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Intelligent UAV Surveillance Networks with
Edge-Assisted Execution of Computer Vision Tasks

N. Varshney, Member, IEEE, C. Puligheddu, Member, IEEE, C. Casetti, Senior Member, IEEE S. De, Senior
Member, IEEE. C. F. Chiasserini, Fellow, IEEE

Abstract—Developing an edge-assisted UAV surveillance sys-
tem that ensures low-latency, high-accuracy execution of com-
puter vision tasks while optimizing energy consumption and
network resources remains a complex challenge. In this paper, we
address the limitations of existing research by leveraging image
semantics, image ensemble processing, and mmWave UAV-edge
channel statistics. We do so by focusing on joint optimization
of UAV speed, camera images per second (IPS) rate, offloading
policy, and transmission rates with the aim to minimize the UAV’s
energy consumption. Given the NP-hardness of the problem,
we propose an algorithmic solution, named Intelligent UAV
Network (IntUNe), which is based on an innovative constrained
reinforcement learning strategy that dynamically and effectively
adjusts to real-time conditions. Our results demonstrate that,
in delay-constrained UAV surveillance networks, IntUNe closely
matches the optimum in small-scale scenarios, and it increases
inference accuracy by significantly reducing violations of the
accuracy constraint by up to 96.19% compared to state-of-the-art
alternatives. Also, it reduces UAV propulsion energy consumption
by 34.67% and total UAV energy consumption by up to 37.3%.

Index Terms—Edge computing, task offloading, UAVs

I. INTRODUCTION

Uncrewed aerial vehicles (UAVs) are essential to surveil-
lance operations, like smart farm monitoring, traffic monitor-
ing, and disaster management, owing to their agility and adapt-
ability in navigating diverse environments. With advanced
sensing and communication technologies like cameras and
radars, UAVs can execute complex computer vision (CV) tasks
such as object detection, tracking, and obstacle avoidance.
However, fully autonomous UAV surveillance relies heavily
on efficient, low-latency object detection capabilities and suf-
ficient UAV energy resources. The hardware required for such
tasks often poses challenges due to its bulkiness and energy-
intensive nature, particularly for small-sized UAVs.

In outdoor operations, offloading CV tasks to a ground
control station (GCS), equipped with a high-end server, can
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Fig. 1. Video object detection accuracy (left) and UAV energy consumption
(right) as UAV speed and ensemble size vary. The plots have been generated
from interpolated data obtained using experimental results as detailed in
Sec. VI-A (left), and using the energy consumption model in Sec. III-E (right).

significantly reduce processing time while maintaining detec-
tion accuracy. Additionally, the required transmission power is
generally lower than computational power for object detection
[1], which makes the offloading of CV tasks to the GCS an
attractive alternative to UAV onboard processing. Since the
quality and reliability of the channel directly impacts data
transmission efficiency, it is essential to consider the commu-
nication channel condition before deciding to offload images to
the GCS. To address this issue in multi-UAV-aided surveillance
networks, several works have adopted reinforcement learning
(RL)-based approaches, which mainly fall into two categories:
binary offloading and partial offloading [2]. In the former
case, the CV task is either executed locally on the UAV or
offloaded to an edge server. In the latter case, the task is split
in local computing and execution at the edge. However, binary
offloading is often preferred due to the energy-intensive nature
of running object detection algorithms on the UAV.

Despite the recent advances, developing a reliable system
that anticipates future demands and enhances UAV surveil-
lance performance by intelligently adapting multiple param-
eters remains challenging. Indeed, while CV task offloading
and transmission rate optimization have been widely studied
[3], primarily focusing on reducing data processing delays and
energy consumption, the existing research has limitations and
significant challenges still need to be addressed.

Firstly, most studies focus on UAV energy optimization
for object detection and transmission but overlook propul-
sion energy. While prior work optimizes total UAV energy
via trajectory, transmission power, and resource allocation,
surveillance UAVs often follow predetermined paths (Fig. 2)
[4]. Instead, dynamically optimizing UAV speed along with
the offloading strategy and transmission rates can enhance the
energy efficiency, extend battery life, and maximize coverage
of the UAV. Also, UAV speed impacts object detection accu-
racy, thus introducing another layer of complexity.

Secondly, optimizing UAV speed and images per second
(IPS) rate of the UAV onboard camera is crucial for efficient
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Fig. 2. A UAV traversing a fixed trajectory and connecting to the edge by a
highly directional mmWave link.

surveillance. Object detection is pivotal to accurately identify-
ing target objects within images, and its performance metrics
– including inference accuracy, energy efficiency, and latency
– are influenced by IPS and UAV speed. While traditional
object detection methods process each image independently,
analyzing image groups enhances accuracy by leveraging
contextual and temporal coherence [5]. This requires dynamic
IPS adjustments to adapt to environmental changes. A higher
IPS improves accuracy but increases processing load and
energy consumption, while UAV speed impacts both detection
quality, UAV energy consumption, and coverage. Although
8 m/s minimizes propulsion energy [6], high speeds cause
image jitter, reducing accuracy. Thus, jointly optimizing IPS
and UAV speed is essential to balance accuracy, energy
efficiency, and coverage. An example is shown in Fig. 1, which
highlights the joint impact of UAV speed and ensemble size on
the mean average precision (mAP) of object detection accuracy
and UAV’s energy consumption.

Thirdly, while channel statistics have been used for binary
offloading and energy-delay optimization [7], the use of image
semantics has not yet been considered. We address this by
categorizing images based on criticality. As noted in, e.g., [8],
surveillance videos often contain redundant images with no
important objects, which we denote as low-criticality images,
while some images contain objects of high importance, which
we denote as high-criticality images. Although high-criticality
images are fewer, they demand timely and accurate analysis
to meet the strict latency and reliability requirements of UAV
systems. This typically requires higher IPS rates (i.e., larger
ensembles), resulting in increased processing delays and en-
ergy usage. In contrast, low-criticality images can be handled
with reduced computational effort or delayed offloading, con-
serving energy without compromising overall objectives. By
incorporating criticality, the UAV can adjust its IPS, speed, and
offloading strategy, ensuring a more effective balance between
detection accuracy, responsiveness, and energy efficiency.

Lastly, existing work predominantly considers sub-6 GHz
links for offloading tasks and aims to minimize uplink trans-
mission time [9]. Transmission time can further be minimized
by using high bandwidth millimeter wave (mmWave) links.
However, such channels are highly susceptible to blockages,
resulting in non-line-of-sight (NLoS) conditions lasting several
seconds. During these periods, local image processing on the
UAV may again be needed to ensure timely detection, at the
cost of an increased energy consumption at the UAV.

A. Our approach

To address the above challenges and ensure timely detection
while maintaining required object detection accuracy, our
approach foresees intelligently offloading CV tasks from the
UAV to the edge by considering the following key factors:
• Accounting for image criticality: We categorize captured
images into different criticality levels based on their content
and optimize their handling and processing accordingly. This
ensures efficient resource utilization and timely detection;
• Employing an ensemble of images for higher detection
accuracy: High-criticality of images and rapid environmental
changes necessitate adjustments in the IPS rate operation
to achieve higher detection accuracy. We thus consider the
IPS rate as a decision variable that eventually controls the
ensemble size for a given time period;
• Controlling UAV speed: Besides the IPS rate, adjusting UAV
speed is also crucial for maintaining detection quality and
capturing finer details. Additionally, optimizing UAV speed is
essential to maximize the distance covered while conserving
energy. Hence, we control the UAV speed so as to optimally
trade off energy consumption with detection accuracy;
• Use of mmWave backhaul channel: We leverage the di-
rectional mmWave links between the UAV and the edge to
provide large bandwidth, thereby mitigating latency issues due
to large image transfers;
• Managing edge load: When the edge server is overloaded,
local image processing becomes crucial. We thus dynamically
adjust the offloading decision based on the edge server load
to maintain system efficiency;
• Optimizing the offloading scheme and image transmission
rate: This is vital to minimize UAV energy consumption
while meeting target latency and accuracy. By fine-tuning the
offloading rate and transmission rate, we ensure that critical
data is processed promptly under any channel conditions.

Overall, our approach dynamically adjusts the offloading
strategy, UAV speed, and camera IPS rate in real time to meet
object detection accuracy and latency requirements, while
accounting for image criticality based on image semantics and
mmWave link conditions. Under favorable channel conditions,
the UAV can increase its IPS and speed, offload more images,
and transmit them at higher rate to fully utilize the available
bandwidth and reduce latency. Instead, in case of channel
degradation or high edge server load, the system can lower
the IPS and UAV speed to reduce processing and transmission
load, save energy, and prevent delays. The transmission rate is
also tuned to the channel state for link adaptive transmission.

B. Summary of novel contributions and paper organization

By considering the above factors, we develop an efficient
solution to be run at UAVs for edge-assisted surveillance.
Specifically, the main contributions of this work are as follows:
• We mathematically formulate the problem of intelligent
execution of CV tasks in UAV surveillance networks to (i)
minimize the UAV’s consumption of propulsion and process-
ing energy, and (ii) maximize the total distance covered by the
UAV during its flight, by controlling UAV speed, IPS rate of
the camera on board the UAV, and the offloading strategy. Our
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approach ensures accurate, low-latency inference and uniquely
accounts for image criticality levels, optimizing over image
ensembles rather than individual frames.
• To cope with the complexity of the above problem, we
first decompose the optimization problem for intelligent ex-
ecution of CV tasks across the entire time horizon into
smaller subproblems over shorter durations. Subsequently,
we introduce Intelligent UAV Network (IntUNe), a novel
real-time decision-making framework for UAV-based aerial
surveillance, to be run at UAVs to solve each subproblem. The
solution is built on an extended Constrained Soft Actor-Critic
(CSAC) reinforcement learning framework. Unlike standard
CSAC, our method handles a multi-dimensional discrete action
space, jointly optimizing IPS rate, UAV speed, and offloading
decisions, while explicitly enforcing practical constraints on
energy, latency, and inference accuracy at every time step
through indicator-based cost functions.
• We present experimental findings that illustrate the impact
on achievable accuracy as a function of UAV speed and IPS
rate using a state-of-the-art video object detection model.
•We evaluate IntUNe through an extended numerical analysis.
Our findings reveal that, by accounting for UAV speed, IPS
rate, offloading decisions, and transmission rates, a 34.67%
reduction in UAV propulsion energy and an up to 37.3%
reduction in total UAV energy consumption can be achieved
compared to the state-of-the-art solution in [10]. Additionally,
our approach results in a decrease in violations of inference
accuracy constraints by up to 96.1% relative to [10].

