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A COMPARATIVE ANALYSIS

Abstract. Relevance. The need to choose an effective YOLO architecture for explosive object detection in unmanned
aerial vehicle embedded systems is driven by limited computational resources, real-time constraints, and energy efficiency
requirements. The object of research is explosive object detection in embedded autonomous unmanned vehicle systems
using YOLO family architectures. The subject of the research is the comparative efficiency of YOLO models in terms of
detection accuracy, throughput, model size, and energy consumption on embedded hardware platforms. The purpose of this
paper is to develop and apply an integral efficiency criterion based on neural network methods for selecting the most suitable
YOLO architecture for explosive object detection and humanitarian demining tasks. Research results. The proposed
criterion was applied to six YOLO models (v5n, v8n, v8s, v10n, v11n, v11s) deployed on Raspberry Pi 3 Model B+ and
Raspberry Pi 4 Model B with 4 GB of RAM. Comparative evaluation under three scenarios showed substantial differences
in detection quality, throughput, model size, and energy consumption. The ranking confirms the practical value of the
methodology for model selection in embedded systems. Conclusions. The methodology provides a transparent and
reproducible basis for comparing YOLO architectures in resource-constrained environments. Real-time operation remains
challenging on low-power platforms, which justifies further optimization of deployment and inference.
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Introduction

Relevance. The task of automated detection of
explosive objects using an embedded computer system
onboard an autonomous unmanned aerial vehicle is an
important research direction in the field of humanitarian
demining [1-3]. The scale of contamination of Ukraine’s
territory by explosive remnants of war, which
international organizations estimate to cover tens of
thousands of square kilometers, combined with the
productivity of manual demining at only 15-25 m? per
deminer per day, creates a strong need for automated
systems for preliminary terrain survey [4, 5].

Therefore, one of the most promising ways to
address this problem is the deployment of a variety of
robotic systems, including unmanned aerial vehicles
(UAVs) and unmanned ground vehicles (UGVs) [6].

An overview of scientific works. In its most
general form, the architecture of such a system includes
image acquisition from an optical camera, resizing the
image to the fixed input resolution of the neural network
detector (typically 640x640 pixels), forward propagation
through a YOLO-family convolutional neural network,
and generation of georeferenced detection results in near
real time [7].

In recent publications, methods are proposed for
quantitatively assessing the effectiveness of systems of
this type using classification quality metrics (Precision,
Recall, F1), a spatial localization metric (loU), and
performance-oriented indicators (FPS, decomposition of
the time budget for processing a single frame) [8, 9].
These methods assume that the target model has been
predefined in advance and make it possible to evaluate its
compliance with the functional requirements of the task.

At the system design stage, the opposite task arises:
selecting, on a well-founded basis, the most appropriate
architecture from several potentially suitable candidates

using the same criteria, but without conducting a full
cycle of field tests for each of them.

The technical specificity of the task is complicated
by several circumstances that must be taken into account
in the selection methodology. The current YOLO family
includes at least six architectural variants whose
computational complexity is compatible with the
resources of single-board computers such as the
Raspberry Pi 3 Model B+ (quad-core Cortex-A53, 1 GB
LPDDR2) and Raspberry Pi 4 Model B (quad-core
Cortex-A72, 4 GB LPDDR4). This list includes the v5n,
v8n, v8s, v10n, v1in, and v11s versions, ranging from
the 2021 release to the 2025 architectures. Each of the
named models can be run in several software inference
formats — PyTorch, ONNX Runtime, TensorFlow Lite,
and NCNN — each of which has its own trade-off between
speed and deployment convenience on ARM processors
[10]. Special attention should be given to the fact that the
latest-generation  models, especially YOLOvV10,
implement a training strategy based on dual label
assignment; this eliminates the need for Non-Maximum
Suppression (NMS) during inference and provides a
deterministic latency gain, which is especially noticeable
on platforms with limited computing power [11].

The combination of these factors makes model
selection non-trivial in nature, and an arbitrary choice of
a default architecture is methodologically unjustified. In
the context of research focused on embedded detector
deployment, the issue of selecting a well-founded
architectural variant acquires independent scientific
significance.

