table I presents the DNN
split point analysis we performed on these models. We found
that, for the YOLOv3 model, due to special shortcut branches
in the DNN input layers, the only layers with a single
activation tensor split point are at the first, third, and tenth
layers, and the minimum DNN Head output tensor size split
point can be found at the first and the tenth layers. We thus
select the tenth layer as optimal split point for the YOLOv3
mode, with the activation tensor to be transmitted between the
Head and L-Tail models in the shape of [128× 104× 104],
which results in around 5540 kB. For the YOLOv3-tiny model,
all the layers between the first and the eighth layer present a
single activation tensor to be transmitted between the DNN
Head and Tail. After the eighth layer, the DNN starts to branch
and requires multiple activation tensors to be transmitted. As
the tensor size decreases as the split point is pushed later in
the DNN structure, the optimal split point for the YOLOv3-
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Fig. 3. Datasets samples: St. Marc dataset (top), BEV dataset (middle), and
ImageNet-VidVRD (bottom).

tiny model is thus the eighth layer, with the activation tensor
to be transmitted between the Head and L-Tail models in the
shape of [128×26×26], i.e., around 350 kB.

For the YOLO-v3-tiny model training and testing, we use
three datasets with different sizes and characteristics:
1) the St. Marc dataset (https://www.jpjodoin.com/

urbantracker/dataset.html); 2) the bird eye view (BEV)
(https://universe.roboflow.com/mohamed-badreldin-cp2tc/

bird-eye-view); and 3) the ImageNet-VidVRD dataset
(https://xdshang.github.io/docs/imagenet-vidvrd.html). Sample
frames from the three datasets are shown in Fig. 3. In all three
datasets, the original frame rate is equal to 30 fps, while the
image resolution is, respectively, 1280×720, 640×480, and
1920×1080. The St. Marc dataset includes 1000 continuous
video frames containing three classes, shot by a static camera
pointing at a traffic intersection. With reference to our use
case, this emulates a UAV traffic monitoring scenario. The
BEV dataset comprises over 4000 video frames captured
from football matches, serving as a reference for a two-class
object detection problem. In this context, we consider the use
of UAVs as a complement to, or replacement for, cable robot
applications [17]. Finally, the ImageNet-VidVRD dataset
includes 200 videos with labels on each frame that may
belong to 35 different object classes. As depicted in Fig. 3,
this represents a UAV scenario for wildlife monitoring, where
human intervention may unintentionally disturb animals,
or wildlife habitats may be difficult to access. For each
dataset, 75% of the video frames are used for model training
(including 5% for validation) and 25% for testing. Random
shuffling is applied to the training frame set, while the
testing set is ordered in time sequence as the original video.
Importantly, using the above three datasets allows us to
evaluate the robustness of our approach for diverse tasks with
different characteristics and levels of complexity.

III. COTED FRAMEWORK

This section introduces the functional architecture of our
CoTeD framework, depicted in Fig. 4. The notation we use
is presented in Nomenclature. As illustrated in Fig. 4, an
onboard camera captures a sequence of video frames, denoted
by [F1, . . .,Ft,Ft+1, . . .], where t is the generic frame index.
Video frames are given as input to the DNN Head deployed

on the UAV. Upon processing Ft, the Head model generates an
activation tensor, Vt∈R

I×J×K , that is, 1) input to and processed
by the DNN S-Tail model and 2) transmitted to the edge server
and processed by the DNN L-Tail model.

A. Overview of CoTeD

As shown in Fig. 4, CoTeD is composed of two main
modules: CoTeD-Mobile and CoTeD-Edge, deployed on
the UAV and the edge server, respectively. Each mod-
ule encompasses a framework manager responsible for
configuring the framework settings, facilitating intermod-
ule communication, and interacting with external ser-
vices. Below, we give an overview of these components
and their key functionality, while in Sections III-B–III-E,
we detail and motivate the specific algorithmic design
choices.

Prior to Transmission From CoTeD-Mobile to CoTeD-Edge:
Vt is processed by a sequence of low-complexity operators in
CoTeD-Mobile: 1) Difference, yielding ∆t; 2) Pruning,
generating Pt; and 3) Compression, producing Ct (corre-
sponding, respectively, to operators 1 to 3 in Fig. 4). This
outcome, Ct, is a highly compressed representation of Vt that
can be efficiently transmitted to CoTeD-Edge.

Concurrently With the Above Operations: The Monitor
module (component I in Fig. 4) measures: 1) tensor compres-
sion quality, i.e., compression ratio and reconstructed tensor
SNR from Pt, bPt, and Ct, and 2) resource availability and
usage, e.g., communication bandwidth. The compressed tensor
Ct and the measurements in the Monitor are next passed
to the CoTeD Manager (component II in Fig. 4), which is
the orchestration module of the framework that manages the
communication to CoTeD-Edge and configures the framework
setting in real-time to fulfill the application requirements and
the dynamic system conditions.

Upon Reception by CoTeD-Edge: CoTeD-Edge processes
Ct by the following operators: 1) Decompression, yieldingbPt, and 2) Reconstruction, bVt, (respectively, operators 4
and 5 in Fig. 4). The output of Reconstruction is an
estimated activation tensor, which is input to the DNN Tail
running at the edge server to produce the object detection
outcome for frame Ft. The result is relayed back to the
UAV via CoTeD, to be used by the application (e.g., UAV’s
autopilot).

In the following, we detail the framework components by
addressing three key questions: 1) how to effectively reduce
the data volume that the UAV has to transmit to the edge
server (Section III-B); 2) how to optimize tensor processing
at both the UAV and the edge server (Section III-C); and
3) how to ensure that the overall latency—including both
data transmission and data processing—is within application
requirements (Sections III-D and III-E).

B. Tensor Difference, Pruning, and Reconstruction

Motivated by the observation that video frame sequences
with high adjacent similarity are commonly compressed by
data-deduplication algorithms, a key question focuses on
the potential differences between corresponding tensors. To
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Fig. 4. Scheme of the CoTeD framework: DNN Head and tensor difference, pruning, and compression at the UAV; tensor decompression and reconstruction,
and DNN L-Tail at the edge server.

Fig. 5. Representative example of our analysis on the (left) similarity between consecutive input frames and between consecutive YOLOv3-tiny’s activation
tensors, (middle) cdf of the values in the activation tensor and difference tensor, and (right) impact of the pruning threshold on the difference tensor sparsity.

address this question, we performed extensive tests using our
testbed and the datasets introduced in Section II.

Fig. 5 summarizes the outcome for a representative example:
a 10-s test video with 30 fps, i.e., a total of 200 frames. Each
video frame contains one target object to be detected.

Specifically, Fig. 5 (left) shows the similarity between
consecutive video frames as well as between activation ten-
sors output by the DNN Head (Vt) with different DNN
split layers, using the cosine similarity metric, defined as

Vt ·Vt−1
‖Vt‖‖Vt−1‖

. When consecutive video frames Ft have high
similarity, the corresponding activation tensors (Vt) exhibit
high similarity as well. Also, the level of adjacent tensor
similarity does not directly relate to the DNN split layer,
but strictly follows the similarity trend of the input video
frames. These findings demonstrate that the activation ten-
sors bear the potential to be compressed with deduplication
algorithms when the input video frames have high adjacent
similarity.

