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ABSTRACT 

 

Unmanned aerial vehicles (UAVs) equipped with onboard vision systems are increasingly deployed for 
surveillance, traffic monitoring, and disaster response, yet their limited battery capacity and embedded 
compute budget severely constrain the use of modern convolutional object detectors. This paper presents an 
Energy-Adaptive CNN Compression (EACC) framework, which combines the structured channel pruning, 
knowledge distillation, and mixed-precision quantization with an energy-aware controller that dynamically 
adjusts the trade-off between the detection accuracy and on-board energy consumption. Conventional 
compression pipelines optimize accuracy and model size independently, while the proposed controller 
optimizes the compression ratio, directly affecting the pruning and quantizing decisions at each layer, as a 
constrained optimization problem in which the energy budget of the target embedded platform is directly 
related to compression ratio. The framework is developed based on the YOLO11-N baseline and tested on 
the VisDrone2021 benchmark, which is a large-scale benchmark with small, dense, and partially occluded 
objects taken in various urban and suburban environments. Experimental results show that the proposed 
model can achieve about 76% reduction in the number of parameters and 66% reduction in energy 
consumption per frame compared to the uncompressed baseline, while maintaining more than 92% of the 
mAP@0.5 of the baseline and keeping the model running in real-time on a Jetson Orin Nano platform. The 
results show that it is possible to implement energy-adaptive, accuracy-aware compression as a viable 
strategy for deep object-detection deployment on a resource-constrained aerial platform. 

Keywords: UAV Object Detection, Model Compression, Structured Pruning, Knowledge Distillation, 
Quantization, Energy-Aware Deep Learning, VisDrone2021, Edge AI.  

 

 

1. INTRODUCTION 
Unmanned aerial vehicles (UAVs) are now 

playing a major role in visual perception for real-

time applications including traffic-flow estimation, 
search and rescue, precision agriculture and urban 
surveillance. These platforms have many strict 
requirements on the payload, memory, and battery 
consumption, which necessitates that the on-board 
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object detection software, which relies on deep 
convolutional neural networks (CNNs), be highly 
energy efficient and compact while maintaining 
competitive accuracy. However, common ground-
station benchmarks show that state-of-the-art 
detectors, like the YOLO family, have strong 
detection accuracy, but their direct application to 
embedded UAV hardware (usually NVIDIA Jetson-
class System-on-Modules (SoMs)) is constrained 
by thermal, power, and latency budgets that are 
much tighter than those that could be found in 
server grade GPUs. 

The compression approaches of structured 
pruning, knowledge distillation and quantization 
are each found to decrease the computational 
overhead of CNN-based detectors. The vast 
majority of the existing pipelines perform these 
steps in a sequential fashion and without adapting 
to the platform they are deployed on, using a fixed 
compression ratio as a hyperparameter, rather than 
a parameter that should be varied based on platform 
energy profile and required detection-accuracy 
floor. This is particularly troublesome for UAV 
vision, where aggressive compression can 
adversely affect a small and dense amount of 
objects (pedestrians, bicycles, tricycles), and where 
energy overruns can directly reduce the flight time 
or result in a mission failure. 

This paper tackles the challenge of compressing 
a CNN with limited energy and accuracy budget for 
on-board UAV object detection. We present a 
structured channel pruning, knowledge distillation 
and mixed-precision quantization framework under 
a single controller responsible for allocating 
compression aggressiveness among layers based on 
two criteria: (i) how much the layer contributes to 
the detection accuracy and (ii) how much the layer 
consumes for inference energy, within a user-
defined energy budget and minimum required 
mAP. The framework is evaluated solely against 
the VisDrone2021 benchmark, which is a widely-
used UAV dataset for similar tasks in the field of 
aerial object detection and compression studies. 

Deep learning based object detectors have 
shown impressive results in UAV vision 
applications, but are still difficult to implement on 
the UAV platform because of limited computing 
power, battery capacity and thermal environment. 
The current state-of-the-art detectors, such as 
YOLO-based detectors, are able to achieve high 
detection accuracy but have a large number of 
parameters, high computational complexity, and 
high energy consumption, preventing them from 
being directly applied to lightweight embedded 
platforms. 

Recent CNN compression methods such as 
structured pruning, knowledge distillation and 
quantization have proven to be effective at model 
size reduction. Most of the current methods 
optimize them independently, or use fixed 
compression ratios without taking into account the 
dynamic balance between the accuracy 
requirements for detection and available energy 
resources. Therefore, the ability of detecting the 
presence of small and dense objects is greatly 
hindered in practical applications of UAV 
surveillance and monitoring systems, especially 
when the compression gain is too high. 