In the following, Sec. II discusses related work, highlighting
the novelty of our study. Sec. III presents the system dynamics,
while Sec. IV formulates the problem for intelligent execution
of CV tasks by UAVs and proves its NP-hardness. Sec. V
introduces our algorithmic solution, named IntUNe; its per-
formance is shown and benchmarked against state-of-the-art
alternatives in Sec. VI. Finally, Sec. VII concludes the paper.

II. RELATED WORK

Energy-efficient UAV surveillance has attracted significant
attention [11], with some works focusing on intelligent UAV
navigation and control [12] while others focusing on joint
optimization of trajectory and resource allocation [13]. For
instance, [11] introduces a cutting-edge UAV surveillance
system endowed with cognitive capabilities, enabling the
rapid identification of critical situations. [9] explores various
modes for image processing and feature extraction, consid-
ering factors like network conditions and processing time
to determine the optimal offloading strategy. [3] computes
the binary offloading decision of CV tasks as a function of
network and computation load parameters of a UAV. This
prior art highlights that there exists a trade-off between power
consumption, computational complexity, and processing time
when running high-end CV algorithms on UAVs. However,
although using a low-capability edge server reduces power
consumption, it increases processing time, which is critical
for delay-intolerant UAV operations.

Similarly, [1] compares the processing delay and energy
consumption of a face recognition algorithm over videos of

different lengths on a Raspberry Pi unit onboard UAV and on
a laptop as the GCS server at sub-6 GHz, verifying that the
transmission power is generally lower than the computational
power required for object detection. A comprehensive survey
of decision-making approaches considering factors such as
service latency, energy consumption, and processing delay can
be found in [2]. [3] optimizes offloading decisions for CV tasks
to minimize both the task execution time and UAV energy
consumption using deep RL while considering the service load
at the edge. However, [3] does not consider various other time
delays, such as transmission and propagation time of large-
sized packets or waiting time in case of unsuccessful transfers
to the edge. Nevertheless, it is the closest state-of-the-art to
our approach, and, hence, we use a modified version of it as
a benchmark, as explained in detail in Sec. VI-D.

With regard to multi-UAV networks, [7] proposes a deep
RL-based computation binary offloading scheme, to minimize
energy consumption and task execution delay. [14] proposes
a differential-rate SAC deep RL algorithm to dynamically
adapt offloading rates in UAV-assisted device–edge–cloud en-
vironments to jointly minimize task completion cost and UAV
energy consumption under resource constraints. Building on
this, [15] presents an enhanced dependency-aware computation
offloading strategy within a device–edge–cloud collaborative
architecture to jointly optimizes delay, energy consumption,
and UAV endurance using an improved actor–critic DRL
method. More recently, [10] presents a Lyapunov-based frame-
work for delay-aware and energy-efficient task offloading from
mobile devices to the cloud. Likewise, [16] introduces a
RL–based task offloading solution for UAV swarms, where
trust region policy optimization is used to manage computation
offloading to ground edge servers under stringent latency and
energy constraints. However, again, these approaches primarily
address energy–delay trade-offs in offloading decisions at sub-
6 GHz frequencies, without accounting for image semantics,
the vulnerability of high-frequency links (despite their greater
bandwidth), or the impact of UAV speed and IPS rate on
CV detection accuracy in challenging environments. Finally, a
preliminary version of our work was presented in our confer-
ence paper [17], where we optimized just the binary offloading
strategy at mmWave, while incorporating image semantics, for
each frame while assuming fixed UAV speed and IPS, and we
showed a limited set of results under simplified scenarios.

Progress beyond the state of the art. We present an
approach that incorporates multiple levels of image criticality
based on image semantics, which drives the optimization of
various UAV parameters. To enhance object detection accu-
racy, we process CV tasks across an ensemble of images.
Unlike previous approaches that focus solely on optimizing
offloading strategies and transmission rates for UAV process-
ing energy efficiency, our solution also adapts UAV speed
and camera IPS rate in real-time. This adjustment ensures
that the object detection accuracy and latency thresholds for
CV tasks are met, while also optimizing UAV propulsion and
processing energy. Therefore, our primary focus is to jointly
adapt the offloading strategy, UAV speed, and IPS rate, so that
UAV energy efficiency and the effectiveness of CV detection
are maximized. Also, we account for the challenges posed by
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Fig. 3. Illustration of the system with NUAV UAVs connected to the edge
server via mmWave links in time period k. Each UAV transmits collected
image data to the edge server while following its designated trajectory.

mmWave channel conditions and blockage severity—factors
that have often been overlooked in prior art.

III. SYSTEM DYNAMICS AND MODEL

This section presents the key components of the edge-
assisted UAV surveillance network under study. We first give
an overview of the system model (Sec. III-A), and then detail
the model of the mmWave communication link (Sec. III-B)
and the image criticality (Sec. III-C). Finally, we describe the
task load, queuing, and processing behavior at the edge server
(Sec. III-D), and the UAV-side task queuing, processing, and
energy consumption model (Sec. III-E).

A. Overview

We consider an outdoor scenario with NUAV camera-
equipped surveillance UAVs connected to a single GCS host-
ing an edge server1, as shown in Fig. 3. Each UAV captures
images and can choose to process them locally using the
onboard processor or offload them to the edge. Also, we
consider that each UAV has a learning agent that makes
this decision independently, since reliable communication and
continuous coordination with other UAVs may be hard to
guarantee. Our study focuses on the operational dynamics of
a specific UAV, tagged as UAV j (j={1, . . . , NUAV}). Despite
operating independently, as explained later, this UAV accounts
for statistical data regarding the offloading rate of images to
the edge server from other UAVs in the system.

Next, we consider that UAV j follows a predetermined path
(that can be a straight line or an orbit [4]) at a constant altitude
z to follow mission instructions. Maintaining a fixed altitude
allows the UAV to conserve energy by avoiding constant
adjustment to vertical movement [6]. Moreover, having a
fixed altitude aids to achieve reliable image resolution and
sensor readings [18]. A predetermined flight path ensures that
the UAV consistently monitors the same areas at expected

1While we consider a single GCS for presentation simplicity, the IntUNe
framework is inherently generalizable to multi-GCS scenarios. Moving be-
tween GCS coverage zones primarily manifests as dynamic variations in
the mmWave channel conditions, to which our RL agent is already able to
seamlessly adapt.

images

UAV   parameters
Period: 
Position: 
Velocity: 
IPS: 

UAV   parameters
Period: 
Position: 
Velocity: 
IPS: 

Time

UAV trajectory

Fig. 4. Update of UAV j’s parameters over two consecutive time periods.

times, which is important for real-time surveillance and data
collection. The UAV is equipped with a battery capable of
supplying a maximum energy of EM, which is utilized for
local image processing, image offloading, and UAV navigation.
We segment the total flight duration TF into intervals of
∆t seconds, resulting in K=⌈TF /∆t⌉ time periods. During
each period k, the UAV has a position (xk, yk, z), moves
with speed vk∈V , and captures images at rate Ik∈I. These
parameters are updated at every period k, as illustrated in
Fig. 4, thereby explicitly modeling the temporal evolution of
the UAV’s state. Thus, the number of images captured in
interval k is Nk=⌈Ik∆t⌉, forming one ensemble.

The Nk images captured by the UAV in period k, of
duration ∆t, can be processed either onboard or offloaded
to the edge server. Both the UAV and the edge maintain
separate first-in-first-out (FIFO) processing queues, denoted
as Qe and Qu, resp. (Fig. 3). Images selected for offloading
are transmitted over the UAV-to-GCS backhaul link at a fixed
power Pt. Let λ(j)

k as be the image offloading rate of UAV j

in period k where λ
(i)
k ∈{0, I}, optimized based on detection

accuracy requirements, current channel conditions, and edge
load. The backhaul communication operates on a bidirectional
mmWave link with a bandwidth of B MHz. These highly
directional links are inherently robust against interference.
Also, the UAV carries its onboard processor, which has limited
computational capabilities, and hence longer service time than
the server at the edge, as confirmed by the study in [1]. The
edge server or the UAV processor processes the images and
provides feedback to the corresponding UAV regarding image
criticality, detection accuracy, channel status, and edge load.

B. MmWave link

To provide a mathematical model for the signal-to-noise
ratio (SNR) over the mmWave backhaul link, we define a
discrete-time Markov chain with two states: LoS (Line-of-
Sight) and NLoS. Let Xt denote the state of the system at time
t, where Xt=1 (Xt=0) represents LoS (NLoS). The proba-
bility of transition from LoS to LoS is P (Xt+1=1|Xt=1)=p,
from LoS to NLoS is P (Xt+1=0|Xt=1)=1−p, from NLoS
to NLoS is P (Xt+1=0|Xt=0)=q, and from NLoS to LoS is
P (Xt+1=1|Xt=0)=1−q.

Further, the probability of a LoS link in an urban envi-
ronment depends on the ratio of built-up land area to the
total land u1, the mean number of buildings per unit area u2
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(buildings/km2), and the parameter u3 describing the buildings
heights distribution according to Rayleigh probability density
function. The expression is given by [19], which is based on
the ITU Recommendation for propagation data and prediction
methods in the 3-60 GHz frequency range [20]:

PLoS =

m∏
n=1

1− exp

−
[
z − (n+0.5)z

(m+1)

]2
2u2

3


 (1)

where m=(r2D
√
u1u2 − 1), r2D is the UAV-GCS ground

distance, and we consider the UAV height z as constant. In
steady-state conditions, given PLoS , the transition probabilities
p and q are related as follows: p=1− (1−PLoS)(1−q)

PLoS
. The SNR

values are generated based on the current state. Let γt denote
the SNR distribution parameter at time t. If Xt=1 (LoS), then
γt∼N (γ̄LoS); if Xt=0 (NLoS), then γt∼N (γ̄NLoS). Here, γ̄LoS
(γ̄NLoS) is the mean SNR value for the LoS (NLoS) scenario,
defined as [21], [22]: γ̄LoS/NLoS = |AGCSh̄AUAV |2Pt

σ2 and h̄ =
√
NtNrᾱara

H
t 10

−PL
10 ∈ CNr×Nt . Also, ᾱ is the mean fading

parameter taking on the value ᾱLoS (ᾱNLoS) for the LoS (NLoS)
case, while at (ar) is the transmit (receive) array response
vector. In our mmWave backhaul model, both the UAV and the
GCS employ directional beamforming using planar antenna ar-
rays. The UAV features a

√
Nt×
√
Nt transmit array and GCS

employs
√
Nr×

√
Nr receive array. Consistent with common

practice in mmWave LoS/NLoS modeling focused on large-
scale propagation effects, we assume perfect beam alignment
between the transmitter and receiver. Under this aligned-beam
assumption, the array response vectors satisfy |araHt |=1, and
therefore the total beamforming gain reduces to Nt · Nr

[22]. This gain is embedded in the above channel expression√
Nt ·Nr ara

H
t . For the mean 3D GCS-UAV distance D, the

path loss factor PL (in dB), for LoS and NLoS conditions,
is given by [21]: PL=61.4 + 20log10(D) +N (0, 33.64), and
PL=72.0 + 29.2log10(D)+N (0, 75.69), respectively. Given
advanced transmission schemes that allow achieving Shan-
non’s limit, if γt∈(γi, γi+1], the UAV transmission rate (in
bits/s) is given by: Rt=B log2(1+γ̄i) where γ̄i is the mean
SNR of the i-th SNR quantization interval (i={1, . . .,M}),
with M being the number of quantization levels.