Next, Fig. 5 (middle) illustrates the cumulative distribution
function (cdf) of the L2-normalized values of the activation
tensors (V1, V2), and of their difference tensor (∆2). Most of
the elements of the activation tensors take on values close to
zero and have a nonsymmetric distribution, which makes their
compression and transmission difficult to perform. However,
looking at the cdf of the difference tensors, one can see that the
values of the ∆2 follow a normal distribution with zero mean
and very small standard deviation. As ∆2 is a difference tensor,
it is also fair to assume that its small absolute values will have
a negligible impact on the DNN inference and can be removed.
It follows that ∆2 is a tensor that can be easily compressed,
hence transmitted, while retaining the relevant information for

an accurate application-level result. Furthermore, as shown in
Fig. 5 (right), the sparsity of the difference tensor increases
significantly as the pruning threshold increases, thus underlin-
ing the effectiveness of this configuration parameter in making
the tensor more compressible [18].

Based on the above observations, it is evident that
the Difference, Pruning, and Reconstruction are
essential operators as preprocessing steps at the UAV prior
to compression. Hence, we design CoTeD so that, upon
receiving the activation tensor (Vt) from the DNN Head, the
Difference operator in CoTeD-Mobile: 1) subtracts bVt−1
from Vt, generating the difference tensor ∆t, and 2) sums
the decompressed pruned tensor bPt with bVt−1. CoTeD then
stores the summation result, bVt, in the internal memory for the
subtract operation in the next time instance. Here, bVt−1 denotes
the reconstructed pruned activation tensor in the previous time
instance (which is initialized as a zero vector).

After Difference, the tensor ∆t is fed as input to
Pruning, generating the pruned tensor Pt∈R

I×J×K by setting
to zero the elements of ∆t with absolute normalized value
smaller than a threshold pt. For an efficient algorithmic imple-
mentation that can use hardware single instruction, multiple
data (SIMD) parallelism, Pruning: 1) creates a binary mask
M of values larger than pt and 2) calculates the element-wise
product between mask M and ∆t.

In CoTeD-Edge, the Reconstruction operator sums the
reconstructed pruned tensor bPt with bVt−1 and generates the
reconstructed activation tensor bVt. Specifically, bVt−1 represents
the reconstructed activation tensor in CoTeD-Edge at the
previous time instance (initialized to a zero tensor). bVt is then
processed by the DNN L-Tail at the edge server.
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Notice that our proposed architecture makes CoTeD able
to perform the differential operation on the activation tensors
without the need to cache the original video frame streams.
Also, leveraging bVt−1 as a reference for the difference oper-
ation reduces the pruning and compression loss effect on the
overall detection quality, thus increasing CoTeD’s robustness.
Indeed, values in the activation tensor Vt that have a small
variation rate can significantly affect the final detection result.
Using (Vt−1) as a reference would make such values become
small in the difference tensor and eventually be pruned by the
pruning operator. Instead, in CoTeD, the small value variations
in the activation tensor accumulate over time and, hence, they
will eventually be transferred to the DNN L-Tail model.

C. Tensor Compression and Decompression

The Compression is the last operator in CoTeD-Mobile:
it compresses and encodes the high-dimensional tensor Pt

to a data sequence for transmission. To facilitate efficient
compression for different application scenarios and edge sys-
tem states, it is critical to ensure flexibility in adjusting and
choosing among different compression options. Below, we
outline the possibility for an adjustable process, employing
three configurable representative compression algorithms, i.e.,
JPEG, tensor decomposition, and polynomial regression.

The Compression operator selects in real-time the most
suitable compression strategy (i.e., one of the possible tech-
niques denoted by at =

n
ajpeg

t , adecom
t , areg

t

o
) based on the input

quality level qat , and then it passes the compressed output to
the CoTeD Manager. Notice that ajpeg

t , adecom
t , and areg

t are
binary selectors, and only one algorithm can be selected at
one time. Also, the quality level qat , which ranges in [0, 1],
represents the normalized compression settings in the consid-
ered quality range for each compression algorithm (namely,
JPEG: [50, 100], Decomposition: [1, 5], and Regression:
[1,5]). Given a compression technique, the higher the qat value,
the higher the compression quality, or, equivalently, the lower
the compression ratio, the lower the compression loss. We
remark that the resulting compression ratio and quality depend
nonlinearly on the above configuration parameters. Therefore,
we design a dynamic, event-driven, decision-making strategy
within the CoTeD Manager to manage these parameters, as
detailed in Section III-E.

The compressed tensor and the metadata (including the
selected algorithm, quality level, and implementation settings)
are combined in a data structure denoted by Ct. In addition, the
Compression operator performs two steps: 1) it generatesbPt from Ct, which will be consumed by the difference operator
as described in Section III-B, and 2) it transmits Ct to CoTeD-
Edge via CoTeD Manager.

On CoTeD-Edge, upon receiving Ct, the Decompression
operator identifies the compression settings through the meta-
data in Ct, decompresses the tensor correspondingly, and
generates the reconstructed pruned tensor bPt. We remark
that the compression process is not always lossless, i.e.,bPt , Pt. Below, we outline and motivate the choice of the
three representative algorithms we consider, namely, JPEG,
decomposition, and regression.

1) JPEG (https://en.wikipedia.org/wiki/JPEG): It is a well-
known image compression algorithm that can achieve a high
compression ratio with adjustable loss in image quality,
denoted as qJPEG

t . We selected it since, as noted above,
tensors retain the same characteristics as video frames.
We use simplejpeg (https://pypi.org/project/simplejpeg/) to
implement JPEG compression for tensor Pt, in three steps:
1) quantizing the float type tensor to int8 type (due to the
simplejpeg input requirement); 2) reshaping the quantized
tensor to a 3-D-3-channel tensor (as RGB image) or 2-D-
1-channel tensor (as GRAY scale image); and 3) supplying
the reshaped tensor and the JPEG quality setting as input
to an off-the-shell JPEG implementation. Thus, the metadata
includes the compression selector, the quantization bases and
bins, and the reshaped tensor shape. In the Decompression
operator, we reverse the JPEG compression operation, i.e.,
from step 3) to 1), and obtain the reconstructed pruned
tensor bPt.

2) Decomposition [19]: As a representative of compres-
sion techniques specifically designed for tensors, we adopt
the CP decomposition. This is a variant of the tensor rank
decomposition, in which, for an arbitrary value R, referred to
as decomposition rank, the tensor is expressed as a sum of
R rank-1 tensors, which significantly reduces the tensor size.
Thus, we use the rank R as the compression quality indicator
for the decomposition technique, denoted by qdecom

t . For a
third-order tensor X∈RI×J×K and a given value of R, the rank-
one tensors can be obtained by solving the following problem:

minX



X − bX




F
, where ‖Y‖F =

qPI
i=1
PJ

j=1
PK

k=1

ˇ̌
Yi jk

ˇ̌2.