In addition, most existing energy-aware deep 
learning methods measure the energy consumed by 
the optimized model, but do not use energy 
constraints as a part of the compression decision 
making process. Thus, an adaptive compression 
framework which can achieve good detection 
accuracy, calculation efficiency and energy saving 
for real-time UAV deployment is still not known. 

In this regard, this paper introduces an Energy-
Adaptive CNN Compression (EACC) framework 
that combines both structured channel pruning and 
knowledge distillation with mixed-precision 
quantization with an energy-aware controller. The 
proposed scheme takes into consideration the 
energy constraints of the hardware and dynamically 
decides whether to compress or not, while keeping 
the detection performance. 

Based on the identified research gap, this study 
aims to answer the following research questions: 

RQ1: Can CNN compression be optimized 
jointly to decrease the on-board energy 
consumption, computational complexity, and to 
ensure accurate object detection performance for 
UAVs? 

RQ2: Is it possible to achieve greater accuracy 
– energy trade-off than with traditional 
compression techniques that follow a fixed energy 
pruning and quantization strategy? 

RQ3: What is the performance of the proposed 
compressed detection model in terms of accuracy of 
detection, speed of inference and energy efficiency 
on a resource-limited embedded UAV platform? 

To address these research questions, the 
objectives of this study are: 

 To create a structured channel pruning, 
knowledge distillation, and mixed precision 
quantization based Energy-Adaptive CNN 
Compression (EACC) framework. 

 To develop a controller for energy awareness 
that dynamically changes compression level 
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based on the accuracy requirement to be 
detected and energy constraint. 

 To benchmark the proposed framework on the 
VisDrone2021 dataset and NVIDIA Jetson Orin 
Nano platform, accuracy, computational 
efficiency, and energy consumption metrics are 
used. 
The following hypothesis is developed based on 

the research problem and research questions 
identified: 
H1 (Alternative Hypothesis): 

The proposed energy-adaptive CNN 
compression framework, which simultaneously 
compresses CNN with structured channel pruning, 
knowledge distillation and mixed-precision 
quantization, can effectively enhance the energy 
efficiency of UAV object detection without 
sacrificing the comparable detection accuracy 
compared with the original uncompressed CNN. 
H0 (Null Hypothesis): 

The energy-adaptive CNN compression 
framework is not really superior in terms of the 
accuracy–energy trade-off to conventional CNN 
compression approaches without adaptive energy-
based optimization. 

This paper is organized as follows: In Section 
II, the related works for UAV object detection and 
CNN compression are reviewed. The 
VisDrone2021 dataset and the formalization of the 
compression problem is described in Section III. In 
Section IV, the proposed EACC methodology along 
with mathematical model and training algorithm are 
presented. Section V describes experimental setup 
and Section VI presents and analyzes the data. This 
ablation study is presented in Section VII, the 
deployment of the ablator within the vehicle is 
discussed in Section VIII, and the paper is 
concluded in Section IX. 

2. RELATED WORKS 

2.1. UAV-based Object Detection 
Compared to ground-based detection, object 

detection from aerial imagery has three 
distinguishing characteristics: Objects are often 
small in comparison to a frame, the viewpoint is 
dependent on the altitude and gimbal angle, and 
scenes are often highly cluttered. These challenges 
are specifically captured in the benchmark datasets 
like VisDrone and UAVDT, and recurrent designs 
of detectors have addressed these issues by 
introducing multi-scale feature fusion, attention 
mechanism and anchor-free heads for recalling 
small objects. Despite the high accuracy-to-latency 
ratio of the single-stage detectors of the YOLO 

family, their use on UAVs is still limited by size 
constraints.Single-stage detectors of the YOLO 
family are the most widespread option for the flow 
of UAVs due to their high accuracy-to-latency ratio 
compared to two-stage detectors like Faster R-
CNN, however, due to the size constraints, their use 
is limited. 

2.2. Model Compression for Embedded Vision 
Structured pruning selectively drops entire 

channels or filters depending on a criterion of 
importance, such as L1-norm, batch-normalization 
scaling factor or gradient sensitivity, and models 
can be directly accelerated by standard hardware, 
without the need for special sparse kernels. 
Knowledge distillation comes to the rescue to 
transfer the representational power of a big teacher 
network to a small pupil network by soft-label and 
feature-level supervision, and can partially recover 
from the loss of accuracy in pruning. To reduce 
memory consumption (typically to INT8 or mixed 
FP16/INT8) and leverage integer arithmetic units 
found in embedded accelerators, quantization 
reduces the number of bits used in the numerical 
representation. Previous research has mostly 
focused on these three techniques separately or 
used them sequentially in a predetermined manner 
without explicitly providing a mechanism to change 
the level of compression to match a desired energy 
budget target. 