C. Image criticality

Images captured by the UAV are classified into different
levels of criticality based on their content. Importantly, differ-
ent levels of criticality often require varying accuracy levels in
detection. Higher criticality levels necessitate higher accuracy
thresholds to minimize the risk of false positives or false
negatives, hence they typically require more resources. Also,
the UAV expects feedback for each image within a specified
delay time, including the image’s criticality status and an
acknowledgment of reception.

Therefore, we represent criticality of the l-th image in
the k-th period, denoted by χk,l, within a finite set of Mc

criticality degrees, i.e., χk,l∼{χ1, χ2, . . ., χMc}, with 1 being
the lowest and Mc the highest. We assign one criticality level

to each time-correlated image using an Mc-state MDP with
the following transition probability matrix:

Pc =


p1 1− p1 0 · · · 0

1−p2

2 p2
1−p2

2 · · · 0

0 1−p3

2 p3
1−p3

2 · · ·
...

. . . . . . . . .
...

0 · · · 0 1− pMc
pMc

 .

Each pi denotes the probability of remaining in state i, with
transitions to adjacent states defined by (1−pi)/2. This matrix
structure captures the dynamics of transitioning between states
in the MDP, facilitating the generation of state values based
on the specified probabilities.

Each criticality is associated with a different threshold of
detection accuracy AT (χ) and all images have a constant delay
budget TW . Also, due to fixed camera resolution, all images
have the same size L. Thus, the image processing times by
an object detection algorithm at the UAV processor and at the
GCS server are fixed, irrespective of the image’s criticality.

The processing times at the UAV and the edge are de-
noted by tu and te, respectively. As explained in Sec. I, the
achievable accuracy of an ensemble is a function of the
ensemble size and UAV speed, represented by Ak=f(Nk, vk).
As the relationship is highly non-linear and depends on factors
such as UAV speed, motion blur, and IPS rate, it cannot
be derived analytically. We thus characterize it with a deep
neural network–based CV method and determine the mapping
experimentally, as shown in Sec. VI-A. Furthermore, the total
latency of image l of ensemble k must be less than the delay
budget TW . If the latency exceeds this threshold, the image is
considered timed out, which impacts the ensemble size and,
hence, the detection accuracy. Specifically, if N ′

k images are
dropped, then the achievable accuracy of detection accuracy
is adjusted to Ak=f(Nk−N ′

k, vk).

D. Computational load, task queuing, and processing time at
the edge

Given that the system has NUAV UAVs, in period k, UAV
i selects its image offloading rate λ

(i)
k ∈{0, I}, depending on

accuracy requirements, channel conditions, and edge traffic
load. The total arrival rate at the edge server, as seen by the
j-th UAV from the rest of the UAVs in period k, is the sum
of the image offloading rates of all UAVs except for UAV j,
i.e., λk=

∑NUAV
i=1,i̸=j λ

(i)
k .

To gain insights into the distribution of the total arrival rate
at the edge, we simulated the inter-arrival times at the edge
resulting from the offloading of tasks from all UAVs in the
surveillance network and analyzed their distribution. We varied
the number of UAVs (NUAV={5, 10, 15, 20, 25, 30}), with each
scenario comprising 2,000 time slots. Offloading rates for
each UAV over time were generated with a different random
distribution for each UAV and independently from other UAVs.
We then computed the inter-arrival times between successive
UAV arrivals at the edge. As shown in Fig. 5, the obtained
inter-arrival time fits an exponential distribution. Thus, we can
assume that UAV j sees the arrival of the tasks at the edge
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Fig. 5. Distribution of inter-arrival time at edge server as a function of the number of UAVs in the system: experimental probability distribution function
(PDF) in blue and exponential fit in orange.

from the rest of the UAVs as a Poisson-distributed process,
with mean arrival rate denoted by λk=λ ,∀k.

Given the above observations and considering a fixed com-
putational resource allocation at the edge (hence a fixed service
time te), the image processing system can be modeled as
an M/D/1 queue with service rate µe=1/te tasks/s. During
period k, if the decision is to offload, Nk=⌈Ik∆t⌉ image
processing requests (or tasks) arrive at the edge from the
j-th UAV at equal inter-arrival time of 1/Ik. The captured
images are offloaded as soon as possible and queued at the
edge. Therefore, we implement a FIFO rule for processing
these queued images, although other schemes like parallel
processing could be considered as well. Additionally, the
number of task requests arriving from the other UAVs at the
edge during the inter-arrival time of the j-th UAV is λ/Ik. Let
Qe

k,l denote the number of tasks in the queue at the edge when
image l is captured at UAV j in period k. The number of task
requests arriving from the rest of the UAVs at the edge during
the inter-arrival time of images at the j-th UAV is λ/Ik. So,
the sum of waiting and processing delay of image l is

t̃ek,l =
Qe

k,l + λ/Ik + 1

µe
. (2)

Then, when image l+1 is captured, the
queue is updated using the following relation:
Qe

k,l+1=max(0, Qe
k,l−µe/Ik+λ/Ik+1−N ′

k) where N ′
k

represents the number of dropped tasks at the edge whose
waiting time exceeds a certain threshold.

Calculation of N ′
k: When image l is offloaded to the edge,

the UAV expects feedback within a specified delay time TW .
This feedback includes the image’s criticality status and the
reception acknowledgment. The total latency tek,l of image l of
period k is the sum of its transmission, queuing, and execution
time at the GCS, i.e.,

tek,l =
L

Rk,l︸︷︷︸
transmission time

+ t̃ek,l︸︷︷︸
queuing and processing time

(3)

where t̃ek,l is the time the image spends at the edge (also called
system delay), which includes both processing and queuing
delay. Image l offloaded by UAV j is then dropped (hence
removed from the queue) if tek,l>TW . It follows that the
threshold system delay of image l is TW,l=TW−L/Rk,l. Thus,
N ′

k=1 if tek,l>TW,l, and 0 otherwise.
We also count the number of images from other UAVs that

timeout before updating the queue. Let N ′′
k represent the count

of tasks from other UAVs in the queue that timeout during
the 1/Ik inter-arrival time in the period k. Additionally, the
edge server experiences a load from all UAVs i̸=j, with a
mean task arrival rate λ and service rate µe. Let TW,λ be
the mean queuing and processing delay threshold of the tasks
from other UAVs arriving at rate λ. Then, the average sum of
queuing and processing time of a task at the edge is given by:
teλ = λ

2µe(µe−λ) +
1
µe .

Following the PASTA (Poisson Arrival Sees Time Average)
rule, if the average queuing and processing time teλ for an
image exceeds the threshold TW,λ, then the queuing and pro-
cessing time for other images will also exceed this threshold.
This results in all images violating the latency requirement.
Therefore, we select the value of λ such that teλ≤TW,λ, i.e., the
total queuing and processing delay does not cross the threshold
and none of them will time out, implying N ′′

k=0 ,∀k.

E. Task queuing, processing time and energy consumption at
the UAV

When the tasks are to be processed locally, the arrival rate
of image processing tasks at the UAV in period k is equal
to the images captured in that period at the Ik IPS rate;
hence, the inter-arrival time is uniform. Furthermore, for fixed
service time tu, the service rate of the processor at the UAV is
µu=1/tu tasks/s. The UAV maintains a queue where images
are immediately placed upon capture, thus employing FIFO
processing. Let Qu

k,l denote the number of tasks in the UAV
queue when image l of period k is captured. Then the sum of
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TABLE I
UAV PROPULSION POWER PARAMETERS AND THEIR VALUES [6]

Notation Description Value
P0 Blade profile power in hovering status 17.6W
Pi Induced power in hovering status 43.8W
Utip Tip speed of the rotor blade 80m/s
v0 Mean rotor induced speed 3.19m/s
d′ Fuselage drag ratio 0.81
ι Air density 1.23 kg/m3

s′ Rotor solidity 0.037m3

A′ Rotor disc area 0.5m2

waiting and processing time of image l captured at UAV in
period k is t̃uk,l=(Qu

k,l+1)/µu. The queue update rule is:

Qu
k,l+1 = max(0, Qu

k,l − µu/Ik + 1−N ′
k) (4)

where N ′
k is the number of dropped tasks whose waiting time

exceeds a given threshold. Since no image transmission is
required, the image latency at a UAV is tuk,l=t̃uk,l. Finally, as
in the above analysis, N ′

k=1 if tuk,l>TW , and 0 otherwise.
With respect to energy consumption at UAV, we break down

the total UAV energy consumption into two components: UAV
propulsion energy and energy consumption from processing or
offloading images. For a rotary-wing UAV moving at speed vk,
the propulsion energy consumption during period k is [6]:

P (vk) ≈ P0

(
1 +

3v2k
U2
tip

)
︸ ︷︷ ︸

blade profile

+
Piv0
vk︸ ︷︷ ︸

induced

+
1

2
d′ιs′A′v3K︸ ︷︷ ︸

parasite

.
(5)

Here, the first and third components are blade profile power
and parasite power, respectively. The second part is the in-
duced power to overcome induced drag, which decreases with
vk. The parameters and their values are detailed in Table I.
Then, the energy consumed in the period k is given by:

Ek,1 = P (vk)∆t. (6)

As for the energy consumption from processing or offload-
ing images, we recall that Pt denotes the UAV transmission
power; also let Pu be the UAV power needed for processing
image locally onboard and Rk,l be the transmission rate to
offload image l, of size L captured in period k, from the
UAV to the edge. Hence, the UAV’s energy consumption for
processing or offloading during period k is:

Ek,2 =

{
Pt

∑Nk

l=1
L

Rk,l
; offloading

Pu min(
Qu

k+Nk

µu ,∆t); local processing.
(7)

In general, the energy for data processing is much larger
than for data acquisition; thus, we neglect the latter for
simplicity. Also, energy consumption at the UAV from data
offloading is significantly less compared to the energy spent
in processing images locally at the UAV.