The aim of the article is to formalize and
practically apply a methodology for the justified
selection of a YOLO architecture for the task of detecting
explosive objects by an embedded computer system
onboard an unmanned aerial vehicle. The proposed
methodology is developed as a logical continuation of the
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criterion framework presented by the authors in, with the
analytical apparatus extended to an integral efficiency
criterion that accounts for the specific features of both
target platforms and the operational conditions of the
system in support of humanitarian demining.

Problem statement and characteristics
of the onboard computing platforms

The task considered is the automated detection of
explosive objects across six classes — anti-personnel and
anti-tank mines, mortar and artillery shells, hand
grenades, and small arms ammunition — in images
received from an optical camera onboard an unmanned
aerial vehicle, using the onboard computing system. The
class nomenclature is inherited from earlier works [2, 6,
13] and corresponds to the most common types of
explosive remnants of war in Ukraine [4, 14, 15].

Detection should be performed directly onboard,
without transmitting the video stream to a ground station,
because analyses of edge-computing efficiency in highly
mobile computing networks show that local processing
enables decision-making that is on average 15% faster
than a centralized architecture and preserves node
operability under communication loss, which is of
fundamental importance for post-war applications [16].
Raspberry Pi 3 Model B+ and Raspberry Pi 4 Model B,
each in the 4 GB RAM configuration, were selected as
the onboard computing platforms. The choice is
motivated by three considerations: both platforms are
widely available, have a well-established software
ecosystem, and exhibit documented behavior under
sustained computational load, which improves result
reproducibility; prior experience with deploying
computer vision systems on Raspberry Pi for license
plate recognition is described in [17].

Table 1 — Characteristics of onboard computing platforms

The computational-performance gap between the Pi
3B+ and Pi 4, documented at about 2.5 — 4 times [18],
covers the typical range of onboard computers used in
small UAVs, so the obtained estimates can be
interpolated to intermediate configurations. The power
consumption of both platforms, measured in watts, is
compatible with the energy budget of a small multirotor
aircraft: at a flight power of 200 —400 W, onboard
computing accounts for only a few percent.

Raspberry Pi 3 Model B+ is built around the
Broadcom BCM2837B0 system-on-chip (SoC) with four
ARM Cortex-A53 cores running at 1.4 GHz and 1 GB of
LPDDR2 RAM. The Cortex-A53 microarchitecture is an
energy-efficient, in-order design and provides about 2.24
DMIPS/MHz per core; the limited memory places an
upper bound on the model size that can be loaded
together with the operating system and inference
software stack, while the platform’s power use is about
19-21W at idle and up to 3.6 W under full
computational load.

Raspberry Pi 4 Model B uses the BCM2711 SoC
with four Cortex-A72 cores clocked at 1.5 GHz and 4 GB
of LPDDR4-3200 RAM. Cortex-A72 is a superscalar
out-of-order microarchitecture that delivers about 4.72
DMIPS/MHz, roughly twice that of Cortex-A53 at the
same frequency; combined with the faster memory
subsystem, this provides a 2.5-4x increase in
convolutional-network inference performance compared
with the Pi 3B+. Power consumption is 3.4 —4.0 W at
idle and 6.0 — 7.6 W under load; during prolonged full-
load operation, the platform requires a passive heatsink
to avoid thermal throttling, which above 80°C reduces
clock frequency and distorts speed measurements. The
consolidated platform characteristics are presented in
Table 1.

Technical specification Pi 3B+ Pi 4 (4 Gb) Pi5 (8 Gb) Jetson Orin Nano Super
SoC BCM2837B0 BCM2711 BCM2712 6xCortex-A78AE + GPU 1024 CUDA
Processor 4xCortex-A53 4xCortex-AT2 4xCortex-A76 1,7
Clock frequency, GHz 1,4 1,5 2,4 8 I'b LPDDRS5
Memory 1 T'b LPDDR2 4 Tb LPDDR4 8 I'b LPDDR4X 7,0
Performance, DMIPS/MHz 2,24 4,72 6,4 7
Power (idle), W 1,9-2,1 3,4-4,0 2,7-3,0 15-25
Power (load), W 3,6 6,0-7,6 7,5-9,0 249
IApproximate cost, USD 35 55 80 6xCortex-A78AE + GPU 1024 CUDA

To complete Table 1 for a fuller comparison, next-
generation platforms, Raspberry Pi 5 and NVIDIA Jetson
Orin Nano Super, are also included, although they are not
part of the study’s comparative set. Raspberry Pi 5, based
on the Cortex-A76 processor, delivers roughly four times
higher performance than Raspberry Pi 4, but its power
consumption under load rises to 7.5-9.0 W, while the
total cost of the platform together with mandatory active
cooling and a higher-power supply is about 1.5 times that
of Raspberry Pi 4.