2.3. Energy-Aware Deep Learning on Edge 
Platforms 

There is an emerging volume of literature that 
treats energy consumption as a first-class 
optimization goal as opposed to a later 
measurement after the fact. These methods usually 
require an energy model of these per-layer costs on 
the specific hardware and then make architecture 
choice or pruning decisions based on the energy 
model. Most methods that aim to reduce power 
consumption are tested on common image-
classification backbones instead of dense small-
object detectors; few works simultaneously 
optimize pruning, distillation, and quantization 
under a unified energy-efficient formulation for 
UAV-specific tasks like VisDrone2021. In this 
work, we propose to fill this gap by designing 
detection accuracy and inference energy as tightly 
coupled constraints in one adaptive compression 
controller and evaluate the end-to-end accuracy on 
VisDrone2021, while profiling the compression 
energy on physical Jetson Orin Nano hardware. 
Table 1 shows a comparison of representative CNN 
compression techniques for embedded vision. The 
majority of previous works are dedicated to either 
pruning, knowledge distillation or quantization, and 
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only a few to energy-efficient optimization for 
object detection in UAV. The proposed EACC 
framework combines the three techniques and is 
verified with the VisDrone2021 benchmark, under 
a single controller that incorporates energy 
awareness. 

While several studies have helped the 
computational load reduction of deep neural 
networks, there are still some limitations for the 
deployment of UAV-based object detection. 
Traditional techniques for pruning are largely 
geared toward minimizing the number of 
parameters and computational steps; however, they 
tend to be applied with a set of fixed pruning 
criteria, which do not take into account the energy 
budget of the target hardware. Therefore, the same 
compression technique may not be the best one for 
particular embedded platforms. 

Knowledge Distillation has been proven to be 
useful to recover accuracy following model 
compression by transferring knowledge from a 
large teacher network to a small student model. 
Inference cost, however, is not directly reduced by 
distillation, and various other training procedures 

must be added to the distillation process. Likewise, 
quantization methods can reduce numerical 
precision for inference speed and memory usage 
while being aggressive, they can negatively impact 
detection accuracy, especially for small, dense 
objects that are frequently seen in UAV images. 

Furthermore, most current CNN compression 
schemes consider pruning and distillation and 
quantization as sequential optimization steps 
separately. They do not have a common mechanism 
to optimally adjust the energy usage and detection 
accuracy throughout compression. This is 
especially critical for UAV missions where energy 
availability is directly connected to mission time 
and mission reliability. 

A robust adaptive compression framework is 
therefore needed which combines several 
optimisation methods and takes energy constraints 
into account when compressing the model. The 
proposed EACC framework resolves this by 
proposing an energy-aware controller, which solves 
the problem of deciding the compression level by 
considering the accuracy requirement and the 
constraints on the embedded hardware. 

Table 1. Comparison of Representative CNN Compression Methods for UAV/Embedded Object Detection 

 
Table 1 shows that most of the previous work 

focused on individual compression methods or on 
the evaluation of energy efficiency separately. The 
proposed EACC framework is unique as it adopts 
several compression methods and a controller that 
is adaptive and energy conscious, allowing for joint 
optimization of accuracy and energy usage in the 
UAV for object detection. The proposed EACC 
framework has several significant differences from 
previous CNN compression methods, such as CNN 
compression methods proposed by CNN. The 
proposed EACC framework has several significant 
differences from previous CNN compression 

methods, including CNN compression methods 
proposed by CNN. Current pruning techniques 
mostly aim to lower the size of the network and the 
computational load, but mostly are used without 
taking into account the energy characteristics of the 
deployment platform. Likewise, knowledge 
distillation-based methods boost the accuracy of 
lightweight networks, but do not directly minimize 
inference energy consumption. Quantization 
techniques save memory and speed up the inference 
process, but typically are not used in conjunction 
with other compression techniques, and can lead to 
accuracy loss when applied too aggressively. 
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The EACC framework is proposed to combine 
structured channel pruning, knowledge distillation, 
and mixed-precision quantization under a single 
energy-aware optimization framework, which is a 
contrast to the above. The proposed controller 
dynamically determines the level of compression 
based on the sensitivity of the layer, energy 
consumption and the accuracy needed for the 
detection. 

Moreover, this study specifically targets UAV 
small-object detection in particular, rather than 
focusing on image classification models like most 
previous energy-aware compression studies, and 
also tests it on a real embedded deployment 
platform, NVIDIA Jetson Orin Nano. Thus, the 
proposed method is a more applicable solution for 
energy-limited real-time UAV vision applications. 