To implement the decomposition procedure and solve the
above optimization, we adopt the TensorLy library (https://
tensorly.org), which can be accelerated using [20]. To further
accelerate the decomposition and reduce the recomposition
loss, the Compression operator implements the decompo-
sition compression at the tensor slice level, i.e., it splits the
pruned tensor Pt into N slices, with N = I, and it performs
CP decomposition on each slice. Then, the Decompression
operator reconstructs tensor bPt slice by slice. It follows that
the compression ratio for decomposition can be expressed as,
rdecom = J·K

(J+K)·R . Importantly, if R is equal to the rank of tensor
X , then bX = X . Also, as the R decreases, the compression
ratio increases while the estimation quality decreases, and vice
versa, which provides a flexible way to adjust the compression
performance. In the Compression operator, we indeed use
the decomposition rank R as the compression quality indicator
for the decomposition technique, denoted by qdecom

t .
3) Regression: As a representative of data-driven analytics

approaches, we adopt polynomial regression to summarize
the data in tensor Pt and use the polynomial degree as the
compression quality indicator qreg

t . We implement regression
compression for tensor Pt in four steps.

1) Slice Pt into N slices, with the total number of elements
in the slice not larger than 65 536 (to store the value index in
int16 format).

2) Reshape the tensor slices to 1-D vectors and mark the
tensor values as dependent variable sets and the corresponding
indexes as the independent variable sets.
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3) To guarantee the polynomial equation only models the
trend of meaningful (i.e., nonzero) values in the tensor, remove
the zero value and corresponding position indexes from the
dependent variable sets and the independent variable sets.

4) Input the independent variables, the dependent vari-
able, and the regression degree to a regression solver
(e.g., Numpy polyfit function https://numpy.org/doc/stable/

reference/generated/numpy.polyfit.html). The results of this
operation are the polynomial coefficients, denoted by Qt, and
the nonzero value indexes (the positive and negative value
indexes are separated), which represent our compressed data.
Again, the Decompression operator reconstructs tensor bPt

slice by slice. For every slice, it calculates the value of each
positive and negative index, and it inserts them into a zero
vector of the same size as the tensor slice. Finally, it reshapes
the vector to the shape of the slice. The metadata thus includes
the compression algorithm selector, the number and shape of
each tensor slice, and the vectors’ positive and negative value
indexes. The compression ratio of the regression compression
is expressed as rreg = Size(Pt)

Size(Pt)·θPt /2+Size(Qt)
≈ 2

θPt
where θPt is

the sparsity of the tensor Pt. Since the size of the polynomial
coefficients Qt is typically much smaller than the tensor size, it
can be ignored during the compression ratio estimation. Thus,
the polynomial compression ratio rreg is approximated to 2

θPt
.

D. CoTeD Monitor

On CoTeD-Mobile, the Monitor component is responsible
for monitoring the tensor compression quality and system
resource consumption, providing the necessary information
for the Manager to make precise and effective real-time
framework configurations.

For tensor compression quality monitoring, on one hand, the
Monitor measures the SNR (denoted by γt and measured in
dB) between the activation tensor Vt and the reconstructed
activation tensor bVt, as

γt = 10 log10

�
E[Vt

2]

E[(bVt − Vt)2]

�
(1)

where E[·] denotes the expectation operator. Our observations
indicate that most values in the tensor Vt are small and have a
negligible impact on the performance of the object detection
DNN. In contrast, a few significant values primarily determine
the DNN’s detection quality. Thus, common error metrics, like
the mean square error (mse), cannot be used to represent the
tensor reconstruction quality in CoTeD, since the distortion
of tensor significant values will vanish in such computation
due to the average operation. Instead, we consider the SNR,
which can well capture the significant distortions in the tensor
thanks to the square operation in the signal and noise power
calculation. The Monitor also measures the compression
ratio rt between the activation tensor Vt and the compressed
tensor Ct, which is given by

rt =
size(Vt)
size(Ct)

(2)

where we have underlined the dependency of the compression
ratio (through Ct) on the pruning factor, the compression tech-
nique, and the compression quality. In addition, the Monitor

queries the mobile network (e.g., the MEC platform) for real-
time values of the available bandwidth, denoted by Lt. All such
measurements are aggregated and transferred to the Manager
component every time an activation tensor Vt is processed by
CoTeD-Mobile.

E. CoTeD Manager

The Manager component runs on both CoTeD-Mobile and
CoTeD-Edge, and it plays a pivotal role in the orchestration
of the overall framework. When the Manager is initiated
on CoTeD-Edge, it acts as a RESTful server and listens to
the requests from the UAV. Notably, upon the arrival of a
request, it extracts and forward the compressed tensor Ct

to the Decompression operator, collects the DNN L-Tail
detection output, and returns the collected result to the UAV.
When instead the Manager operates on CoTeD-Mobile, it
performs three major tasks: 1) it transmits the compressed ten-
sor Ct to CoTeD Edge using a RESTful request; 2) it collects
the compression quality and system measurements from the
Monitor; and 3) it updates the framework configuration (i.e.,
the pruning threshold pt, the compression technique selector
at, and the compression quality qat ) according to the real-time
network condition and application requirements.

To perform the above third task, we consider three reconfig-
uration triggering events that imply the need for an update of
the framework configuration: 1) a change in the available radio
bandwidth larger than a threshold, e.g., 20% with respect to
the previous update; 2) a drop in the measured reconstructed
tensor SNR γt below the target value γ∗t (detailed in Sec-
tion IV); and 3) a change in the application requirements,
e.g., accuracy of object detection. At each framework update,
the Manager finds the configuration that optimally tradesoff

application requirements with radio bandwidth consumption
(see Section IV).

In general, for CV tasks, the DNN detection performance
is measured as detection mean averaged precision (“mAP” for
short), and as detection sensitivity (“sen” for short), across the
whole test dataset. The Manager should, however, guarantee
frame-level detection performance, i.e.,

mAPF =
1
N

NX
n=1

APn, senF =
TP

TP + FN
. (3)

In (3), N denotes the target object classes in a video frame,
APn indicates the averaged precision on the detection of class
n, and TP and FN denote, respectively, the number of true-
positive and false-negative detections within the video frame.
Then, we define the experienced detection performance in splt
DNN as detection mAP drop, denoted by dmAP

t , and detection
sensitivity drop, denoted by dsen

t , with respect to the optimal
mAP and sensitivity values that the DNN can achieve (i.e.,
when the DNN is not split) for the target video frame. We
measure the detection mAP and sensitivity for each input
frame, and impose that neither the object detection mAP drop
nor the sensitivity drop exceeds their respective maximum
tolerable value. More formally, we must have: dmAP

t ≤DmAP
t

and dsen
t ≤Dsen

t , ∀t.
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Furthermore, given the inference deadline T ifr
t required by

the application at hand and the adopted compression technique
at, the Manager first calculates the time left for transmitting
the compressed tensor Ct, as

T tr
at

= T ifr
t − T Head − T Tail − T CoTeD

at
(4)

where T Head, T Tail, and T CoTeD
at

are, respectively, the process-
ing time at the DNN Head and L-Tail and through the whole
sequence of CoTeD operators. Notice that these values can be
considered as constant and measured in advance. Then, given
the framework pruning threshold, compression technique, and
the compression setting to be used at t, the corresponding com-
pression ratio can be expressed as rat (pt, qat ). The bandwidth
required to meet the transmission deadline, T tr

at
, is thus

lt(pt, at, qat ) =
σ

T tr
at
· rat (pt, qat )

(5)

where σ is the size of the original tensor.
Finally, the Manager selects the configuration to be used

so that: 1) the bandwidth occupancy is minimized; 2) the
available bandwidth limit Lt is not exceeded; and 3) the
application-layer constraints are fulfilled. To this end, it
applies the decision-making strategy defined and analyzed in
Section IV.