The NVIDIA Jetson Orin Nano Super platform,
equipped with an Ampere-architecture GPU accelerator,

outperforms the considered single-board computers by an
order of magnitude in computational performance;
however, its power consumption in maximum-
performance mode reaches 25 W, and its cost is about 4.5
times higher than that of Raspberry Pi 4.

For a small multirotor UAV, both factors are highly
significant: higher power consumption shortens flight
time for a fixed battery capacity, and the cost of the
computing module becomes decisive in serial
deployment, where loss of the aircraft in a demining zone
is an expected operational risk. These platforms are
therefore considered a direction for further expansion of
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the study, provided that the energy and cost constraints
are relaxed.

An essential part of the problem formulation is the
choice of the software format for model execution. For
ARM processors without hardware accelerators, several
inference stacks are available: native PyTorch, ONNX
Runtime, TensorFlow Lite, and the NCNN framework,
which is optimized for mobile ARM platforms using
vectorized NEON instructions. According to official
measurements [18, 19], for the YOLOv8n model on
Raspberry Pi 4, the NCNN format provides an inference
time of 414.7 ms versus 560.0 ms in ONNX Runtime and
950.3 ms in TensorFlow Lite, corresponding to
advantages of 1.35 and 2.29 times, respectively. In view
of this, the subsequent analysis is carried out for the
NCNN format as the primary one, with data for the other
formats given for comparison in the comparative
analysis.

The system requirements are formulated as follows.
The target video-processing rate is set at 25 frames per
second, which corresponds to the standard PAL frame
rate and typical onboard camera settings. The detector
input resolution is 640x640 pixels, inherited from the
training configuration of the YOLO family of models.
The flight altitude in the calculation scenario is 20 m,
which, at a typical camera field of view [20], yields a
ground sampling distance on the order of centimeters
per pixel and is sufficient for detecting anti-personnel
mine-class objects. It is expected in advance that the
target rate will not be achieved by any model on
general-purpose  processors without accelerators;
quantifying this gap and identifying ways to reduce it are
among the results of the work.

Overview of the compared
YOLO family architectures

Six models from four YOLO generations are
included in the comparison: YOLOv5n, YOLOvVSN,
YOLOvV8s, YOLOv10n, YOLOv11n, and YOLOv11s.
The selection criterion was the basic compatibility of
model computational complexity with the resources of
the target platforms: the smallest nano configurations of
each generation were considered, along with two small-
class configurations to assess whether moving to larger
models on Raspberry Pi 4 is justified. Medium-class
configurations and above were excluded because their
computational complexity, exceeding 60 GFLOPs, leads
to frame-processing times of several seconds even on Pi
4, which makes such a comparison practically
meaningless. The 2025 architectures are included in the
summary table of characteristics as reference points, but
they are not used in the computational part for the reasons
given below. Two-stage detectors such as Mask R-CNN,
whose application to recognition tasks is discussed [21],
are excluded from the comparison because their
computational requirements are fundamentally higher
and incompatible with the resources of the target
platforms.

YOLOv5n (2021) is the smallest configuration of
the fifth generation and contains 1.9 million parameters
with a computational complexity of 4.5 GFLOPs. The

architecture uses a CSPDarknet backbone with C3
modules and an anchor-based detection scheme. The
model achieves 28.0% mAP50-95 on the COCO
validation set, which is the lowest among the compared
models, but its minimal computational complexity makes
its speed a benchmark for resource-constrained
platforms.