 

3. DATASET AND PROBLEM 
FORMULATION 

3.1. VisDrone2021 Dataset 
In this work, all experiments are conducted on 

the official training, validation and test splits of the 
VisDrone2021 benchmark. VisDrone2021 has been 
chosen due to its specially designed for UAV 
vision, the availability of real-world aerial images 
captured under various weather, lighting and 
altitude conditions, and the inclusion of small, 
densely packed and partially occluded instances, 
which make it a challenging testbed for compressed 
object detectors. The widespread use of it in recent 
published UAV detection and compression 
literature also allows a direct comparison with the 
published results. This dataset contains ten 
categories of objects — pedestrian, person, bicycle, 
car, van, truck, bus, motor, awning-tricycle and 
tricycle — labeled with axis-aligned bounding 
boxes and occlusion/truncation flags. The following 
table contains a summary of the key characteristics 
of the data sets (Table 2). 

Table 2.VisDrone2021 Dataset Summary 
Feature Description 

Dataset VisDrone2021 

Task Object Detection 

Images 10,000+ UAV-captured images 

Classes 10 object categories 

Resolution High-resolution aerial images 

Environment Urban and suburban scenes 

Challenges Small objects, occlusion, scale variation, 
cluttered backgrounds 

Official split Training ≈ 6,471 images; Validation ≈ 548 
images; Test ≈ 1,610 images 

3.2. Problem Formulation 

Let f (x ;θ) denote a baseline detector with 
parameters θ trained on VisDrone2021, and let 
f (x ;θ′) denote a compressed detector obtained 
through pruning mask M, distillation, and 
quantization function Q(·). The overall goal is to 
obtain θ′ such that the compressed model 
minimizes energy consumption per inference while 
satisfying a minimum detection-accuracy 
constraint. This is formalized as a constrained 
optimization problem: 

min_{θ′,M,Q} E(θ′, M, Q) s.t. mAP(θ′) ≥ 
mAP_min, Lat(θ′) ≤ Lat_max   (1) 

where E(·) denotes the per-frame energy 
consumption on the target embedded platform, 
mAP_min is a task-defined accuracy floor, and 
Lat_max is a real-time latency budget (e.g., derived 
from the UAV control loop frequency). The energy 
term is modeled as a sum of per-layer 
contributions: 
E(θ′,M,Q) = Σ_{l=1}^{L} α_l C_l(M_l) β(Q_l)  
  (2) 

where C_l(M_l) is the computational cost 
(FLOPs) of layer l after applying pruning mask 
M_l, β(Q_l) is a precision-dependent energy scaling 
factor for the quantization level Q_l assigned to 
layer l (β = 1 for FP32, and empirically lower for 
FP16 and INT8), and α_l is a hardware-calibrated 
energy-per-FLOP coefficient obtained through 
onboard power profiling. The compression ratio is 
defined as: 

CR = (1 − |θ′| / |θ|) × 100%   (3) 
where |θ| and |θ′| denote the parameter counts of 

the baseline and compressed models, respectively. 
Sections IV and VII detail how M, Q, and the 
distillation objective are jointly optimized to solve 
Eq. (1). 

4. PROPOSED METHODOLOGY 

4.1. Framework Overview 
The overall framework of the Energy-Adaptive 

CNN Compression (EACC) is shown in Figure 1. A 
YOLO11-N baseline detector trained on 
VisDrone2021 is compressed through three stages: 
A structured channel pruner (scp), a knowledge 
distiller (kd), and a mixed-precision quantizer 
(mpq), with their aggressiveness jointly adjusted by 
an energy-adaptive controller (Eq. 9-11). The 
controller takes in the current energy budget, 
accuracy floor mAPmin, and the per-layer 
sensitivity estimates, and produces a pruning mask, 
a distillation schedule, and the quantization-bit 
assignment for each layer. This creates a compact 
model which is deployed and profiled on the target 
embedded platform. 
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Figure 1. Overall Architecture of the Proposed Energy-

Adaptive Compression (EACC) Framework 

4.2. Structured Channel Pruning 

Each convolutional channel k in layer l  is 
assigned an importance score that fuses its batch-
normalization scaling factor with a first-order 
gradient sensitivity term, so that channels 
contributing little to both weight magnitude and 
loss gradient are prioritized for removal: 

 Ik = || g k||1 + l|
L
gk

|   (4) 

where gk is the batch-normalization scaling 

factor of channel k, L is the training loss, and l 
balances the magnitude and sensitivity terms. 
Channels are ranked according to Ik within each 

layer, and a layer-specific pruning ratio p l , supplied 

by the energy-adaptive controller, determines how 
many low-ranked channels are removed, producing 
a binary mask: 

 Ml [k] = 


1,   if Ik  tl (p l)

0,   otherwise
   (5) 

Where t1(p l ) is the importance threshold 

corresponding to the pruning ratio p l  in layer l . 