IV. PROBLEM FORMULATION

We now define the optimization problem that each UAV
must solve for intelligent execution of CV tasks. The goal
is to minimize the UAV’s propulsion and processing energy
consumption while maximizing the distance covered during
its flight. Additionally, the UAV must meet the following key

requirements: (i) achieving the necessary detection accuracy
based on the criticality of the images to be captured and
(ii) ensuring that the latency constraints for each CV task
are satisfied, all within the UAV’s total energy budget. The
optimization process accounts for the stochastic nature of
channel conditions and image semantics. For each decision
period k, we consider the following decision variables:
• the binary task offloading variable dk, where dk=1 if images
are offloaded to the edge and dk=0 if processed at the UAV;
• the discrete UAV speed variable, vk∈V;
• the discrete IPS variable, Ik∈I;
• the uploading rate vector Rk={R1, . . ., RNk

} where Nk is
the number of images in ensemble k.

Intelligent execution of CV tasks

max
{Ik,vk,dk,Rk}k

K∑
k=1

β1Ek,1

∆tP (vopt)
+
β2Ek,2

Ē2
+

β3ρk
∆tvmax

(8a)

s.t.

Ak ≥ AT(max{χk,l}), ∀k, (8b)
(1−dk)tuk,l+dkt

e
k,l ≤ TW , ∀k, l = {1, . . ., Nk}, (8c)

K∑
k=1

(Ek,1 + Ek,2) ≤ EM (8d)

The overall optimization problem is formulated as shown
in the colored box above. The objective (8a) has three terms
corresponding to: (i) UAV propulsion energy Ek,1, given by
(6), that is influenced by the UAV speed, vk in period k; (ii)
UAV processing energy Ek,2, given by (7), that accounts for
the energy used in either local processing or offloading of
images in period k and is influenced by all decision variables
Ik, vk, dk, and Rk; (iii) distance covered by the UAV ρk,
which is affected by the UAV’s speed vk in period k.

These terms capture the key variables controlling energy
consumption in both propulsion and data processing, as well
as the UAV’s movement and IPS rate across each period.
Here, β1, β2∈{−1, 0}, and β3∈{0, 1} are scalar weights as-
signed to each of the three terms, determining their relative
importance in the optimization. Furthermore, each term of the
objective function is normalized. The UAV propulsion energy
consumption is normalized by the minimum UAV propulsion
energy consumption, represented by ∆tP (vopt), where P (vopt)
is the UAV propulsion power at the optimal speed vopt. Con-
sequently, the term Ek,1/(∆tP (vopt))∈[1, 2] for 2≤vk≤20
m/s. Similarly, the UAV processing energy consumption is
normalized by the mean UAV processing energy Ē2, which
is the average of the UAV transmission energy for offloading
the ensemble and the UAV processing energy for processing
the maximum allowed ensemble size in a period of duration
time ∆t. As a result, Ek,2/Ē2∈[0, 1]. Finally, the distance
covered by the UAV is normalized by the maximum distance
it can cover when moving at maximum speed vmax; hence,
ρk/(∆tvmax)∈[0, 1].

For each period, the detection accuracy Ak=f(Nk, vk) of
the entire image ensemble cannot drop below the required
threshold for the image with the highest criticality level in
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the ensemble. This ensures that the most critical image in the
group is detected with sufficient accuracy, given the UAV’s
speed vk and the number of images Nk in the ensemble. This
is ensured by constraint (8b), where the required accuracy
threshold AT(max{χk,l}) reflects the semantic criticality of
the most important image in the ensemble, ensuring that scenes
with higher importance are detected with greater accuracy.
Constraint (8c) ensures that the total latency at UAV or at
the edge does not exceed the specified threshold TW ∀k, l.
Constraint (8d) restricts the total energy consumed by the UAV
over K periods from surpassing the available amount at the
UAV for the mission.

To solve (8a), global knowledge of the future channel
conditions and image semantics over the entire time horizon
are required, which is not practical. We thus decompose the
problem into subproblems, each corresponding to a duration
∆t. Accordingly, we transform the cumulative energy con-
straint (8d) into an instantaneous power constraint, i.e., (8d)
is updated to Pk≤PM∀k, where PM=EM/K∆t. Importantly,
decomposing the original problem into subproblems over-
comes the impracticality of using an energy constraint over the
entire time horizon, which would require future information
on parameters like criticality and channel SNR. Nevertheless,
each subproblem still requires information on future channel
and image semantics for that period. Moreover, as proved
below, each subproblem remains NP-hard.

Theorem 1. Each of the above subproblems is NP-hard.

Proof: We show that the Vehicle Routing Problem (VRP)
[23], which is NP-hard, can be polynomially reduced to
an instance of the above subproblems. VRP determines the
routes for a fleet of vehicles to deliver goods that minimize
total distance or cost, subject to various constraints. We map
the VRP to our subproblem as follows: each route in VRP
corresponds to decisions on UAV speed vk, task offloading
dk, IPS rate Ik, and uploading rates Rk in our problem.
Constraints on route length and customer demands in VRP
are analogous to the accuracy (8b) and latency (8c) constraints
in our subproblem. Minimizing the total distance in VRP is
equivalent to optimizing the weighted sum of energy consump-
tion and maximizing distance covered in our problem.

In light of the problem complexity and its stochastic ele-
ments, we develop below a heuristic solution, named Intelli-
gent UAV Network (IntUNe).

V. THE INTUNE FRAMEWORK

This section introduces the IntUNe solution to the above
NP-hard subproblems. We give an overview of IntUNe and
detail the formulation of the Constrained Markov Decision
Process (CMDP) for the subproblem obtained for a given
period k in (8a)–(8d). Next, we present the CSAC algorithm
for IntUNe, and the solution to predict the transmission rate.

A. Overview

The discrete and binary nature of decision variables
(namely, UAV speed vk, IPS rate Ik, offloading decision
dk, and transmission rate vector Rk in (8a)), along with

IntUNe

Environment

Agent
Actor

Critic

State

New state

Reward, Costs

Values

Action

Transmission
Rates

CSAC 

Transmission
Rate 

Predictor

Fig. 6. IntUNe block diagram.

the stochastic characteristics of SNR and image criticality
and the constraints of the inference accuracy and latency,
complicates the optimization of the subproblems. Discrete
variables introduce combinatorial challenges, while stochastic
variables add uncertainty. We thus adopt an RL algorithm,
as this approach is well suited for problems with non-linear
relationships and discrete decision variables. Moreover, RL
agents learn from experience, enabling them to discover ef-
fective solutions without requiring explicit knowledge of the
system dynamics. Further, in our optimization problem, the
decision variable Rk depends on the offloading decision dk
and IPS rate Ik. If the decision is to offload, Rk is non-zero,
and its size depends on the ensemble size for that period. Thus,
the joint determination of all decision variables is practically
impossible. Consequently, in each period, we first use the RL
framework to find the values of Ik, vk, and dk. Subsequently,
based on the action taken by the agent, we optimize the
transmission rates for all the images in the k-th ensemble.

Fig. 6 illustrates the IntUNe block diagram, comprising two
main blocks: CSAC and the transmission rate predictor. For a
given state in a period, the CSAC agent optimizes the decision
variables (actions) Ik, vk, and dk to maximize the expected
sum of rewards and minimize costs. The decision variable dk
is then fed into the transmission rate predictor block, which
outputs the transmission rate vector Rk for period k. All the
decision variables Ik, vk, dk, and Rk are finally given as input
to the environment, which executes them and outputs the next
state, reward, and costs for the CSAC agent.

In the CSAC form of (8a), imposing a total energy constraint
introduces dynamics driven by cumulative energy use, affect-
ing the agent’s objectives and constraints. Initially, the agent
experiences greater action flexibility as energy constraints
are less restrictive. As the level of available energy dimin-
ishes, constraints become tighter, potentially impeding specific
actions and objectives. This dynamic nature challenges RL
algorithms, as optimal policies fluctuate with variations in the
environment’s state and remaining energy. In contrast, utilizing
a power constraint, as in each subproblem, ensures consistency
throughout UAV surveillance episodes, maintaining problem
coherence. Furthermore, implementing a power constraint in
each period provides consistent and immediate feedback, aug-
menting the real-time policy adaptation of the agent. Moreover,
the subproblem strategy enables more frequent updates and
adaptations in RL policy in response to evolving environmental
conditions. By optimizing variables over shorter time intervals,
the agent can swiftly respond to dynamic changes in the
system, fostering more agile and responsive decision-making.
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B. CMDP formulation

A CMDP can be represented by the tuple (S,A,P,R, C, κ),
where S is the state space, A is the action space, R:S×A→R
and C:S×A→R denote the reward function and cost function,
respectively, P is the transition probability function with
p(sk|sk+1,ak) denoting the transition probability from state
sk to state sk+1 given action ak, and κ is the discount factor
in range [0, 1]. More specifically,
• The state vector is sk=[Nk−1, hχ, γ̄k−1]=[xk,yk].
xk=Nk−1 constitutes the controllable part of the state
variable where Nk−1 is the ensemble size during period
(k − 1). yk=[hχ, γ̄k−1] constitutes the uncontrollable part
of state variable vector where hχ is the predicted highest
criticality among ensemble that will be captured for the
period k and γ̄k−1 is average of SNR in period (k − 1). The
value of hχ is predicted using an Autoregressive model (AR)
of order O [24]. Since Nk and hχ are discrete while γ̄k is
continuous, the S is hybrid in nature;
• The action vector is ak=[Ik, vk, dk]∈A. Here, Ik∈Z+ is the
IPS at which the camera captures the images during period k,
vk∈Z+ is the speed of UAV during period k, and dk is the
binary offloading decision variable that takes value dk=0 when
the decision is to process all Nk images locally, and dk=1
when the decision is to offload all of them. Here, Ik, vk and
dk are discrete in nature, therefore A is a multi-dimensional
discrete action space;
• The reward function corresponding to (8a) is

rk(sk,ak)=
β1Ek,1

∆tP (vopt)
+

β2Ek,2

Ē2
+

β3ρk
∆tvmax

;

• The cost functions for the constraints (8b)–(8d) are denoted
by c

(1)
k (sk,ak), c

(2)
k (sk,ak), and c

(3)
k (sk,ak) (resp.). The costs

are 1 if the constraints are satisfied, and 0 otherwise:

c
(1)
k (sk,ak) = 1 (Ak < AT(max{χk,l})
c
(2)
k (sk,ak) = 1

(
(1−dk)tuk,l + dkt

e
k,l > TW

)
c
(3)
k (sk,ak) = 1 (Pk > Pmax) .