YOLOvV8n and YOLOvV8s (2023) belong to the
eighth generation, which introduced an anchor-free
detection scheme with a decoupled head and C2f
modules in the backbone. YOLOV8n has 3.2 million
parameters at 8.7 GFLOPs and achieves 37.3% mAP50-
95; YOLOvVS8s has 11.2 million parameters at 28.6
GFLOPs and 44.9%, respectively. The eighth generation
is treated as the baseline for explosive-object detection
because earlier work [2, 6] and the evaluation
methodology were built on YOLOvV8n, and the transfer
of this generation to applied domains is documented,
including in remote sensing tasks [22].

YOLOv10n (2024) uses a fundamentally different
training scheme with a dual label assignment mechanism:
during training, a one-to-many branch operates in parallel
to provide a strong gradient signal, while a one-to-one
branch produces a consistent output without duplicated
detections. As a result, the non-maximum suppression
stage is removed from inference [11]. For embedded
platforms, this matters in practice because NMS is
executed serially on the CPU, and on ARM architectures
without a vectorized implementation its cost can reach
tens of milliseconds per frame. YOLOv10n has 2.3
million parameters at 6.7 GFLOPs and achieves 38.5%
mAP50-95, outperforming YOLOv8n in both accuracy
and speed.

YOLOv1lln and YOLOv11s (2024) represent the
current generation, in which the C2f modules have been
replaced by more compact C3k2 blocks, a C2PSA spatial
attention module has been added, and the number of
parameters has been reduced while preserving accuracy.
With 2.6 million parameters (6.5 GFLOPSs), YOLOv11n
achieves 39.5% mAP50-95, the highest result among the
nano-class models; YOLOv1ls, with 9.4 million
parameters (21.5 GFLOPs), reaches 47.0%, which is the
maximum among all compared models. The consolidated
characteristics are presented in Table 2.

Table 2 — Characteristics of the compared models
(input 640x640, COCO val)

Model Year Prr?irlﬁ?r.\‘ GFIEOP‘ Sr)rgib\(l)?/is 0-
YOLOv5n | 2021 1,9 45 28,0
YOLOv8n| 2023 3,2 8,7 37,3
YOLOv8s | 2023 11,2 28,6 44,9
YOLOv10n| 2024 2,3 6,7 38,5
YOLOv1ln| 2024 2,6 6,5 39,5
YOLOv1ls| 2024 9,4 215 47,0
YOLOv12n| 2025 2,6 6,5 40,6
YOLOv26n| 2025 2,4 54 40,1
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Two newer architectures are included separately in
Table 2, but they are excluded from the computational
part of the study. YOLOv12n implements a spatial
attention mechanism in place of part of the convolutional
blocks and, according to formal metrics, outperforms
YOLOv11n by 1.1 percentage points in mAP50-95 at the
same computational complexity.

However, achieving the claimed speed requires
optimized attention implementations designed for
graphics accelerators; on general-purpose processors,
attention operations are less efficiently vectorized than
convolutions, so the actual inference time on ARM
platforms is higher than that of YOLOv1ln despite
identical GFLOPs. An additional factor is lower stability
during export: support for attention mechanisms in
inference stacks for embedded platforms is incomplete,
and conversion results vary across tool versions.
YOLO26n is built on an anchor-free scheme without
non-maximum suppression and, according to published
measurements, outperforms YOLOvlln in both
accuracy and speed. The limitation of this architecture
lies in the requirements for the software environment: the
model needs up-to-date versions of the training and
export toolchain, support for which in stable builds of
inference frameworks for ARM platforms was not
available at the time of the study, and the full training
cycle imposes higher computational demands than
architectures of earlier generations. In view of this, both
models are considered a direction for further research
after the tool support has stabilized.

The comparison across generations reveals a clear
trend: each successive nano-class generation delivers
higher accuracy at lower or comparable computational
complexity.

YOLOv1in outperforms YOLOv5n by 115
percentage points in mAP50-95 with only a 44% increase
in complexity, while YOLOv10n achieves accuracy
comparable to YOLOv11n with no NMS stage at all. At
the same time, moving from the nano class to the small
class within the same generation increases computational
complexity by 3.3 times, whereas the accuracy gain is
only 7.5-7.6 percentage points; the quantitative impact
of this asymmetry for resource-constrained platforms is
assessed below.