Figure 2 visualizes this process schematically: 
channels below the layer threshold are removed, 
yielding a narrower but structurally regular sub-
network that is directly accelerated on standard 
convolution kernels without specialized sparse-
matrix support. 

 
Figure 2. Energy-adaptive structured channel pruning: 

low-importance channels (marked) are removed based on 
the fused L1-gradient importance score 

4.3. Knowledge Distillation 
To recover accuracy lost during pruning, the 

pruned student network S is trained under the 
supervision of the uncompressed teacher network T 
using a composite loss that combines the standard 

detection loss with logit-level and feature-level 
distillation terms: 

Ltotal = Ldet + bLlogit 
 
 
s




ZT

Td
, s




ZS

Td 
 
 

  

                      + g
m

||m(Fm
T) – Fm

S ||22   (6) 

where Ldet is the standard YOLO detection loss 

(objectness, classification, and box-regression 
terms), Llogit is a temperature-scaled Kullback–

Leibler divergence between the teacher and student 

class logits ZT and ZS at temperature Td , Fm
T  and Fm

s

are intermediate feature maps at the matched stage 
m, m is a learned 1  1 convolution that projects 

student features into the teacher's channel 
dimensionality, and b and g are loss-balancing 
coefficients. 

4.4. Mixed-Precision Quantization 
After pruning and distillation, each layer l  is 

assigned a numerical precision q l   {FP16, INT8} 

according to its quantization sensitivity, estimated 
as the Kullback–Leibler (KL) divergence between 
the FP32 activation distribution and its quantized 
counterpart: 

q l  = 


INT8,   if DKL(PFP32

l ||PINT8
l )  e

FP16,   otherwise
   (7) 

Layers exhibiting high quantization sensitivity 
(typically the detection head and early feature-
extraction layers) are retained at FP16, while most 
backbone convolutions, which tolerate coarser 
quantization, are cast to INT8 using per-channel 
scale factors s l  calibrated on a representative subset 

of the VisDrone2021 training set: 

WINT8
l  = round 


 
 

WFP32
l

sl 
 

 
,  

s l  = 
max(|WFP32

l |)

127    (8) 

4.5. Energy-Adaptive Compression Controller 

The controller jointly selects layer-wise pruning 
ratios {p l} and quantization assignments {q l} to 

minimize a combined objective that penalizes both 
energy consumption and accuracy degradation, 
subject to the constraints in (1): 

J({p l ),{q l},b,g) = E(,M,Q) + max(0,mAPmin 

– mAP(,b,g))  (9) 
where is a large penalty coefficient enforcing 

the accuracy floor. Because the search space over 
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{p l q l} is combinatorial, the controller uses a 

greedy, energy-normalized sensitivity ranking. At 
each iteration, the layer offering the largest 
reduction in energy per unit of accuracy loss is 
compressed first until the energy budget is met or 
the accuracy floor is reached: 

l  = 
El

mAPl
, select the layer with the maximum 

l  at each step   (10) 

Finally, the achieved energy–accuracy operating 
point is validated against the platform's real-time 
constraint: 

FPS()= 
1

Lat()  FPSmin   (11) 

4.6. Training and Compression Algorithm 
Algorithm 1 summarizes the end-to-end 

procedure that integrates the three compression 
stages under the energy-adaptive controller. 
Algorithm 1. Energy-Adaptive CNN 
Compression (EACC) 
Input: 

 Teacher model T 

 Student model S 

 Training dataset D 

 Energy budget Emax  

 Minimum accuracy threshold mAPmin  

Output: 

 Compressed model  
1. Profile per-layer energy coefficients a1 on the 

target hardware.  
2. Compute channel importance scores Ik using 

Eq. (4).  
3. Initialize the energy-adaptive controller.  

4. while E() > Emax and mAP()  mAPmin do 

5. Rank layers according to the energy-normalized 
sensitivity score E1/mAP1 (Eq. 10). 

6. Update the layer-wise pruning ratio p1. 

7. Adapt the distillation weights b and g according 
to the current compression level. 

8. Apply the pruning mask M1 (Eq. 5). 

9. Fine-tune the student model using the adaptive 
distillation loss (Eq. 6). 

10. Evaluate mPA() and E() on the validation 
set.  

11. end while  
12. Assign the mixed-precision level q1 for each 

layer using Eq. (7).  