(9)

The UAV acts as an RL agent, with a stochastic policy
π(sk|ak):S→A. The agent interacts with the environment
in each period, i.e., the UAV observes the state sk and
takes action ak. Then the environment moves to the next
state sk+1 and provides the UAV with the reward rk(sk,ak)

and costs c
(i)
k (sk,ak) ∀i. The reward and cost are known by

the end of each period, not later than time TW . The tuple
(sk,ak, rk, c

(i)
k i=1,2,3

, sk+1) is stored in the experience replay
buffer B. The UAV samples from B periodically to learn the
optimal policy that maximizes the discounted reward while
satisfying the constraints. Upon reaching a terminal state, the
agent starts a new episode beginning in an arbitrary state in a
new environment instance.

C. CSAC formulation

SAC is an off-policy RL algorithm based on the actor-critic
framework, integrating entropy into the reward function to
enhance exploration. CSAC extends SAC by using multiple
critics and adaptive weights to balance rewards and constraints

[25]. It optimizes objectives while minimizing constraint vi-
olations, which are managed effectively via the Lagrange-
multiplier method. The key feature of SAC is entropy regu-
larization, where the policy maximizes long-term rewards and
entropy to ensure sufficient exploration. This approach helps
prevent the policy from settling into suboptimal local optima.
The original CMDP problem can be generalized into a more
robust framework by incorporating entropy as [25]:

max
π

K∑
k=1

Eπ

[
κkrk(sk,ak) + αH(π(.|sk))

]
s.t. c

(i)
k (sk,ak) ≤ b, i ∈ {1, 2, 3},∀k

(10)

whereH(π(.|sk))=−log π(ak|sk) is the entropy of the current
policy and b=0. The constrained problem (10) is converted to
an unconstrained problem as:

max
ξ,α

Eπ

[∑
k

(
κkr(sk,ak)+αH(π(.|sk))

)
−
∑
i

ξi(c
(i)
k −b)

]
.

(11)
The temperature parameter α≥0 determines the relative impor-
tance of the entropy term against the reward, thus controlling
the stochasticity of the optimal policy. ξ={ξi}i=1,2,3≥0 are
Lagrangian penalty coefficients that can dynamically adjust
the relative importance of each cost versus reward.

The critical periods for deriving the optimal policy π∗ in
CSAC apply to both continuous and discrete actions. However,
in a discrete action space, π(.|sk) is a mass function, not
a density function. The policy directly outputs the action
distribution as a probability vector for each action [26]. Thus,
π maps states to a probability vector with |A| elements. Since
the action set is discrete, the agent can fully recover the
action distribution without needing a Monte Carlo estimate
to determine loss functions, allowing for direct calculation
of expectations over actions. Therefore, only the expectation
over states remains as an estimate. Moreover, in CSAC for
local constraints, four separate critics (Q functions) are trained,
where one is a reward critic Qϕ for the reward and the entropy,
and the rest are constraint critics C(1), C(2), C(3), one for each
constraint term. Subsequently, similar to the formulation used
in [26], critic parameters ϕ are trained to minimize the loss:

JQ(ϕ) = E
sk∼B

[
1

2
(Qϕ(sk)− yk)

2

]
, (12)

where yk=r(sk,ak)−
∑

i ξiC
(i)(sk,ak)+κπ(sk)

K(Qϕ̄(sk+1)
−α log(π(sk+1))) is calculated according to the cost-modified
Bellman equation, and ϕ̄←νϕ̄+(1−ν)ϕ with ν≪1.

Also, we get the actor loss function for discrete actions
parameterized by θ as [26]–[28]:

JQ(θ)= E
sk∼B

[
π(sk)

K

[∑
i

ξiC
(i)−Qϕ(sk)+α log π(sk)

]]
.

(13)
Each Lagrange multiplier ξi is learned by minimizing its

loss function: Jξi(ξi) = E
sk∼B

[
π(sk)

K(ξi(b− C(i)(sk,ak))
]
,

and the temperature loss parameter α is learned by minimizing
loss function [26]: Jα(α) = E

sk∼B

[
π(sk)

K(−α log π(sk))
]
.
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Algorithm 1 CSAC with discrete actions
Input: κ, α, ϕ1, ϕ2, θ, ηπi

, ηα, ηξi , τ, sk
1: Initialize:

Replay buffer: B ← {}
Local networks: Qϕ1

: S → R|A|,
Qϕ2

: S → R|A|, Qθ : S → R|A|

Target networks: Q̃ϕ1
: S → R|A|,

Q̃ϕ2 : S → R|A|

Constraint networks: C(1) : S → R|A|,
C(2) : S → R|A|, C(3) : S → R|A|

2: Equalize target and local network weights: Q̃ϕ1 ← Qϕ1 ,
Q̃ϕ2
← Qϕ2

3: for each episode do
4: for each environment period do
5: ak ∼ π(ak|sk)
6: sk+1 ∼ p(sk+1|sk,ak)
7: B ← B ∪ {(sk,ak, rk, {c(i)k }i=1,2,3, sk+1)}
8: end for
9: for each gradient period do

10: π ← π − ηπ∇πJθ(θ)
11: α← α− ηα∇αJα(α)
12: ξi ← ξi − ηξi∇ξiJξi(ξi) for i = {1, 2, 3}
13: Q̃ϕi

← τQϕi
+ (1− τ)Q̃ϕi

for i = {1, 2}
14: end for
15: end for
Output: Q̃ϕ1 , Q̃ϕ2 , π

Our strategy incorporates two Q-functions to reduce positive
bias during policy improvement, a technique derived from
the work presented in [25]. Specifically, we parameterize two
Q-functions with parameters ϕi and train them separately to
optimize JQ(ϕi). For the value gradient in (12) and the policy
gradient in (13), we use the minimum of the two Q-functions.
Importantly, this dual Q-function strategy greatly accelerates
training. The complete procedure is detailed in Algorithm (1).
The method alternates between gathering experience from
the environment using the current policy and updating the
function approximations by employing stochastic gradients
from batches drawn from a replay buffer.

Complexity analysis. In Algorithm (1), the action space is
discrete. Thus, the action selection takes O(1) time per pe-
riod, and the agent computes the expectation over all actions
directly, reducing the need for Monte Carlo estimates. For each
step in the environment, the complexity for the update of each
Q-table of policy function is O(K×|A|+TgradP ), where |A|
is the size of the discrete action space and TgradP is the time
taken for updating the policy. For each critic Q-value function,
Q-value update requires evaluating |A| possible actions at each
state, so the complexity is O(K×|A|+TgradQ) where TgradQ

is the time taken for the critic Q-value gradient update. The
temperature parameter α is updated using gradient descent and
the time complexity for this operation depends on the number
of states and actions, thus it has O(K×|A|) complexity. Simi-
larly, the computation complexity of each Lagrange multiplier
ξi is O(K×|A|). Thus, the total computational complexity
for the CSAC with discrete actions algorithm with three

constraints and two Q-functions for value and policy gradients
per episode is: O(8×K×|A|+2×TgradP+4×TgradQ).

D. Transmission rate predictor

The CSAC agent optimizes the decision variables vk, Ik,
and dk in each period. The decision dk is input to the
transmission rate predictor block, which outputs Rk if dk=1
and 0 if dk=0. The predictor block uses an AR model of order
O to forecast the mean SNR value for each image in the Nk

ensemble [24]. The communication module of the considered
UAV continuously monitors the channel, providing the AR
model with historical channel SNR data. Using the predicted
mean SNR for each image, the image transmission rate is then
calculated using the rate expression in Sec. III-B.

VI. PERFORMANCE EVALUATION

This section first presents the experimental findings used to
empirically derive the function f(Nk, vk). We recall that such
a function maps the ensemble size Nk (determined by the
IPS rate) and the UAV speed vk to the classification accuracy
Ak achieved by the video object detection model on a real-
world videos dataset (see the accuracy function detection block
of Fig. 7). This relationship accounts for motion blur, image
correlation, and temporal consistency in the image ensemble,
and was obtained through extensive experimentation using a
state-of-the-art video object detection framework (Temporal
ROI Align with ResNet-50-DC5), as detailed in Sec. VI-A.

Then we describe the setup configuration used for both the
small-scale and the large-scale scenarios that we consider in
Sec. VI-B. The simulation operates in discrete time steps and
follows the workflow illustrated in Fig. 7. At each step, the
UAV selects an action (IPS rate, speed, offloading decision,
and transmission rates) based on the current state. The simula-
tor then updates the environment, computing accuracy, energy
usage, latency, and queuing dynamics, and feeds the resulting
state and reward back into replay buffer that is used by the
IntUNe agent. This interaction continues until the predefined
maximum number of steps per episode is reached.

After training, the IntUNe policy is evaluated by running
multiple episodes and recording classification accuracy, energy
consumption, latency constraint violations, and distance cov-
ered. These metrics are then compared to optimal and baseline
benchmark policies, i.e., exhaustive search for small-scale
scenarios and state-of-the-art offloading schemes for larger-
scale setups (see Secs. VI-C and Sec. VI-D, resp.).

Accuracy function
derivation

IntUNe training and evaluation

For each
step k

Dataset
images

Image
corruptions

Video object
detection model

Accuracy metric

Camera
parameters

Max. criticality predictor

Python
environment

simulator

Evaluation metrics

IntUNe
Transmission rate

predictor

CSAC agent

Updated model parameters

Replay
buffer

Fig. 7. Diagram of the simulation workflow.
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A. Experimental results

State-of-the-art CV methods are implemented through deep
neural networks (DNNs), which have been proven to be highly
effective in modeling complex non-linear relationships, such
as that between the pixels array of an image and the class
labels and the coordinates of the objects represented therein.
Because of this complex relationship, formulating in closed
form a function that maps the image capture conditions (i.e.,
the UAV speed and IPS settings) into attainable accuracy is not
feasible. We thus conducted dedicated experiments to derive an
accurate and realistic mapping for our performance evaluation.

To design the experiments, UAV images are captured se-
quentially by the same onboard camera sensor, with static
orientation, which thus frames the same area. It is therefore
essential to account for the temporal correlation between sub-
sequent images, which is affected by the UAV speed. Specif-
ically, the higher the UAV speed, the lower the correlation,
as the UAV camera would pan the environment more quickly,
making the scene more dynamic. Moreover, high speed can
introduce artifacts such as motion blur, which lower the image
quality and degrade the prediction accuracy. Similarly, a high
IPS increases the temporal correlation, as it allows for more
samples (i.e., images) for the same scene. Also, it decreases the
“age of information” [29], as it provides more frequent updates
on the object classes and positions in the scene. Finally, it
is critical to account for the ensemble size, which varies the
number of images that, because of their temporal correla-
tion, can be leveraged to make a prediction in the current
period. Remarkably, leveraging a higher number of images
can increase the CV task accuracy, as it exploits information
from previous images, especially when such information is no
longer available (e.g., in case of partial occlusion).