IV. COTED CONFIGURATION STRATEGY

As stated above, the Manager is in charge of dynamically
selecting the optimal framework configuration, i.e., pruning
threshold pt, adopted compression technique at, and com-
pression quality qat . To this end, it solves the following
optimization problem, O(t), at any time t if any of the three
reconfiguration triggering events specified in Section III-E
occurs:

O(t) : min
{pt ,at ,qat }

lt(pt, at, qat ) (6)

s.t. ddmAP
t ≤ DmAP

t (7)
dsen

t ≤ Dsen
t (8)

lt(pt, at, qat ) ≤ Lt (9)

ajpeg
t + adecom

t + areg
t = 1 (10)

pt ∈ [0, 1) ; qat ∈ N
+ . (11)

The objective function lt(pt, at, qat ) is given in (5). Constraints
(7)–(9) guarantee that under the selected compression tech-
nique, compression quality, and pruning threshold setting, the
maximum mAP and sensitivity drop values and the available
bandwidth are not exceeded. Also, constraint (10) imposes that
only one compression technique is selected at a time. Once
an optimal solution for O(t) is found, the Manager updates
the framework configuration accordingly. The video frames
are then processed with the same configuration until the next
triggering event occurs. When no feasible solution is found
for O(t), the Manager keeps the previous configuration and
notifies the UAV application about the associated constraint
violation. We remark that as follows.

1) The objective function in (6) is nonlinear as both the
tensor compression ratio rat (pt, qat ) and the transmission

time T tr
at

[determining lt(pt, at, qat ) as per (5)] depend on
the compression framework configuration in a nonlinear
manner.

2) No exact analytical relation exists between the mAP
(sensitivity) drop dmAP

t (dsen
t ) and the framework con-

figuration parameters pt, at, and qat .
To overcome the above challenges, we proceed as follows.
First, we decompose problem O(t) in three subproblems,

denoted by bO(at), one for each compression technique. Sec-
ond, given at, T tr

at
is a constant. We then leverage (5) to

replace the minimization of the bandwidth occupancy with the
maximization of the compression ratio rt(pt, at, qat ). Third, to
make constraints (7)–(9) solvable, we model the relationship
between the mAP (sensitivity) drop dmAP

t (dsen
t ) with the

reconstructed tensor bVt’s SNR, denoted by γt, using (12),
and estimate γt from pt, at, and qat through dynamic linear
interpolation. Finally, when feasible solutions exist for the
subproblems, the compression technique (at) and the corre-
sponding subproblem solutions (pt and qat ) that correspond
to the highest compression ration are selected as the solution
of O(t).

A. Sensitivity and mAP Drop Modeling

As the intuition suggests and our experimental investigation
confirmed, the DNN detection performance drop (for both
dmAP

t and dsen
t ) decreases with the increase of the reconstructed

tensor bVt’s SNR γt. This relationship, however, is strongly
related to the input frame complexity and affected by the
nonlinearity of the DNN model, which makes it difficult to
derive an analytical formulation thereof. Importantly, through
an extensive experimental campaign on our testbed, we found
that, for γt>0, this relationship can be modeled by a piecewise
negative exponential equation, i.e.,

D(y)
t =

(
1, if γt < max

�
b(y), ln(h(y))

k(y)

�
h(y) · e−k(y)·γt , else

(12)

where D(y)
t ((y) = mAP, sens) represents the DNN performance

drop, and b(y), h(y), and k(y) ((y) = mAP, sens) are parameters
that can be experimentally estimated.

To give an intuition, we illustrate some example measure-
ments, using the BEV, the St. Marc, and the ImageNetVidVRD
datasets mentioned in Section II. Fig. 6 shows the box plots
of DNN performance drop measurements for different recon-
structed tensor SNR bins and the corresponding fitting curves.
Each bin includes the measurements with the reconstructed
tensor SNR within 2-dB windows; the results have been
obtained considering 200 video frame samples in each test
dataset. The left and middle-left plots correspond to the DNN
detection mAP drop and sensitivity drop for the BEV dataset,
while the middle-right and right plots correspond to the St.
Marc dataset. More in detail, boxes show the interquartile
range (IQR) of the SNR measurements, with the box edges
corresponding to the first and third quartiles, respectively.
The whiskers extend to the smallest and largest values within
the 5th and the 95th percentile, while the measurements
beyond the whiskers are considered to be outliers. During
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Fig. 6. Normalized DNN object detection mAP/sensitivity drop versus SNR of the reconstructed tensorbPt for the BEV (left: mAP drop; middle-left: sensitivity
drop) and St. Marc (middle-right: mAP drop; right: sensitivity drop) datasets.

TABLE II
APPROXIMATION FUNCTION PARAMETERS FOR MAP AND SENSITIVITY

DROP (DMAP
t AND DSEN

t )

the experiment, we performed the split inference on the test
video frame sets using all possible combinations of the frame-
work settings. The measurements thus represent the general
CoTeD’s performance.

Fig. 6 shows that both the normalized DNN detection mAP
drop and sensitivity drop exhibit negative correlation with the
reconstructed tensor SNR γt for all datasets. However, such
a relation varies across the datasets. To better describe it,
we filter out the outliers in each SNR bin and fit (12) with
the top 1% measurements of the mAP drop and sensitivity
drop in each reconstructed tensor SNR bin by minimizing
the mse between the estimated and the measured values. We
emphasize that fitting the estimation curve with the top 1%
DNN performance drop measurements in each SNR bin helps
the model to capture the general upper bound of the DNN
performance drop and makes our approximation more robust
in dynamic scenarios. The parameters used for approximating
the DNN detection performance drop are reported in Table II.

B. Decomposition into Subproblems

To ensure that the drop of the DNN detection metrics for
video frame t does not exceed the tolerable values, we use
them in (12), along with the parameters presented in Table II.
By doing so, we obtain the corresponding minimum values
for the tensor SNR, denoted by γmAP

t and γsen
t (respectively).

Then, the two constraints on the SNR of the reconstructed
tensor bPt can be expressed by a single constraint, as: γ∗t =

max(γmAP
t , γsen

t ). Since the SNR of the reconstructed tensor
is directly related to the selected compression technique and
configuration, we highlight such dependencies in the tensor
SNR notation as γat (pt, qat ).