13. Export the compressed model as a TensorRT 
engine.  

14. Return the compressed model . 
4.7. Research Protocol for Experimental 
Reproduction 

The proposed Energy-Adaptive CNN 
Compression (EACC) framework is a cascade of 
the following sequential stages: 
 
Stage 1: Baseline Model Training 

YOLO11-N detector is first trained with the 
official VisDrone2021 training set. The baseline 
model is tested on the validation set and test set to 
set a baseline performance in terms of detection 
accuracy, computational complexity and inference 
efficiency. 
Stage 2: Hardware Energy Profiling 

The baseline network is run on NVIDIA Jetson 
Orin Nano. A layer-wise computational 
characteristic and energy consumption are 
measured with help of power monitoring on board 
and estimation of energy contribution of individual 
network components. 
Stage 3: Energy-Adaptive Compression 
Optimization 

The proposed controller performs a relationship 
analysis between layer sensitivity, energy 
consumption and requirements of detection 
accuracy. The controller is able to automatically 
calculate the pruning ratio and quantization 
resolution of each layer of the network based on 
this analysis. 
Stage 4: Knowledge Distillation Based Accuracy 
Recovery 

Structured channel pruning is applied to the 
student network, which is compressed, and then 
optimized by knowledge distillation from the 
original YOLO11-N teacher network. The feature 
level and logit level information are transferred to 
minimize loss of accuracy due to compression. 
Stage 5: Mixed-Precision Quantization and 
Deployment 

The optimized model is represented as a mixed 
INT8/FP16 model and exported as a TensorRT 
inference engine. The final compressed model is 
deployed to Jetson Orin Nano and assessed by the 
detection accuracy, parameter reduction, inference 
speed, latency, and energy consumption 
parameters. 
Stage 6: Performance Validation 

The baseline YOLO11-N, pruning-only, 
quantization-only, MobileNet-SSD and NanoDet 
models are compared to the proposed EACC 
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framework, both on the same hardware and in the 
same evaluation setup. 

5. EXPERIMENTAL SETUP 
All models were trained on the official training 

split, validated on the official validation split, and 
tested on the official test split of the VisDrone2021. 
To evaluate the proposed EACC model, six models 
were compared, namely YOLO11-N, Pruned 
YOLO11-N, Quantized YOLO11-N, MobileNet-
SSD, NanoDet and the proposed EACC model. The 
training and deployment settings are summarized in 
Table 3. The detection performance was measured 
by mAP@0.5, mAP@0.5:0.95, precision and recall. 
The computational efficiency was determined by 
the number of GFLOPs, number of parameters, and 
model size, and runtime was determined by FPS 
and latency. The average board power and energy 
per frame were used to assess the energy efficiency 
for the Jetson Orin Nano. YOLO11-N was chosen 
as the baseline detector, because of the balance 
between detection accuracy and computational 
efficiency, and the baseline architecture was used 
for all compression stages and evaluations. All the 
models were tested under the same inference 
conditions and with the same hardware setting as 
described in Table 4, to provide a fair comparison. 

Table 3.Training and Deployment Configuration 
Parameter Value 

Baseline detector YOLO11-N (Ultralytics 
implementation) 

Input resolution 640 × 640 

Optimizer SGD, momentum 0.937, weight decay 
5×10⁻⁴ 

Learning rate 
schedule 

Cosine decay, initial LR 0.01 

Batch size / Epochs 64 / 300 (baseline); 100 fine-tune epochs 
per compression round 

Pruning ratio 
range 

0-78% (layer-adaptive, controller-
selected) 

Quantization Mixed INT8/FP16, per-channel 
calibration on 512 held-out train images 

Distillation 
temperature Td 

4.0 

Training hardware NVIDIA RTX-series GPU workstation 

Deployment 
hardware 

NVIDIA Jetson Orin Nano (8 GB), 
TensorRT inference engine 

Power 
measurement 

Onboard INA3221 power monitor, 
average over 1,000 inference frames 

Table 4. Hyperparameter Table 
Hyperparameter Value 

Initial pruning increment  0.05 

Distillation temperature (Td ) 4 

Distillation weight (b) 0.5 

Feature loss weight (g) 0.2 

Accuracy penalty () 100 

 

6. RESULTS AND DISCUSSION 
The experimental evaluation is designed around 

the research questions outlined in Section 1. The 
first goal is achieved by investigating the potential 
of the proposed Energy-Adaptive CNN 
Compression (EACC) framework to achieve high 
accuracy in UAV object detection by reducing the 
computational complexity and energy usage. The 
second is assessed through adaptive compression 
strategy and a traditional approach of fixed 
compression methods, such as quantization-only 
and pruning-only methods. The third goal is 
achieved by deploying experiments on the NVIDIA 
Jetson Orin Nano platform, and measuring energy, 
latency, and inference speed under real embedded 
operating conditions. 