To exploit the temporal correlation of subsequent images
in an ensemble, we use video object detection. Contrary to
object detection, which operates on independent images, this
method identifies object classes and positions leveraging its
own predictions on past images to improve accuracy. As video
object detection model, we use the state-of-the-art Temporal
ROI Align [30] with the ResNet-50-DC5 backbone. The model
has been trained on the ImageNet VID dataset [31], that we
also utilize as the test dataset. To account for the UAV speed
and both the camera-related artifacts and the variable panning
speed, we added motion blur to the test dataset through
the imagecorruptions python library, with an effect severity
proportional to the UAV speed (Fig. 7). Further, to consider
the higher panning speed and, hence, accelerate the scene,
we applied image skipping. To account for the IPS setting
and the age of information, the dataset has been modified
to “hold” the same image for a number of sampling periods
inversely proportional to the IPS. For instance, for an IPS
of 1/4 of the maximum, an image is held for 4 consecutive
sampling periods. This introduces an age of information error,
since model predictions are frozen even though the scene
changes. The ensemble size has been considered by changing
the number of past images that can be exploited as a reference
by the object detection model to make predictions. As metric,
we consider the mean Average Precision (mAP).
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The results, shown in Fig. 8, highlight that the accuracy
decreases at higher UAV speeds because of the quality degra-
dation of the motion blur and the higher scene dynamics
obtained through dataset image skipping. Specifically, at 30
IPS and an ensemble of size 16, the mAP goes from 48.6% to
22.4% when increasing the UAV speed from 2 m/s to 12 m/s.
Moreover, higher accuracy can be obtained for higher IPS
values and ensemble sizes because more images, which are
also more temporarily-correlated, are considered by the object
detection model while performing inference. Sudden and tem-
porary adverse conditions (e.g., object occlusion, glares, low
lighting, background clutter) have lower impact on accuracy
performance. Indeed, up to 180% higher accuracy can be
obtained when processing at once 16 images instead of 2,
when captured over the same period ∆t. Next, we use such
results to evaluate IntUNe considering a realistic relationship
of the system parameters with object detection accuracy.

B. Parameter settings

We consider a small-scale and a large-scale scenario. In
both cases, we set the UAV flying altitude at 50 m, along
a fixed circular trajectory with 0.3 km radius and the GCS
at the center of the circle. The UAV is equipped with a
4, 280mAh lithium-ion battery of 100Wh of energy, thus
able to provide Pmax=200W for 30minutes [32]. The UAV
camera captures raw images at 8K resolution and the image file
size following from a 10:1 compression is 14MB [32]. Also,
the UAV and the GCS feature a planar antenna array with,
respectively, Nt=8×8 and Nr=16×16. The UAV transmission
power is Pt=1W and the required CV processing power is
Pu=5W. The backhaul mmWave channel has a bandwidth
of B=200MHz at 28GHz and is simulated as described in
Sec. III-B. We also consider M=10 quantized transmission
rate values. The CV processing service rate of the edge server
and processor onboard UAV are, respectively, µe=40 tasks/s
and µu=33 tasks/s [33]. The duration of each period in IntUNe
is ∆t=0.5 s. Additionally, we assume that after each mission,
the UAV’s images are validated through external resources
(e.g., human review or comparison with secondary data). This
feedback helps refine the CV detection model at the UAV and
edge, gradually improving its accuracy for future missions.
During each mission, the model is assumed to be trained
sufficiently and thus identify image criticality levels reliably.
Furthermore, using the historical data of image criticality, the
AR at the UAV accurately predicts the highest criticality level,
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TABLE II
SMALL-SCALE SCENARIO: INTUNE VS. THE OPTIMUM

Metric IntUNe Optimum
Average reward −1.9052 −1.9038
Reward variance 0.010 0.004
Ave. norm. UAV proc. energy cons. 1.67 1.46
Ave. norm. UAV propulsion energy cons. 1.01 1.04
Ave. norm. distance covered by UAV 0.77 0.59
Perc. of accuracy constraint violations 1.99% 0%
Perc. of latency constraint violations 5.1% 0%

hχ, within the ensemble. This prediction provides the input
state to IntUNe, enabling it to take the necessary action.

The edge load from UAVs other than the j-th UAV is set to
λ=1 tasks/s, which represents a scenario with approximately
NUAV = 10, where each UAV other than the j-th contributes
an offloading rate of λ=0.11 tasks/s. This is consistent with
a scenario where UAVs are selective in their offloading deci-
sions (as facilitated by IntUNe), transmitting primarily high-
criticality images and adapting to link availability, rather than
offloading every captured frame. Also, the target maximum
latency for all criticality levels is set to TW=2 s. The other
parameters for the IntUNe algorithm are set as follows:
β1, β2, β3 are equal to -1, -1, and 1, respectively, while the
RL parameters are κ=0.9, α=3×10−6, |B|=100, and O=5.

C. Small-scale scenario

Benchmark. We now compare IntUNe against the optimal
solution obtained via exhaustive search under perfect predic-
tions. Since exhaustive search returns the true globally optimal
solution, it represents the best achievable performance against
which we can compare the performance of our solution.

Numerical results. In this case, the action space in-
cludes Vk={4, 6, 8, 10}, Ik={4, 8, 16} with Mc=3 having
p1=0.95, p2=0.9, p3=0.85 and 100 periods, while keeping
other parameters the same. Also, we simulate the mmWave
backhaul channel with p=0.96, q=0.4, and σ2= − 140 dBm.
Based on the accuracy values provided in Sec. VI-A for spe-
cific vk and Ik, we interpolate to determine the accuracy values
for the remaining vk and Ik pairs. We then set the following
threshold accuracy values AT (χ)={30%, 34%, 42%} for the
three criticality levels. To mitigate stochasticity, we assume
perfect knowledge of future SNR and image semantics when
computing the optimum (thus assuming perfect prediction).

Table II compares the metrics achieved by IntUNe against
the optimum. IntUNe’s performance is calculated as averages
over inference episodes after IntUNe has converged, where
only the rewards from periods in which all constraints are
satisfied are considered. One can observe that IntUNe closely
matches the optimum: notably, IntUNe shows higher process-
ing energy consumption for UAVs but performs better in terms
of UAV propulsion energy consumption and distance covered.

The RL approach in IntUNe prioritizes increased UAV
speed, leading to higher accuracy violations but extended cov-
erage and saving in UAV propulsion energy. Hence, IntUNe,
leveraging RL, adapts to the stochastic environment, achieving
good energy efficiency and enhanced distance coverage, albeit
with occasional constraint violations. Also, by design, SAC
uses a stochastic policy, inherently introducing variability in
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ensemble criticality in 100 periods (left). Target accuracy, achieved accuracy,
IPS rate, and UAV speed for 100 periods under IntUNe (right).

the actions taken. This stochasticity is crucial for effective
exploration but also contributes to the reward variance.

We further investigate the learning of IntUNe in each
period of an evaluation episode in Fig. 9. As explained in
Sec. I-A, images with high criticality have higher accuracy
thresholds. Meeting the required accuracy for these high-
criticality images requires a large ensemble size, necessitating
higher IPS and lower UAV speed. However, high IPS can
cause queuing delays; thus, balancing IPS and UAV speed
for each ensemble is crucial. This correlation is illustrated
in Fig. 9. Fig. 9(left), presenting the correlation between the
offload action taken by the IntUNe RL agent and the SNR
of the backhaul mmWave channel and the criticality level of
the images in each period of an episode, confirms that images
are offloaded when the channel SNR is favorable. For images
of lower criticality, the RL sometimes offloads them to save
processing energy, even at the cost of dropping some of the
images on the poor channel link leading to reduced accuracy.
Similarly, Fig. 9(right) demonstrates the correlation between
the IPS rate and UAV speed to achieve the required accuracy
levels. It underscores that the values of IPS and UAV speed
are (resp.) increased and decreased when high accuracy is
required, corresponding to high criticality images and large
ensembles. Conversely, when lower accuracy is sufficient, the
UAV speed is increased and IPS is lowered to save UAV
propulsion and processing/transmission energy, and to increase
the distance the UAV covers on its trajectory.

D. Large-scale scenario

Benchmarks. We compare IntUNe to enhanced adaptations
of the approaches presented in [3] and [10], hereinafter re-
ferred to as Benchmark1 and Benchmark2, respectively. We
remark that, since some of the aspects we address and the
problem we pose have not been previously tackled in the prior
art, [3] and [10] are the closest to ours.
• Benchmark1: The approach in [3] optimizes task offloading
decisions and the uploading rate to minimize a weighted
sum of computation time and UAV energy consumption using
a deep RL framework. Also, as we do in our study, it
accounts for the edge server load and the UAV-edge link SNR.
However, [3] does not consider delays caused by transmission,
propagation of large packets, and queue waiting times. Also, it
does not optimize UAV speed to minimize propulsion energy
consumption, and it considers a fixed IPS rate and single-
image processing. Hence, for fair comparison, we modify the
original scheme in [3] to minimize UAV processing energy
while keeping delay and detection accuracy requirements as
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TABLE III
PLOS SIMULATION PARAMETERS [19]

Scenario u1 u2 u3 PLoS q p
Sub-urban 0.1 750 8 0.956 0.4 0.97

Urban 0.3 500 15 0.392 0.8 0.69

constraints, as in our problem, by fixing vk and Ik and Nk=1
∀k. The corresponding optimization problem is then:

max
{dk,Rk}∀k

K′∑
k=1

Ek,2

Ē2
s.t. (8b), (8c), (8d) (14)

where the ∆t=1/Ik ∀k, i.e., one image per period and, thus,
K ′=TF Ik. We then use as a benchmark for our proposed
scheme the solution to the above problem, obtained by using
the CSAC approach as mentioned in Sec. V-C, with the state
being sk=[hχ, γ̄k−1] and action being ak=dk. The rate Rk is
calculated using predicted SNR value, same as in IntUNe.
• Benchmark2: The approach in [10] jointly optimizes task
offloading decisions and transmission rates to minimize pro-
cessing delay and UAV energy consumption, using predicted
channel SNR. However, it does not incorporate image seman-
tics or UAV speed into the model. For a fair comparison,
we adapt the original formulation in [10] by fixing the UAV
speed vk and IPS rate Ik for all periods, and by incorporating
constraints on processing delay and energy consumption, con-
sistent with (14). The resulting problem is solved using the
Lyapunov drift-plus-penalty method, which decomposes the
long-term stochastic optimization into a sequence of per-slot
deterministic subproblems. Moreover, as in IntUNe, we use
the AR regressor of order Ik∆t to predict the channel SNR.