Comparison criteria and
integral efficiency indicator

Model comparison is performed using four partial
indicators: detection quality, effective speed, model size,
and the energy consumed to process a single frame.
These partial indicators are reduced to a single integral
criterion, which formalizes model selection under a given
requirement profile and eliminates the subjectivity of
comparing models by only one characteristic.

Detection quality is characterized by the mAP50-95
metric on the COCO validation set, according to the
official data provided by the developers [11, 19, 23].
Although the target domain of the task — images of
explosive objects captured from flight altitude — differs
from the COCO distribution, the relative ranking of
models by accuracy after fine-tuning on a specialized
dataset, as shown by the practice of transferring YOLO-

family models to applied domains [17, 21, 22], is
preserved, which makes this indicator suitable for
comparative analysis.

Speed is evaluated through a frame-processing time
model. Inference time is assumed to be proportional to
the model’s computational complexity and inversely
proportional to the platform’s effective performance:

tinf ~ C/ Pef 1)

where C —model’s computational complexity, GFLOPs;
Pt - performance  for

convolutional inference tasks, GFLOPS. The value of
P.ss is determined by calibration against the measured
inference time of a reference model: according to [19,
20], for YOLOv8n (C=8.7 GFLOPs) on Raspberry Pi 4
in NCNN format, the inference time is 414.7 ms, from
which Py ~21.0 GFLOPS. For models for which direct

measurements are unavailable, inference time is obtained
by extrapolation using equation (1), calibrated with the
reference YOLOv8n model for the nano class and
YOLOVSs for the small class.

The total frame processing time tg,;; consists of
preprocessing, inference, and postprocessing:

tiun =tpre +tinf + thms» (2)

platform’s  effective

where t,,.. — time spent on resizing the image resolution
and normalization; t,,, — hon-maximum suppression
time, which for models with a classical detection head on
ARM processors is estimated at 20 ms for Pi 4 and 30 ms
for Pi 3B+, while for YOLOv10n it is zero by

architectural design [11]. The effective system
throughput FPS s is defined as:
FPSerr =1/tgy- 3)

The energy characteristic is expressed as the energy
consumed to process a single frame:

Etr = Poad *trun (4)

where Bgyq - the

consumption under computational load, in watts. Based
on measurements [20], 6.0 W is assumed for Raspberry
Pi 4 and 3.6 W for Raspberry Pi 3B+. Equation (4)
reflects the dual effect of slow inference on a weaker
platform: despite lower absolute power consumption, the
energy per frame for Pi 3B+ may exceed that of Pi 4
because of the longer processing time, which, for a fixed
onboard battery capacity, directly reduces the number of
frames processed during a flight. The model size in
single-precision format is estimated by the number of
parameters:

platform’s average power

M :4°Npar1 ®)
where Npar — the number of model parameters; the

coefficient 4 corresponds to the size of a single-precision
number in bytes. For the Pi 3B+ platform with 1 GB of
RAM, this metric limits the set of feasible models once
the memory used by the operating system, the inference
stack, and intermediate network activations is taken into
account.
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Because the partial metrics have different units and
opposite optimization directions, they are normalized to
the range before aggregation. For metrics to be

maximized ~ (MAP,FPS ¢fr),  direct  min-max
normalization is used:
)Zi = (Xi_xmin)/(xmax_xmin): (6)

for metrics to be minimized (), inverse normalization is
used:

)Zi = (Xmax_xi)/(xmax_xmin)v )

where X; — the value of the indicator for the i-th model,

Xomin and X, are the minimum and maximum values of
the indicator among the compared models, respectively.

The integral efficiency criterion of the i-th model E;
is defined as a weighted sum of the normalized partial
indicators:

Ei = (W *mAR +w, FPS; +ws M +w, Ej),  (8)

where wy..w, — the weighting coefficients reflect task

priorities and satisfy the normalization condition that
their sum equals one.

The weights are justified on substantive grounds.
For the task of detecting explosive objects, missing an
object has the highest cost, so the weight of the detection-
quality indicator cannot be lower than the weights of the
resource-cost indicators. Three scenarios are considered.
The balanced scenario (w = 0.40; 0.30; 0.15; 0.15)
corresponds to general-purpose requirements without a
pronounced priority. The detection-completeness-
priority scenario (w = 0.55; 0.20; 0.125; 0.125) models a
careful survey of a limited area, where flight speed is
reduced and the cost of a miss is maximal.