Thus, the following subsections examined the 
performance of EACC in terms of (1) accuracy–
efficiency trade-off, (2) the contribution of 
individual compression components using ablation 
analysis, and (3) deployment on resource-
constrained UAV hardware for real-time operation. 
In order to answer RQ1, the proposed EACC 
framework was initially tested in terms of detection 
accuracy and compression efficiency. The results 
show that EACC has comparable accuracy and 
efficiency, with lower number of model parameters 
and less energy consumption without 
compromising the UAV object detection 
performance. The proposed EACC model achieves 
38.7% mAP@0.5 compared to 35.9% for the 
proposed EACC model with ≈76% reduction in 
parameters and 92.8% retention in mAP@0.5, 
which is compared to the baseline. EACC 
demonstrates significantly superior accuracy-
efficiency trade-off without sacrificing accuracy 
when compared to the pruning-only and 
quantization-only baselines: It is competitive with 
or outperforms the Pruned YOLO11-N in accuracy 
in the same range as the number of parameters, and 
significantly outperforms the lightweight detectors 
(MobileNet-SSD, NanoDet) in accuracy with fewer 
parameters. The Jetson Orin Nano provides a 
throughput of 112 FPS with EACC compared to the 
baseline 46 FPS, which is more than sufficient for 
the typical UAV control loop (>30 FPS), and 
estimated energy consumption per frame is reduced 
by ~66% (from 4.85 J/frame to 1.65 J/frame). 
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Table 5. Comparative Detection Accuracy, Efficiency and Energy Results on VisDrone2021  

 
Figure 3 shows the accuracy-compression trade-

off curve obtained by sweeping the controller's 
target compression ratio. Both mAP@0.5 and 
mAP@0.5:0.95 degrade gracefully up to 
approximately 60% compression, after which 
accuracy loss accelerates — motivating the 
recommended operating zone (55-70% 
compression) shown in green, within which EACC 
is configured for the headline results in Table III. 

 
Figure 3. mAP vs. compression ratio on the 

VisDrone2021 test set 

Figure 4 visualizes the accuracy-energy Pareto 
relationship across all six models. The proposed 
model occupies the most favorable region of the 
plot (lowest energy per frame at competitive 
accuracy), while MobileNet-SSD and NanoDet, 
despite their lightweight design, do not reach the 
same accuracy-per-joule efficiency because they 
were not designed with UAV small-object density 
in mind. 

 

Figure 4. Accuracy-Energy trade-off across compared 
models on the Jetson Orin Nano 

The efficiency comparison is broken down in 
Figure 5 and in Figure 6. It is clear from the results 
in Fig. 5 that EACC can achieve the best 
throughput among all the models evaluated, which 
is due to the reduction in FLOPs as a result of 
pruning plus the acceleration afforded by INT8 
quantization. As seen in Fig. 6, the memory size 
and number of parameters of EACC is the smallest 
in all the baselines, especially relevant for low 
memory and RAM onboard UAV flight controllers. 

 
Figure 5. Inference throughput (FPS) of compared 

models on the Jetson Orin Nano 
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Figure 6. Model size (MB) and parameter count (M) 

comparison across models 

Figure 7 shows the results of the detection 
performance, divided by object class. As predicted, 
the relative AP drop is large for the smaller, less 
visually salient classes (bicycle, awning-tricycle, 
and tricycle), compared to the larger, more visually 
salient ones (car, bus). This intuition also holds true 
for the very fine-grained features needed to 
discriminate small, rare object categories, and 
implies that future controller variants may assign a 
smaller pruning ratio to detection-head layers that 
process small objects. 

 
Figure 7. Per-class AP@0.5 on VisDrone2021: baseline 

YOLO11-N vs. proposed compressed model 

 

7. ABLATION STUDY 
The ablation study directly evaluates the 

contribution of each compression component 
toward achieving the second research objective. 
Each of these different components of the 
optimization, from a structured pruning, knowledge 
distillation and quantization, is analyzed and 
compared with the others to show the contribution 
each component brings to the final accuracy–energy 
optimization. To assess the effect of each 
compression stage, the following four setups were 
compared: (i) baseline, (ii) structured pruning, (iii) 
pruning with knowledge distillation, and (iv) the 
full EACC pipeline. The pruned models (Table 6 
and Figure 8) show an accuracy loss of about 42% 

when structured pruning was used. The knowledge 
distillation approach partly restored the detection 
performance and further reduced the model size. 
The final mixed-precision quantization stage 
lowered the energy consumption from 2.20J/frame 
to 1.65J/frame with just a 0.7 point drop in 
mAP@0.5. The results validate the assertion that 
pruning increases energy efficiency, distillation 
maintains fidelity, and quantization increases 
further energy savings without compromising 
performance significantly. 