Based on the above findings, we decompose the opti-
mization problem O(t) into three subproblems, one for each

compression technique, and write the subproblem for at asbO(at) : max
{pt ,at ,qat ,}

rat (pt, qat ) (13)

s.t. γat (pt, qat ) ≥ γ
∗
t (14)

rat (pt, qat ) ≥ r∗at
(15)

pt ∈ [0, 1) ; qat ∈ N
+ . (16)

In the above formulation, given technique at and exploiting
(5), we defined the target minimum compression ratio as
r∗at

= σ/(Lt·T tr
at

) and rewrote the constraint on the maximum
bandwidth occupancy as Constraint (15).

C. Dynamic Interpolation for Subproblem Solving

To solve bO(at), we empirically characterize the relation
between γat (pt, qat ) (rat (pt, qat )) and the framework configu-
ration parameters pt and qat . According to our experimental
tests, such relations can be conveniently approximated through
linear functions. Specifically, we used a dynamic linear inter-
polation method over a history window size denoted by
W. Initially, the Manager selects S sample configuration
points (ps, as, qs) (uniformly distributed on the sample space),
processes the first W·S frames (W frames per sample), and
collects the reconstructed tensor SNR and compression ratio
measurements in two maps, i.e., SNR-map and compression
(CMP)-map. In such maps, each sample point corresponds to
W history measurements stored in ring buffers. The Manager
uses the mean value of each sample point’s history to per-
form interpolation and estimate the γat . A similar method,
but using the minimum value, is followed to estimate rat .
During runtime, the Manager inserts the measured SNR γt

(and compression ratio rt) of the reconstructed tensor, along
with the corresponding framework configuration, into the ring
buffer of the SNR-map (and CMP-map). This ensures that the
maps are always up to date.

We tested our estimation method with the JPEG compres-
sion technique on 200 video frame samples using the St.
Marc dataset. In the test, we configured CoTeD so as to
process the test video frames with preset dynamic framework
configurations and obtain continuous varying reconstructed
tensor SNR and compression ratio measurements. Then, we
applied the dynamic interpolation method described above to
estimate the reconstructed tensor SNR and tensor compression
ratio, using different history window sizes, i.e., W = {3, 6, 9}.

The right and left plots in Fig. 7 show the estimation error
versus the tested video frame sequence for the reconstructed
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Fig. 7. Reconstructed tensor SNR (left) and tensor compression ratio (right):
measurement and estimation.

Fig. 8. Flowchart of the configuration update strategy.

tensor SNR and the tensor compression ratio, respectively.
From Fig. 7 (left), we observe that the SNR estimation error
varies with the video frame sequence and the value of W, with
the average estimation error being 7.63%, 8.14%, and 8.49%
for W = 3, 6, and 9, respectively. Similarly, Fig. 7 (right)
underlines that the compression ratio estimation error varies
with the video frame sequence, and the average estimation
error is 12.69%, 13.17%, 14.11% for W = 3, 6, and 9,
respectively. We conclude that the smaller the history window
size, the smaller the estimation error and the shorter the warm-
up phase, thus making the reconstructed tensor SNR and tensor
compression ratio estimation more responsive to the system
dynamics. Also, we remark that we obtained similar perfor-
mance when we applied our dynamic interpolation method to
estimate the reconstructed tensor SNR and tensor compres-
sion ratio for the Decomposition and Regression compression
techniques.

D. Final Configuration Selection

Given the solution to each subproblem, the solution to the
overall optimization problem O(t) is given by the compression
technique at whose optimal configuration (i.e., pt and qat )
yields the highest compression ratio. Importantly, each bO(at)
is a linear optimization problem with real-valued decision
variables (LP), and can thus be efficiently solved using, e.g.,
the pymoo solver [21].

The overall CoTeD configuration strategy is summarized in
Fig. 8. As discussed in Section III-E, this strategy is triggered

by the reconfiguration triggering events, which are checked
at every time instance before processing the activation tensor
Vt on CoTeD-Mobile. When a feasible solution exists for
O(t), the corresponding framework configuration is applied to
process Vt; otherwise, the framework configuration remains
unchanged from the previous time instance.

V. EXPERIMENTAL RESULTS

This section presents the experimental performance evalua-
tion of CoTeD that we conducted using our testbed, described
in Section II. The datasets used in the study, with different
sizes and characteristics, are also described in that section.

We first compare in Section V-A the performance achieved
under our CoTeD framework and the split DNN paradigm
against the case where the DNN is deployed entirely at
the UAV. We then demonstrate in Section V-B the real-time
orchestration performance of the CoTeD’s Manager under
different operational conditions, showing the capability and
robustness of our orchestration algorithm to address system-
level and application-level requirements. We remind that the
constraints include the bandwidth availability Lt, the split
DNN inference request success rate, calculated as the per-
centage of requests that fulfill all performance requirements
(i.e., the object detection performance (DmAP

t , Dsen
t ), and the

inference deadline T ifr
t ). Moreover, we study in Section V-C

the relative properties of CoTeD with respect to baseline
approaches, namely, static tensor compression solutions, in
terms of DNN object detection performance and system
resource consumption.

A. CoTeD With Split DNN Versus Local DNN Execution

We evaluate the object detection and inference time per-
formance when the CoTeD framework is adopted with the
DNN being split between UAV and edge server, and compare
it against the case where the DNN is deployed and run
entirely at the UAV. To this end, for the split deployment, we
performed multiple inference iterations for all video frames,
under different static CoTeD-framework configurations (i.e.,
pruning threshold pt, compression technique at, and com-
pression quality qat ) that were uniformly selected from the
configuration space. For the local deployment, instead, we
performed only one inference iteration across all the video
frame samples, as in this case, the system configuration does
not change over time.

Fig. 9 presents the averaged object detection mAP and
sensitivity as functions of the averaged per-frame transmitted
data size when different compression techniques are adopted
by CoTeD (i.e., JPEG, decomposition, and regression). Note
that, in the case of local deployment, we do not need to
transfer any data. In the split deployment, different CoTeD
framework configurations lead to different volumes of data
to be transmitted from the UAV to the edge server for each
video frame. As expected, for each compression technique,
the amount of per-frame transmitted data decreases as the
pruning threshold pt increases and/or the compression quality
qat decreases. When the per-frame transmitted data size is
smaller than 10 kB, the averaged detection mAP and sensitivity
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Fig. 9. DNN detection performance: (left) mAP, (right) sensitivity, as
functions of the averaged per-frame transmitted data size, under different
framework configurations.

TABLE III
PER-FRAME LATENCY FOR INFERENCE WITH LOCAL DNN AND WITH

SPLIT DNN & COTED

decrease with the decrease of the per-frame transmitted data
size (in which case the pruning threshold pt increases and/or
the compression quality qat decreases). In this configuration
range, by properly selecting the compression technique, one
can trade off DNN detection performance with bandwidth
consumption. Instead, when the per-frame transmitted data size
exceeds 10 kB, the CoTeD’s detection mAP and sensitivity
always match the performance of the nonsplit DNN. It follows
that CoTeD can reduce up to 97% the volume of the data to
be transmitted from the UAV to the edge server (with respect
to the 350 kB tensor raw size), without noticeably degrading
the detection performance of the nonsplit DNN.