The speed-priority scenario (w = 0.20; 0.55; 0.125;
0.125) corresponds to a first-pass survey of large areas,
where detections are subject to further verification and
the decisive factor is the survey rate.

Comparative analysis
based on benchmark data

The comparison is based on official performance
measurements on the Raspberry Pi 4 platform and model
characteristics from the developers’ documentation [18,
19]. Table 3 presents the measured inference time of the
YOLOv8n model on the Raspberry Pi 4 across the main
software execution formats.

Table 3 — YOLOv8n inference time on Raspberry Pi 4
by execution format (640x640, FP32)

Format Time, ms Relative to NCNN
NCNN 4147 1,00
OpenVINO 534,9 1,29
ONNX Runtime 560,0 1,35
TF SavedModel 816,5 1,97
TensorFlow Lite 950,3 2,29
PyTorch 1068,4 2,58

Data in Table 3 confirm NCNN as the primary
execution format: its advantage over ONNX Runtime is
35%, and over TensorFlow Lite it is 129%. This is due to
the optimization of NCNN’s computational kernels for
ARM NEON vector instructions and the more efficient
distribution of workload across four cores without the
overhead of general-purpose runtimes.

Table 4 summarizes the estimated total frame
processing time, effective throughput, and energy per
frame for six models on both platforms, obtained using
formulas (1) — (4) calibrated against the measured values
for YOLOv8n and YOLOV8s. For Raspberry Pi 3B+,
slowdown coefficient of 3.0 relative to Pi 4 was applied,
corresponding to the midpoint of the documented range
2.5-4.0 [18]; postprocessing time was increased in
proportion to processor performance.

Table 4 — Performance and energy per frame rating (NCNN, 640%x640)

Model t, ms (Pi4) | FPS (Pi4) E, J (Pi4) t, ms (3B+) FPS (3B+) E, J (3B+)
YOLOV5nN 235 4,26 1,41 674 1,48 2,43
YOLOV8n 435 2,30 2,61 1275 0,78 459
YOLOV10n 320 3,13 1,92 959 1,04 3,45
YOLOv11n 330 3,03 1,98 960 1,04 3,46
YOLOVSs 1062 0,94 6,37 3156 0,32 11,36
YOLOv11s 803 1,24 4,82 2380 0,42 8,57

Analysis of the data in Table 4 allows us to state the
following. On the Raspberry Pi 4, nano-class models
provide an effective speed of 2.3 - 4.3 frames per second;
the fastest is YOLOV5N, the most accurate among the class
is YOLOv1ln at a speed of 3.0 frames per second.
YOLOvV10n, due to the absence of the NMS stage, reaches
3.1 frames per second - the second fastest result with an
accuracy inferior to YOLOv11n by only one percentage
point. The small class models on the Pi 4 operate at the limit
of one frame per second, which is only suitable for frame-
by-frame analysis of still scenes. On the Raspberry Pi 3B+,
no model exceeds 1.5 frames per second, and small class

models require 2.4-3.2 s per frame; additionally, the
deployment of YOLOV8s and YOLOv11s on a platform
with 1 GB of memory is complicated by competition for
memory with the operating system and inference stack.
Energy estimates show that despite the lower power
consumption, the Pi 3B+ consumes 4.59 J of 4.59 J on
frame processing with the YOLOv8n model versus 2.61 J
of the Pi 4, i.e. 1.76 times more. With a fixed energy budget
of the onboard battery, this directly reduces the number of
frames that can be processed in a single flight and makes the
Pi 4 platform more energy efficient despite the higher
absolute consumption.
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The issue of external hardware inference
accelerators, which are potentially capable of bringing
performance closer to the target values, requires separate
consideration. For Raspberry Pi platforms, two main
solutions are available - Google Coral USB Accelerator
with 4 TOPS performance in integer format and Hailo-
8L modules with 13 TOPS performance. The use of both
solutions as part of the on-board system based on the
platforms in question was evaluated negatively for the
following reasons.