Numerical results. In the large-scale scenario, we con-
figure the environment with five distinct criticality levels,
i.e., Mc=5, with the value of pi’s for the 5-state MDP
being p1=0.95, p2=0.9, p3=0.85, p4=0.85, and p5=0.7.
For each of these states, we define accuracy thresholds
AT (χ)={30%, 34%, 36%, 40%, 42%}. This threshold setting
ensures that each criticality level is aligned with different
accuracy expectations, reflecting the importance of accuracy
at each level. To evaluate the robustness of IntUNe, we
consider two scenarios: suburban and urban. The 2-state MDP
values and other required parameters to simulate the mmWave
UAV-GCS backhaul channel for each scenario, as detailed in
Sec. III-B, are provided in Table III, with σ2=−140 dBm [19].

The action space in this scenario consists of
Ik={4, 8, 16, 32} img/s, Vk={2, 4, 6, 8, 10, 12}m/s. To
estimate the accuracy for every possible combination of
image rate Ik and speed vk, we utilize specific accuracy
values from Sec. VI-A. For any combinations not explicitly
detailed, we apply interpolation to derive the expected
accuracy, allowing for a complete mapping of accuracy
outcomes across all values of vk and Ik. Each training
episode is set to run for a maximum of 300 periods, with the
agent undergoing 3,000 episodes to ensure adequate learning
over a broad range of conditions. Given the complexity
of this large-scale scenario, achieving an optimal solution
through exhaustive computation is impractical. Therefore,
we assess the performance by comparing it to a benchmark
method, focusing specifically on two UAV speeds, 2m/s and

6m/s, while keeping the image capture rate fixed at 4 img/s
for consistency. These speeds are chosen to illustrate the
energy-accuracy trade-offs in operation. At a slower speed of
2m/s, the UAV consumes more propulsion energy, but it can
generally meet the accuracy requirements across all criticality
levels due to the more stable capture conditions. Conversely,
at a higher speed of 6m/s, the UAV conserves energy by
spending less time in flight; however, it struggles to achieve
the required inference accuracy, particularly for more critical
states. Testing at even higher speeds while maintaining a
capture rate of 4 img/s consistently results in failure to meet
target accuracy, leading to near-zero rewards.

First, we show the convergence of IntUNe in large-scale
scenarios. Fig. 10 illustrates IntUNe’s convergence of the actor
loss and critic loss (as in (13) and (12), resp.) in the two
considered scenarios. The actor loss initially oscillates because
of the entropy regularization term, which ensures that the
policy maintains some level of exploration. The critic loss in
SAC stabilizes around a small value rather than reaching 0 due
to the fact that the target Q-values are estimates and may vary
because of the stochastic nature of the policy and environment.

Next, Fig. 11(left) shows the correlation between offloading
decisions, backhaul mmWave SNR, and image criticality.
Offloading occurs predominantly when the channel SNR is
favorable, demonstrating the agent’s ability to exploit good
radio link conditions. The trace also captures LoS-to-NLoS
transitions, where SNR drops sharply due to mmWave block-
age, prompting the agent to suppress offloading to avoid
excessive delay or packet loss. When image criticality is high,
the agent often processes locally rather than offloading, since
increasing IPS and reducing UAV speed can meet accuracy
requirements without risking latency violations. Occasional
offloading under poor SNR happens only when both the
local accuracy prediction is insufficient and the estimated
transmission time remains within the latency constraint, or
as a result of the SAC policy’s inherent exploration during
learning. Fig. 11(right) shows the corresponding IPS rate, UAV
speed, and achieved versus required accuracy. During high-
criticality periods, IntUNe lowers UAV speed and increases
IPS to enlarge the ensemble size, ensuring the accuracy target
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is met even when LoS-to-NLoS transitions degrade the link.
Lastly, Table IV and Table V compare IntUNe performance

in suburban and urban environments under two configurations:
(i) default configuration where dk, vk, Ik,Rk are jointly op-
timized and (ii) fixed-speed where UAV speed is fixed at
vk=6m/s ∀k while the remaining variables are optimized.
Fixing the UAV speed also fixes the distance covered and
propulsion energy consumption, leaving only UAV processing
energy in (8a) as the variable term, optimized via dk, Ik, and
Rk. For fairness, we still include the normalized propulsion
energy and normalized distance terms together with nor-
malized mean UAV processing energy when calculating the
average reward in Table IV and Table V. Values are calculated
as averages over evaluation episodes, considering only the
rewards in the periods where all constraints are satisfied. The
results underline that IntUNe maximizes the reward compared
to the benchmarks. With β1= − 1 and β2= − 1 to minimize
energy consumption in propulsion and processing, and β3=1
to maximize distance, the total reward from (8a) is maximized
but takes a negative value due to the negative coefficients. We
provide the discussion for the results in case of two scenarios.

Suburban scenario. As shown in Table IV, the proposed
IntUNe in the default configuration achieves a balanced trade-
off between propulsion efficiency, processing cost, and con-
straint satisfaction. Adaptive speed control along the UAV
trajectory reduces normalized propulsion energy to 1.272 and
increases normalized distance covered to 0.35 compared to
Benchmark1 at v=2m/s (fixed at 1.562 and 0.167), while
maintaining an average UAV speed of 4.20m/s. The higher
IPS rate (4.38 img/s) slightly increases normalized processing
energy (0.184) relative to benchmarks but enables the lowest
accuracy violation rate (0.72%) and lower latency violations
(5.28%) than both benchmarks at v=2m/s and v=6m/s.
Despite using deterministic constraints, the stochastic nature
of state variables such as SNR and criticality inherently leads
to a stochastic optimal policy in RL. The optimization process
converges to a policy that performs well on average but
occasionally violates constraints due to random fluctuations.
Nonetheless, the percentage of accuracy violations with In-
tUNe is the lowest (see Table IV).

In the fixed-speed case (v = 6m/s), IntUNe has constant
propulsion energy (1.034) and distance covered (0.5), but
UAV processing energy rises to 0.648 due to more frequent
on-board processing at an elevated IPS rate (18.67 img/s) to
meet the accuracy requirement at the fixed UAV speed. While

accuracy violations remain low (1.55%), this configuration
exhibits slightly higher latency violations (4.64%) than the
default IntUNe due to higher IPS.

Similarly, in Benchmark1 and Benchmark2, variations are
observed only in UAV processing energy, which fluctuates due
to the stochastic nature of the SNR and IPS rate. Benchmark1
at v=2m/s suffers from high accuracy violations (9.28%)
despite lower processing energy, as the fixed IPS rate (4 img/s)
under-provisions accuracy for high-criticality images. Bench-
mark1 at v=6m/s achieves its best average reward (−0.91) due
to reduced energy consumption but incurs very high accuracy
violations (41.55%), making it unsuitable for missions with
strict accuracy constraints. Benchmark2 maintains a very high
offloading ratio (0.94) at both v=2m/s and v=6m/s because
its decision rule depends solely on predicted SNR and a fixed
latency threshold; with identical SNR traces in both suburban
cases, the offloading behavior remains unchanged. Moreover, it
fails to optimize at sharp LoS–NLoS transitions at mmWave,
causing frequent transmissions under suboptimal SNR. This
leads to very high accuracy violations at v=2m/s compared
to the default IntUNe. At v=6m/s, accuracy violations rise
sharply to 44.19%, similar to Benchmark1 at the same speed.
Latency violations for Benchmark2 remain high (11.45%)
in both speed settings because aggressive offloading causes
packet losses and delay spikes when the channel is degraded.

For completeness, we also include in Table IV the mean
and root mean squared error (RMSE) of accuracy and latency
achieved by IntUNe and the benchmarks. The RMSE refers
to the error between achievable and required values across all
periods in the episode. Both IntUNe variants surpass the mean
target accuracy of 32.67% per episode (achieving 35.81% for
default and 42.69% for fixed-speed). The default IntUNe also
achieves the lowest RMSE in accuracy (3.89%) among all
methods, showing consistent per-period performance under
stochastic SNR and image criticality.

Urban scenario. As shown in Table III, we set PLoS=0.392
to reflect the more obstructed urban environment. Despite
these challenges, IntUNe in default mode outperforms bench-
marks by achieving better normalized UAV propulsion energy
(1.02) and distance covered (0.59) compared to fixed-speed
benchmarks at 2m/s and 6m/s (both fixed at 0.167) (Table V).
This is due to IntUNe average speed of 7.11m/s, close to
the optimal 8m/s, enabling efficient energy use and faster
coverage despite reduced LoS. To maintain accuracy at this
higher speed, IntUNe optimizes its IPS rate, with a mean of
31.71 img/s, leading to higher mean UAV processing energy
consumption than the benchmark. This trade-off is justified as
the increased IPS rate enhances accuracy while achieving near-
optimal speed. UAV processing energy depends on onboard
image processing (when offloading is not selected) and image
transmission (when offloading is chosen). Regarding latency
constraint violations, IntUNe has a higher violation rate than
Benchmark1 at 2m/s due to a significantly higher offloading
rate (0.46 vs. 0.036). However, IntUNe ’s latency violations re-
main substantially lower than those of the benchmarks. It also
achieves a mean accuracy of 40.96%, exceeding the required
32.67%, highlighting IntUNe ’s adaptive processing suited
to NLoS urban conditions. Although IntUNe ’s RMSE in
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TABLE IV
PERFORMANCE COMPARISON OF INTUNE (DEFAULT AND FIXED-SPEED) WITH BENCHMARK1 [3] AND BENCHMARK2 [10] IN THE SUBURBAN SCENARIO

Metric IntUNe (De-
fault)

IntUNe
(v=6m/s)

Benchmark1
(v=2m/s)

Benchmark1
(v=6m/s)

Benchmark2
(v=2m/s)

Benchmark2
(v=6m/s)

Average reward -1.105 -1.177 -1.516 -0.914 -1.475 -0.614
Reward variance 0.739 0.095 1.246 0.000 0.000 0.003
Mean normalized UAV propulsion energy 1.272 1.034 1.562 1.034 1.562 1.034
Mean normalized UAV processing energy 0.184 0.648 0.121 0.110 0.080 0.080
Mean normalized distance covered 0.350 0.500 0.167 0.500 0.167 0.500
Offloading ratio 0.830 0.286 0.880 0.890 0.937 0.937
Average UAV speed (m/s) 4.2 6.0 2.0 6.0 2.0 6.0
Average IPS rate 4.38 18.67 4.00 4.00 4.00 4.00
Accuracy constraint violations (%) 0.72% 1.55% 9.280% 41.550% 7.620% 44.190%
Latency constraint violations (%) 5.28% 4.64% 5.480% 5.560% 11.450% 11.450%
Mean achieved accuracy (%) 35.81% 42.69% 38.32% 32.24% 44.19% 39.23%
Mean achieved latency (s) 0.085 0.626 0.086 0.089 0.005 0.005
RMSE of achieved accuracy (%) 3.89% 11.72% 7.02% 5.31% 12.71% 8.09%
RMSE of achieved latency (s) 1.940 1.580 1.950 1.950 1.995 1.995