Next, Table III presents the mean, standard deviation, and
90th percentile values of the latency measurements for local
DNN inference and split DNN with CoTeD. We can observe
that, due to the limited computational resources at the UAV,
the local DNN inference latency is very high, on average 381
ms per-frame. Conversely, under a split DNN with CoTeD,
the DNN processing time reduces to T Head+T Tail = 98.5 ms.
As defined in (4), the inference latency for the split DNN
deployment should also include the delay introduced by the
CoTeD framework, T CoTeD

at
, and the tensor transmission time

T tr
at

. When JPEG compression is adopted, T CoTeD
at

is the lowest
(4 ms on average), while the other two compression techniques
lead to higher delays (100 ms on average) and higher variabil-
ity. As for T tr

at
, this highly depends on the available bandwidth

(which significantly varies over time) and the framework
configuration. By fixing its value to 20 ms (a fair value in the
case of medium-high bandwidth availability), one can notice
that the split DNN with the CoTeD approach reduces the
inference latency by 40%–70%, relatively to the case of local

DNN deployment. (A detailed analysis of T tr
at

is presented in
Section V-B.)

B. CoTeD Manager Orchestration Performance

One of the essential functions of the CoTeD Manager is
to adapt the CoTeD framework configuration in real-time to
fulfill the system and application requirements. To validate
the Manager’s orchestration performance, we designed three
different application scenarios, as listed below.

Low Target Latency: The UAV is performing critical tasks
(e.g., steering or approaching a target) and the requirement for
the maximum inference latency for object detection is very
strict, e.g., T ifr

t = 150 ms [22].
Medium Target Latency: The UAV is performing nor-

mal navigation tasks (e.g., hovering or cruising) and has a
lower requirement on the maximum object detection inference
latency, e.g., T ifr

t = 300 ms [22].
MTL and High UAV Load: The UAV’s GPU is experiencing

a high computation load due to other onboard applications,
making the JPEG compression speed slower than for the other
two (much lighter) compression techniques. As before, the
object detection inference deadline is set to T ifr

t = 300 ms
[22].

High Target Latency and Large DNN Model: The UAV
is performing object detection tasks in a steady state (e.g.,
hovering in the sky) and has a low target maximum object
detection inference latency, e.g., T ifr

t = 500 ms [22]. However,
due to the higher detection quality required by the task, it
is necessary to use the (larger) YOLOv3 model, and change
some of the parameter settings accordingly, namely, we set:
T Head = 280 ms, T Tail = 40 ms, and T CoteD

ajpeg
t

= 40 ms.
Furthermore, we let the bandwidth available between the

UAV and the edge server (Lt) vary according to a 5G band-
width trace that we obtained using our testbed. As for the
application requirements, we consider DmAP

t = Dsen
t and let

it vary according to a predefined sequence of values that is
negatively correlated with Lt. Finally, we set T Head, T Tail,
and T CoTeD

at
equal to their 90th percentile value reported in

Table III.
Fig. 10 (left), (middle-left), (middle-right), and (right)

shows the temporal evolution of the CoTeD’s configura-
tion (presented as the continuous video frame index t from
the 200th to the 400th video frame), for the low target
latency (LTL), medium target latency (MTL), MTL and high
UAV load (MTL-HL), and high target latency and large
DNN model (HTL-LM) scenarios, respectively. Specifically,
Fig. 10 presents the value of the pruning threshold pt and
the normalized compression quality qat (denoted with “dot”
and “triangle” markers, respectively) on the left y-axis, and
the value of the available bandwidth on the right y-axis.
The compression techniques selected by CoTeD are denoted
with different colors (blue: JPEG, green: decomposition, and
pink: regression). Similarly, Figs. 11–14 illustrate the CoTeD
Manager orchestration performance for LTL, MTL, and
MTL-HL scenarios respectively, including: 1) the normalized
mAP drop dmAP

t ; 2) sensitivity drop dsen
t ; 3) used bandwidth

lt; and 4) per-frame inference time on the y-axis.
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Fig. 10. Real-time CoTeD-framework configuration for the LTL (left), MTL (middle-left), MTL-HL (middle-right), and HTL-LM (right) scenarios.

Fig. 11. LTL scenario: CoTeD Manager orchestration performance. (Left) Normalized DNN mAP drop, (middle-left) normalized DNN sensitivity drop,
(middle-right) used wireless bandwidth, and (right) per-frame inference time.

Fig. 12. MTL scenario: CoTeD Manager orchestration performance. (Left) Normalized DNN mAP drop, (middle-left) normalized DNN sensitivity drop,
(middle-right) used wireless bandwidth, and (right) per-frame inference time.

Fig. 13. MTL-HL scenario: CoTeD Manager orchestration performance. (Left) Normalized DNN mAP drop, (middle-left) normalized DNN sensitivity drop,
(middle-right) used wireless bandwidth, and (right) per-frame inference time.

Fig. 14. HTL-LM scenario: CoTeD Manager orchestration performance. (Left) Normalized DNN mAP drop, (middle-left) normalized DNN sensitivity drop,
(middle-right) used wireless bandwidth, and (right) per-frame inference time.

1) LTL Scenario: Fig. 10 (left) illustrates the framework
configuration evolution for the LTL scenario, in which the
target inference latency is very low (T ifr

t = 150 ms)—a
value that only the JPEG compression technique can meet.
The operational conditions are such that, when the available
bandwidth Lt is high (e.g., between the 220th and the 280th

frame), the tolerance on detection performance drop DmAP
t and

Dsen
t reduces to 0.15, as highlighted by the brown dotted line

in Fig. 11 (left) and (middle-left). In this case, the CoTeD
Manager selects a low pruning threshold (pt = 0.05) and
a high normalized compression quality (qat = 0.9), which
leads to more information being transmitted to the edge server
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and guarantees a high reconstructed tensor SNR. As a result,
in this time interval, the detection performance drop (dmAP

t
and dsen

t ) decreases significantly, as shown by Fig. 11 (left)
and (middle-left). In contrast, the used bandwidth increases,
although it does not exceed the available bandwidth limit
[Fig. 11 (middle-right)].

Different operational conditions emerge in the 300th–400th
frame time interval. In this period, the available bandwidth is
low, but also the tolerance on the detection performance drop
(DmAP

t and Dsen
t ) increases, as, again, highlighted by the brown

dotted line in Fig. 11 (left) and (middle-left). Thus, the CoTeD
Manager selects a configuration with a higher pruning thresh-
old (pt = 0.22) and lower normalized compression quality
(qat = 0.4), which results in a higher compression ratio. This,
however, still guarantees an acceptable reconstructed tensor
SNR. It follows that the used bandwidth decreases significantly
[Fig. 11 (middle-right)] and the detection performance drop
increases, although remaining below the maximum tolerable
value [see Fig. 11 (left) and (middle-left)]. Notably, even
if the available bandwidth Lt varies substantially during the
experiment, the actual used bandwidth always stays under the
bandwidth limit Lt and the per-frame inference time never
exceeds the inference deadline T ifr

t [see Fig. 11 (middle-right)
and (right)].