The Hailo-8L module requires a PCle interface,
which is physically absent on the Raspberry Pi 3B+ and
Pi 4, and is compatible only with the Raspberry Pi 5
platform through a specialized adapter, that is, it is not
suitable for the target platforms of the study. Coral USB
Accelerator is compatible with the USB interface, but is
limited to the execution of only fully quantized integer
models in TensorFlow Lite format with compilation for
Edge TPU; the conversion of modern YOLO models to
this format is accompanied by a degradation of accuracy
in operations that are not supported by the accelerator and
are rolled back to the CPU, and software support for the
product by the developer is actually terminated.

Additional factors are an increase in the power
consumption of the system by 2.0-2.5 W, complication
of the power circuit due to peak currents of more than
900 mA, additional payload mass and the appearance of
an additional failure point in the flight configuration.
Given the totality of the above limitations, further
analysis was performed for the platforms' own computing
resources.

Calculation example of the application of the
integral criterion

The application of criterion (8) is demonstrated for
the calculation scenario adopted in Section 1: flight
altitude 20 m, target video stream frequency 25 frames
per second, Raspberry Pi 4 main platform. Normalization
of partial indicators is performed according to formulas
(6) and (7) on a set of six models; the initial data are the
values of mMAP50-95 from Table. 2, effective speed and
energy per frame from Table. 4, size of models in ONNX
format according to the documentation [18]. Normalized
values of partial indicators and final values of the integral
criterion for three scenarios of weighting factors are
presented in Table. 5.

Table 5 — Normalized indicators and integral criterion according to three scenarios (Raspberry Pi 4)

Model mAP FPS M E (Balance) E (Completeness) | E (Speed)
YOLOv5n 0,000 1,000 1,000 1,000 0,600 0,450 0,800
YOLOv8n 0,489 0,409 0,869 0,758 0,563 0,554 0,526
YOLOv10n 0,553 0,659 0,963 0,897 0,698 0,668 0,705
YOLOv1in 0,605 0,629 0,926 0,885 0,702 0,685 0,693
YOLOvV8s 0,889 0,000 0,000 0,000 0,356 0,489 0,178
YOLOv11s 1,000 0,091 0,185 0,313 0,502 0,630 0,312

In a balanced scenario, the first two positions are
occupied by YOLOv11n with an integral score of 0.702
and YOLOv10n with a score of 0.698; the difference of
0.004 is within the margin of error of the initial data, so
the models are recognized as almost equivalent. In the
scenario of the priority of completeness of detection, the
leadership of YOLOv11n becomes more pronounced -
0.685 versus 0.668 for YOLOv10n - due to the highest
accuracy among the nano class; the third position is
occupied by YOLOv11s with a score of 0.630, for which
the maximum accuracy partially compensates for the low
performance. In the performance priority scenario, the
first place is occupied by YOLOv5n with a score of
0.800, the minimum computational complexity of which
outweighs the lowest accuracy; YOLOv10n with a score
of 0.705 is ahead of YOLOv11n due to the absence of a
non-maximal suppression stage. Small class models in all
three scenarios are located at the bottom of the ranking:
on the platforms in question, the increase in accuracy
does not compensate for the loss of performance and
energy efficiency.

The results obtained allow us to formulate practical
recommendations. For further experimental research, the
YOLOv11n model was chosen as the main one, which
ranks first in two of the three scenarios, in particular, in
the critical scenario for the problem of the priority of

completeness of detection. The YOLOv10n model is
identified as an equivalent alternative, the feasibility of
which increases with more stringent latency
requirements; comparison of both models on a
specialized dataset of images of explosive objects is the
subject of the next stage of research. The YOLOv5n
model retains a niche for the Raspberry Pi 3B+ platform,
where its speed of 1.5 frames per second is the most
achievable among the configurations considered.