TABLE V
PERFORMANCE COMPARISON OF INTUNE (DEFAULT AND FIXED-SPEED) WITH BENCHMARK1 [3] AND BENCHMARK2 [10] IN THE URBAN SCENARIO

Metric IntUNe (De-
fault)

IntUNe
(v=6m/s)

Benchmark1
(v=2m/s)

Benchmark1
(v=6m/s)

Benchmark2
(v=2m/s)

Benchmark2
(v=6m/s)

Average reward -1.070 -0.981 -2.350 -0.994 -1.713 -0.852
Reward variance 0.358 0.021 0.865 0.125 0.001 0.011
Mean normalized UAV propulsion energy 1.020 1.034 1.562 1.034 1.562 1.034
Mean normalized UAV processing energy 0.556 0.447 0.950 0.410 0.318 0.318
Mean normalized distance covered 0.590 0.500 0.167 0.500 0.167 0.500
Offloading ratio 0.460 0.198 0.036 0.600 0.601 0.601
Average UAV speed (m/s) 7.1 6.00 2.0 6.0 2.0 6.0
Average IPS rate 31.710 14.740 4 4 4 4
Accuracy constraint violations (%) 1.17% 2.04% 8.25% 59.69% 30.69% 53.91%
Latency constraint violations (%) 26.60% 3.85% 1.46% 64.29% 38.51% 38.51%
Mean achieved accuracy (%) 40.96% 41.25% 38.62% 9.90% 44.19% 39.23%
Mean achieved latency (s) 0.350 0.522 0.003 0.012 0.007 0.007
RMSE of achieved accuracy (%) 10.47% 10.65% 7.46% 27.51% 12.71% 8.09%
RMSE of achieved latency (s) 1.670 1.640 1.990 1.990 1.993 1.993

accuracy is higher than Benchmark1 at 2m/s and Benchmark2
at 6m/s, it is much lower than Benchmark1 at 6m/s and close
to Benchmark2 at 2m/s, indicating consistent accuracy under
challenging conditions. Also, while IntUNe ’s mean latency is
higher than the benchmarks, it stays within acceptable limits,
and its latency RMSE is slightly better, confirming more
stable latency despite urban challenges. In the fixed-speed case
(v=6m/s), normalized propulsion energy (1.034) and distance
covered (0.5) remain constant, while normalized processing
energy drops to 0.447 due to a lower IPS rate (14.74 img/s)
and reduced offloading ratio, which lowers latency violations
to 3.85% but slightly increases accuracy violations to 2.04%
compared to default IntUNe. This variant achieves the highest
mean accuracy (41.25%), surpassing the target 32.67%, though
its accuracy RMSE (10.65%) is marginally higher than default
IntUNe (10.47%). For Benchmark1 at v=2m/s, the fixed IPS
rate (4 img/s) limits accuracy, resulting in 8.25% accuracy
violations despite low latency violations (1.46%) and low
offloading (0.036). At v=6m/s, accuracy violations increase
sharply to 59.69%, and latency violations to 64.29% due
to low IPS rate. Benchmark2 maintains a similar offloading
ratio (0.6) at both speeds but incurs high accuracy violations
(30.69% at 2m/s, 53.91% at 6m/s) and high latency violations
(38.51%) in both cases because of aggressive offloading during
channel fades.

Discussion on performance gains. The significant perfor-
mance gap between IntUNe and the considered benchmarks

[4], [11] is due to the multi-dimensional adaptability of our
approach. Specifically, Benchmark1 focuses on offloading
decisions under fixed camera and speed settings; consequently,
it cannot compensate for high-speed motion blur, leading to
the high accuracy violations observed in Table V. Benchmark2,
while efficient in delay-aware offloading, lacks awareness
of image semantics. It thus treats all frames equally, often
offloading low-criticality data even when the mmWave link
is deteriorating, which causes the observed spikes in latency.
IntUNe instead leverages the coupling between UAV speed and
IPS to dynamically adjust the ensemble size. In case of high-
criticality scenes, the UAV reduces speed to minimize blur and
increases the IPS to provide more temporal context to the CV
model, effectively trading off accuracy for temporary higher
processing power. This trade-off is ignored by [4] and [11],
which rely on static acquisition parameters.

Summary. IntUNe substantially reduces UAV processing
energy through intelligent adaptation of IPS and offloading
strategies compared to benchmarks. Specifically, in the sub-
urban scenario, it achieves 18.61% savings in UAV propul-
sion energy and covers 109.58% more distance compared to
both Benchmark1 and Benchmark2 operating at 2m/s. While
IntUNe incurs higher processing energy in this scenario, it
reduces accuracy constraint violations by 92.24% and 90.54%
compared to Benchmark1 and Benchmark2, respectively. In
the urban scenario, IntUNe achieves even higher propulsion
energy savings of 34.67% and extends the distance covered
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Fig. 12. Performance evolution of IntUNe during environmental transitions:
from Suburban to Mixed scenario (left), and from Urban to Mixed scenario
(right). Vertical dashed line at episode 2,000 indicates the moment of switch.

by 252.99% compared to both benchmarks at 2m/s. Also, it
reduces accuracy violations by 85.82% relative to Benchmark1
and by 96.19% relative to Benchmark2. Although IntUNe
consumes more processing energy than Benchmark2 in this
setting, the significant improvements in coverage and accu-
racy constraint adherence demonstrate its effectiveness. Fur-
ther, to counteract the harsher urban environment’s increased
LoS–NLoS transitions, IntUNe significantly increases IPS rate
from 4.38 img/s in suburban to 31.71 img/s in urban scenarios
(Table IV and Table V respectively), a 524% increase, enabling
it to sustain high accuracy. This higher IPS rate is aligned with
recent real-world UAV deployments capable of comparable
processing throughput [34]. Moreover, both Benchmark1 and
Benchmark2 operating at 6m/s exhibit accuracy violation rates
exceeding 40% in suburban and 50% in urban scenarios,
rendering these schemes impractical at higher speeds.

E. Adaptability and Robustness Analysis

To further validate the capabilities of IntUNe, we investi-
gate its adaptability to sudden environmental changes and its
robustness across a wide range of channel conditions. This
analysis moves beyond the static Suburban and Urban scenar-
ios discussed previously, demonstrating the agent’s ability to
generalize its learning to unseen environments.

Adaptability to dynamic environment switches.
We first evaluate the ability of IntUNe to adapt its policy

online when the operational environment changes abruptly
during a mission. We define a “Mixed” scenario, representing
an intermediate environment between the suburban and urban
settings, characterized by the following mmWave channel
parameters: PLoS = 0.674, q = 0.6, and p = 0.81. In this
experiment, we initialize the training in a source environment
(either suburban or urban). At episode 2, 000 of the training
phase, we instantly switch the environment parameters to those
of the Mixed scenario. Fig. 12 illustrates the evolution of
the actor loss during this transition. As shown in Fig. 12
(left), the agent initially operates in the favorable suburban
environment. Upon switching to the Mixed scenario at episode
2, 000, which features a lower probability of LoS and higher
blockage frequency, we observe a transient adaptation phase.
Immediately after the switch, the loss spikes, as the actions
previously learned violate the constraints of the new environ-
ment. After about 500 episodes since the switch, the agents’
loss converges, showing that the agents have learned the new
environment. Similarly, Fig. 12 (right) depicts the transition
from the harsh urban environment to the relatively more stable
Mixed scenario. In this case, the adaptation is characterized
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Fig. 13. Convergence of the IntUNe’s actor loss across 128 randomized
environment instances. The solid line represents the mean loss, while the
shaded region indicates the range between the minimum (best-case) and
maximum (worst-case) loss values observed.

by a steady and slower (compared to Fig. 12 (left)) decrease
in the actor loss as the agent exploits the improved channel
statistics. Importantly, in both scenarios, IntUNe demonstrates
its ability to adapt to sudden environmental changes during
execution.

Generalization across randomized environments. To
demonstrate the robustness of IntUNe and ensure that the
convergence reported in Sec. VI-D is not limited to specific
simulation instances, we conducted an extensive generalization
analysis. We trained 128 distinct models, where each model
operates in a unique environment with channel parameters
drawn from a uniform distribution. Specifically, PLoS and q
were sampled from the intervals [0.39, 0.95] and [0.4, 0.8],
respectively, covering the entire spectrum of environments,
from dense urban to open suburban areas. Note that, because
of the different values of PLoS , this analysis may also reflect
operation conditions where different values of UAV flight
altitudes are considered. Fig. 13 presents the convergence of
the actor loss across these 128 instances. The plot highlights
the mean convergence trend, as well as the envelope defined
by the best-case (minimum loss) and worst-case (maximum
loss) scenarios. Despite the significant variability in channel
conditions, IntUNe consistently converges across all instances.
The worst-case occurs with low PLoS and high q, where
the agent needs longer exploration to optimize the entropy-
regularized objective. Nevertheless, the narrow spread between
the minimum and maximum values at the end of training con-
firms the reliability and generalization capability of IntUNe.

VII. CONCLUSION

We addressed the challenges of optimizing edge-assisted
UAV surveillance systems by proposing a comprehensive ap-
proach that jointly optimizes UAV speed, IPS rate, offloading
schemes, and transmission rates. Our method integrates image
criticality and UAV-to-edge mmWave channel statistics to en-
hance performance by reducing UAV energy consumption and
increasing the distance. In light of the (proven) NP-hardness
of the optimization problem, we designed the IntUNe low-
complexity solution, which efficiently and effectively solves
the problem we posed. Extensive numerical analysis shows
that IntUNe significantly improves both energy efficiency and
inference accuracy compared to state-of-the-art benchmarks.
Also, by considering images criticality and leveraging con-
textual analysis of image ensembles, IntUNe ensures timely
and accurate object detection, which is crucial for effective
surveillance operations, outperforming its competitive alterna-
tives. Even in worst case urban scenarios, with low probability
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of LoS, IntUNe achieves 34.67% increased saving in UAV
propulsion energy and extends coverage by an extra 252.99%,
while also reducing inference accuracy constraint violations
by up to 96.19%. Multiple servers, UAVs, and factors like
obstructions and dynamic flight conditions increase system
complexity and affect convergence. As future work, we plan
to extend IntUNe to handle multi-server settings, handovers,
and worst-case interference (e.g., jamming), and evaluate its
robustness.
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