Table 6. Ablation Study: Incremental Contribution of 
Each Compression Stage 

Configuration mAP@0.5 
(%) 

Params 
(M) 

Energy 
(J/frame) 

Baseline YOLO11-N 38.7 2.60 4.85 

+ Structured Pruning 36.0 1.50 3.05  

+ Pruning + 
Distillation 

36.6 0.85 2.20  

+ Pruning + 
Distillation + 
Quantization (Full 
EACC) 

35.9 0.62 1.65  

 
Figure 8. Ablation Study Showing the Incremental Effect 

of Each Compression Stage On Accuracy and Energy 

8. ONBOARD DEPLOYMENT DISCUSSION 
The final EACC model was exported into a 

TenserRT engine and then deployed into a Jetson 
Orin Nano (8GB) with default power configuration. 
The resulting model has a FPS of 112, an average 
energy per frame of 1.65 J, and meets the real-time 
requirement of Eq. (11) for a typical UAV control 
loop at 20–30 Hz, thus having ample resources to 
accommodate other onboard processing tasks like 
visual-inertial odometry and obstacle avoidance. 
Limitations and Open Research Issues 

The proposed EACC framework shows an 
effective accuracy–energy trade-off for object 
detection with UAVs, but there are some aspects 
left open for future investigation. 

The first is that the current evaluation is done on 
the benchmark dataset of the VisDrone2021 
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challenge. The dataset includes various aerial 
scenarios, including the presence of small objects, 
occlusions, and complex backgrounds; however, 
additional testing and validation with real-world 
UAV missions in different environmental 
conditions such as dynamic illumination, weather 
changes, and disturbances in motion is needed. 

Second, the proposed energy-adaptive controller 
optimizes the compression according to the pre-
defined energy constraints that are extracted from 
the targeted embedded platform. During actual 
UAV flights, the amount of energy available is 
always subject to change because of the battery 
state and/or flight environment, as well as other 
onboard processing requirements. Thus, designing 
an adaptive controller that can adapt to the real-time 
energy variations is still an open research problem. 

Third, although the overall accuracy of 
detecting objects remains competitive with the 
proposed framework, the analysis reveals that 
compression has a more significant impact on the 
detection of small and less salient object categories. 
To further evaluate class-aware compression 
strategies to ensure further protection of layers used 
to extract information about the features of small 
objects. 

Lastly, the current study is mainly concerned 
with the vision-processing subsystem. A more 
thorough UAV system-level evaluation covering 
flight control, navigation, communications modules 
and overall power consumption would yield a more 
thorough realistic assessment of the feasibility of 
deployment. 

 

9. CONCLUSION AND FUTURE WORK 
In this study, an Energy-Adaptive CNN 

Compression (EACC) framework is proposed for 
object detection in real time for UAVs with limited 
onboard computational and energy resources. The 
proposed framework introduces a new compression 
strategy that balances detection accuracy and 
energy consumption and is different from 
conventional compression strategies, which 
optimize the model size, accuracy, or inference 
speed separately. 

The key scientific achievement of this work is 
the combination of the structured channel pruning, 
knowledge distillation, and mixed-precision 
quantization in a single energy-efficient controller. 
This is a step away from fixed compression 
strategies, allowing dynamic compression intensity, 
based on energy constraint for the hardware and 
detection performance desired. Thus, the proposed 
framework offers a new perspective to design 

resource-aware deep learning approaches for 
embedded UAV systems. 

Experimental results on the competitive 
VisDrone2021 benchmark with the NVIDIA Jetson 
Orin Nano platform prove the proposed EACC 
framework is able to maintain a favorable 
accuracy–energy trade-off. The model achieves an 
average 76% reduction in parameters and a 66% 
reduction in energy requirements while preserving 
over 92% of the baseline (YOLO11-N) mAP@0.5. 
The ablation study also substantiates that pruning, 
knowledge distillation and quantization add 
complementary improvements toward efficient 
deployment. 

However, there are still unclosed issues to be 
addressed. The existing framework is assessed 
based on preset energy constraints and a set of 
standard datasets. Online energy-adaptive 
compression of the future will be studied which 
takes into account the battery state, thermal settings 
and overall power usage of the UAV system. 
Furthermore class-aware compression strategies 
will be studied which will further retain the 
accuracy of the detection of small and visually 
challenging objects. 
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