Importantly, only seven frames do not meet the object detec-
tion mAP drop tolerance DmAP

t or the sensitivity drop tolerance
Dsen

t , which is mainly due to the DNN approximations we
made in the model of the detection performance drop. To
summarize, when computing the inference success rate in the
LTL scenario, CoTeD with split DNN is remarkably high and
never drops below 96.5%.

2) MTL Scenario: Fig. 10 (middle-left) shows the temporal
evolution of the framework configuration for the MTL sce-
nario, in which the inference deadline is less stringent (T ifr

t =

300 ms). In this case, all three compression techniques can
provide a feasible solution to the optimization problem bO(at).
The CoTeD Manager dynamically selects the compression
technique that maximizes the tensor compression ratio while
fulfilling the system and application requirements.

Initially (in the 220th–280th frame interval), the operational
conditions are such that the available bandwidth is high and the
target detection performance drop (DmAP

t and Dsen
t ) is low [see

Fig. 12 (left) and (middle-left)]. In this time period, the best
configuration of the JPEG compression achieves the highest
compression ratio, and hence, it is selected by CoTeD.

Conversely, when the available bandwidth is low (in the
300th–340th frame interval) and the tolerance on detection
performance drop is high [see Fig. 12 (left) and (middle-left)],
CoTeD chooses the optimal configuration of the regression
compression, as it yields the highest compression ratio. We
remark that, in this scenario and under the considered opera-
tional conditions, decomposition is never adopted, since it is
always outperformed by either JPEG or regression.

Similar to the LTL scenario, very few video frames—a total
of five frames—do not meet the target mAP drop or sensitivity
drop DmAP

t . In summary, CoTeD with the split DNN again
achieves excellent performance, with a computed inference
success rate of 97.5%.

MLT-HL Scenario: The time evolution of the CoTeD con-
figuration for the MTL-HL scenario is depicted in Fig. 10
(middle-right). We recall that in this case the UAV’s GPU
experiences high load and the target inference deadline is
T ifr

t = 300 ms. Due to the high GPU load, the compression
time of JPEG (which is significantly more complex than the
other compression techniques) increases substantially. As a
consequence, only decomposition and regression are feasible
choices. Similar to the MTL scenario, the CoTeD Manager
selects the compression technique that can maximize the
tensor compression ratio. It thus adopts the decomposition
technique when the available bandwidth is high (e.g., in the
220th–280th frame interval), and the Regression technique
when the available bandwidth is low (e.g., in the 280th–400th
frame interval). From Fig. 13 (middle-right) and (right), we
can observe that the used bandwidth increases compared to the
MTL scenario, which is mainly due to the limited compression
ratio that Decomposition can achieve. However, during the
whole experiment period, the used bandwidth and per-frame
inference time always stayed under the limit values. Finally,
also in this case, only a few (namely, eight) video frames do
not meet the target mAP or sensitivity drop, and CoTeD with
split DNN achieves an inference success rate as high as 96%.

3) HLT-LM Scenario: Fig. 10 (right) illustrates the tempo-
ral evolution of the framework configuration in the HLT-LM
scenario, where the large YOLOv3 model is adopted for
object detection, and the DNN inference deadline is set to
T ifr

t = 500 ms. As described in Section II, the activation tensor
produced by the YOLOv3’s Head model is substantially larger
(5540 kB) than that of YOLOv3-tiny (350 kB), while the time
available for compression remains limited. Consequently, as
shown in Fig. 10 (right), despite the larger inference deadline,
only JPEG compression can satisfy the requirements (similar
to what we observed in the LTL scenario). Interestingly, in the
HLT-LM case, the CoTeD Manager selects a lower compres-
sion quality qat than in the LTL scenario, but a comparable
prune threshold qt [see also Fig. 10 (left)]. This allows for a
higher compression ratio, hence, a faster transmission, while
preserving essential tensor information—which confirms the
CoTeD Manager’s flexibility in handling tensors of different
sizes. Fig. 14 (middle-right) and (right) highlight that band-
width usage grows with respect to the LTL case, mainly due to
the larger YOLOv3 activation tensors. Nevertheless, through-
out the experiment, the per-frame inference time consistently
remains within the deadline, with only eight frames violating
the bandwidth constraint under low-bandwidth availability.
Finally, only three video frames fail to meet the target mAP
or sensitivity requirements, and overall, CoTeD achieves a
success rate as high as 94.5%.

In summary, Fig. 15 presents the breakdown of the average
per-frame inference latency and the corresponding average
wireless bandwidth usage for the above scenarios. For com-
parison, we also include the case where YOLOv3-tiny (for
LTL, MTL, and MTL-HL) and YOLOv3 (for HTL-LM) are
split, and the activation tensor produced by the DNN Head
is directly transmitted over the radio link. We observe that,
thanks to CoTeD’s dynamic orchestration, the transmission
latency is reduced by 82%, 34%, and 62% for the LTL, MTL,
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Fig. 15. Breakdown of average per-frame inference latency and average
wireless bandwidth usage for CoTeD Manager orchestration and direct DNN
splitting in target scenarios.

TABLE IV

MEMORY, PROCESSING, AND DATA TRANSMITTING FOOTPRINTS ON UAV
FOR COTED AND THE BASELINE SPLITTING APPROACHES

and MTL-HL scenarios compared to “YOLOv3-tiny direct”
transmission, and by 96% for the HTL-LM scenario compared
to “YOLOv3 direct” transmission. Meanwhile, CoTeD pro-
cessing accounts for only about 10% of the average per-frame
inference time (except in the special MTL-HL case, where it
contributes 30%). In addition, the average wireless bandwidth
usage is reduced by 92%, 70%, and 70% for the LTL, MTL,
and MTL-HL scenarios compared to “YOLOv3-tiny” direct,
and by 54% for the HTL-LM case compared to “YOLOv3
direct.” These results demonstrate the significant advantages
and flexibility provided by CoTeD.

C. CoTeD Versus Baseline Split DNN

We now compare CoTeD against baseline split DNN
approaches, namely direct splitting (no compression), direct
splitting with DNN model quantization [23], activation tensor
quantization [24], and fixed-level JPEG compression [9]. For
brevity, we focus on the YOLOv3-tiny model and the St. Marc
dataset’s test samples (in total 400 continuous video frames);
the analysis with the YOLOv3 full model on the BEV and the
ImageNetVidVRD datasets indeed yielded similar results.

In the direct splitting approach, the activation output from
the DNN Head model is serialized (e.g., via Pickle https://
docs.python.org/3/library/pickle.html) and transmitted to the
edge server, causing large transmission delays and high
bandwidth usage. Direct splitting with DNN model quanti-
zation reduces both model size and activation output, but
detection quality is often degraded under aggressive low-bit

TABLE V

INFERENCE SUCCESS RATE AND AVERAGE PER-FRAME INFERENCE TIME
OF COTED AND BASELINE SPLITTING APPROACHES

quantization. For a fair comparison, we quantize YOLOv3-
tiny from float32 to float16, which is denoted with
F16MQ. Another alternative is activation tensor quantization,
where we apply 8-bit quantization (float32 to int8), the
minimum bit-width natively supported by most ML libraries,
and denote it with INT8TQ. As for JPEG compression, prior
work [9] often uses it at fixed quality levels to compress
the DNN Head output before transmission. Following this
approach, we adopt JPEG at quality 100 and 50, denoted with
JPEG-100 and JPEG-50, respectively. Table IV summarizes
the UAV-side memory (excluding libraries), processing, and
transmission footprints of all these methods. Notice that, since
CoTeD dynamically selects compression methods at runtime,
in this case, we provide the range of per-frame processing
time and transmission size, instead of averages with standard
deviations.

We observe that F16MQ achieves the lowest memory usage
(44.9 MB) and the lowest average per-frame processing time
(90 ms), while JPEG-50 achieves the lowest average transmis-
sion size (9 MB). Direct splitting, instead, yields the worst
results. Importantly, CoTeD introduces only a 1% memory
overhead on the UAV, but reduces transmission data by more
than 90% compared to direct splitting.

Then, to evaluate the performance of the above schemes in
serving inference requests, we set the inference deadline to
T ifr

t = 150 ms and vary both the available bandwidth between
the UAV and edge server (Lt) and the application requirements
(DmAP

t , Dsen
t ), as in Section V-B. We run YOLOv3-tiny with

CoTeD and all baselines over 400 continuous video frames
from three datasets (BEV, St. Marc, and ImageNet-VidVRD),
and present the inference request success rate and per-frame
latency in Table V. Direct splitting achieves very low success
rates (10%–30%), mainly due to excessive transmission delay
that frequently violates T ifr

t . F16MQ, INT8TQ, and JPEG-
100 reduce the size of the transmitted data, but still suffer
from deadline violations under low-bandwidth conditions,
resulting in success rates of 50%–75%. JPEG-50, thanks to
its higher compression ratio, keeps inference time consistently
low (118 ms on average), always meeting T ifr

t . However, the
severe quality loss frequently violates application requirements
(DmAP

t , Dsen
t ), yielding inference request success rates of just

40%–70%. Conversely, CoTeD consistently achieves success
rates above 90% across all datasets, with average per-frame
inference time closest to the target deadline, underscoring the
superiority of CoTeD over the considered baseline approaches.
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VI. RELATED WORK

Edge-assisted split DNN inference is a crucial technology
that enables the deployment of complex DNNs on resource-
constrained devices such as UAVs [25]. Due to their inherent
mobility and limited computational power, mobile nodes often
struggle to directly execute highly accurate yet computa-
tionally demanding models, making real-world deployment
impractical [26]. While higher resolution images can improve
detection quality [27], they also require greater bandwidth
[28], making real-time processing infeasible in environments
where responsiveness is critical. To address these challenges,
splitting the computational workload between the edge server
and the mobile device emerges as a promising solution,
offering the potential to simultaneously mitigate both com-
putational and bandwidth constraints [29].

A survey of the main split DNN applications is presented
in [30], which also highlights as major challenges the use of
early exit branches in DNN models and the need to reduce
bandwidth consumption due to tensor transfer between DNN
Head and Tail. For tensor compression, a common approach is
to incorporate “bottleneck” layers at the end of the DNN Head
[7], [8]. This method is highly effective in reducing tensor
size while maintaining a favorable accuracy ratio. However, it
introduces the additional challenge of knowledge distillation
[31], requiring mandatory retraining of a new auto-encoder-
based model for each candidate split layer. An alternative
approach leverages picture/video encoding-based algorithms,
e.g., JPEG [9] or HEVC [32], to encode the DNN Head output
tensor directly, which, however, requires a careful balance
between encoding quality and bandwidth consumption. Other
solutions like [10], and [24] propose to quantize and compress
the features that are output by the split DNN Head, which
requires analyzing the value distribution of each activation
tensor and, thus, may lead to high processing delay. NASC
[33] tackles this challenge by jointly optimizing the model
structure and split point selection, ensuring high accuracy
while meeting latency constraints. It employs a one-shot NAS
approach, eliminating the need for repeated model training,
thus making the search process computationally efficient.
Similarly, DNNSplit [34] preidentifies a small set of candidate
split points corresponding to activation tensors of different
sizes, and then it dynamically selects at runtime the one that
minimizes latency and cost.

Finally, we mention that a preliminary version of this work
appeared in our conference paper [35], which sketched the
split DNN approach using only decomposition and a simple
CoTeD Manager that could only adjust the pruning threshold.

Novelty: As highlighted in Table VI, unlike existing work,
our CoTeD aims to perform efficient tensor transmission
for split DNNs without requiring modifications to the pre-
trained model architecture. Also, different from the DNN split
point-selection approaches, which address the issue of a time-
varying radio bandwidth by changing the DNN split point,
CoTeD is designed to optimize tensor transmission and, hence,
meet the application requirements with very high probability,
at any split layer. CoTeD does so by selecting at the UAV the
relevant tensor information and applying adaptive compression
to it, while at the edge server, it effectively reconstructs the

TABLE VI

COMPARISON OF COTED VERSUS STATE-OF-THE-ART SPLIT DNN-
BASED SCHEMES FOR ACTIVATION TENSOR TRANSMISSION

original tensor, ensuring high-quality inference. This approach
improves the efficiency of split DNN deployment in practical
UAV scenarios by maximizing communication and computa-
tional performance without incurring the additional training
overhead associated with bottleneck architectures.

VII. CONCLUSION

We addressed the execution of DNN-based CV tasks in
scenarios where resource-limited UAVs can leverage the help
of edge servers. We exploited a split computing approach
to run the low-complexity Head DNN at the UAV and the
computationally heavier DNN Tail at the edge of the network
infrastructure, and tackled the problem of efficiently transmit-
ting over the radio link the tensor from the Head to the Tail
model. Our solution, called CoTeD, consists of a sequence of
computational-light and dynamically configurable differential,
pruning, and compression operators at the UAV, and a
similar chain of operations for tensor reconstruction at the net-
work edge. CoTeD is managed by a real-time application- and
system-aware optimization algorithm that targets at fulfilling
dynamic system and application requirements, including the
available radio bandwidth limit, DNN object detection quality,
and inference latency. CoTeD reduces data transmission over
the radio link by up to 90% with negligible loss in object
detection quality and reduces inference latency up to 70%
compared to local DNN deployment on the UAV. CoTeD guar-
antees an inference request success rate of at least 90%, which
corresponds to a 20%–80% improvement when compared to
direct DNN splitting, static JPEG compressions, and DNN
model quantization. An interesting direction for future work is
the integration of DNN Head distillation techniques to develop
frameworks that aim at a DNN-specific optimization of the
compression of the Head output tensor.
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