A comparison of the achieved indicators with the
target frequency of 25 frames per second reveals a gap of
5.8 times for the fastest configuration (YOLOV5n on the
Pi 4) and 8.3 times for the recommended configuration
(YOLOv11n on the Pi 4). Bridging the gap is possible in
three ways, which are not mutually exclusive. Reducing
the input resolution from 640%x640 to 320x320 reduces
the computational complexity by about four times, which
is estimated (1) to increase the performance of the
YOLOv11n to 10-12 frames per second at the cost of
degrading detection of small objects. Thinning of the
frame flow with the processing of each k-th frame allows
you to match the detection rate with the flight speed: at a
speed of 5 m/s and a viewing bandwidth of more than 15
m, the processing of three frames per second provides
multiple overlap of the terrain without gaps. An
additional reserve is the quantization of the model to an
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integer format and other optimization methods that can
provide an increase in performance by 1.5-2 times; the
quantification of this reserve on target platforms is the
subject of a separate work.

Conclusions

The problem of a reasonable choice of the
architecture of the neural network detector of the YOLO
family for the built-in system for detecting explosive
objects on the computing platforms Raspberry Pi 3
Model B+ and Raspberry Pi 4 Model B is formulated.

A comparative analysis of six models of four
generations of the YOLO family was performed
according to official benchmarks with extrapolation to
the research platforms. It was found that on the Raspberry
Pi 4, nano-class models provide an effective speed of 2.3-
4.3 frames per second in NCNN format, while small class
models do not exceed 1.25 frames per second, and on the
Raspberry Pi 3B+, only nano-class configurations retain
practical suitability. The inexpediency of using external
hardware accelerators for target platforms s
substantiated: the Hailo-8L module is instructively
incompatible due to the lack of a PCle interface, and the
Coral USB Accelerator is limited by an outdated software
stack and creates additional energy and mass costs in the
flight configuration.

Based on the results of the calculation of the integral
criterion, the YOLOv11n model is recommended as the
main one for further experimental research, since it ranks
first in the balanced scenario and the completeness of
detection priority scenario, and the YOLOv10n model as
an almost equivalent alternative with the architectural
advantage of the absence of the non-maximal
suppression stage. The gap between the achievable speed
and the target frequency of 25 frames per second by 5.8-

8.3 times is stated and the ways to overcome it are
determined: reducing the resolution of the detector input,
thinning the frame flow taking into account the flight
speed and quantizing the model. Quantitative study of
methods for optimizing models on target platforms is the
direction of further work.
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Apxirektypu cimeiicta YOLO 1151 BusiBjIeHHsI BHOYXOHe0e3NeuyHUX 00’ €KTiB
Yy BOY/IOBaHUX CHCTeMaxX aBTOHOMHMX 0e3MiJIOTHHX 3ac00iB: MOPiBHVILHUI aHAaJIi3

O. B. Ckopnymin, A. O. [TogopoxHsk

AHoTanis. AkryanbHicTb. HeoOxinHicTs BHOOpPY edextuBHOI apxiTekTypr Y OLO 11st BUSIBICHHS BHOYXOHEOE3IIEUHIX
00’eKTiB y BOYIOBaHUX CHUCTEMax OE3MUIOTHUX JITAJTBHUX amapariB 3yMOBJIEHA OOMEXECHUMH OOYHCITIOBaJbHUMH PECYpCaMH,
BUMOTaMH JI0 poOOTH B pealbHOMY daci Ta eHeproeekTuBHOCTI. O0’€KTOM JOCTiIzkeHHsSI € BUSBICHHS BHOYXOHEOE3eUHNX
00’exTiB y BOyIOBaHMX AaBTOHOMHHUX OE3MIJIOTHMX CHUCTeMax i3 BHKOPHCTaHHAM apxiTekTyp cimeiictBa YOLO. Ilpenmerom
JDOCTiIKeHHsI € OPiBHsUIbHA eekTHBHICTh Mojeneil YOLO 3a TOUHICTIO BUSIBIICHHS, IPOIYCKHOIO 3/1aTHICTIO, PO3MIpOM MOJIEIT
Ta CHEProclOXMBaHHIM Ha BOYJIOBaHHX amapaTHUX Imardpopmax. Meroro mi€i cTaTTi € po3poOsieHHs Ta 3aCTOCYBaHHSI
IHTErpajJbHOr0 KPUTEPito e(heKTUBHOCTI, 3aCHOBAHOTO Ha HEHPOMEPEIKEBUX METOaX, A1 BUOOPY HAMMPUAATHINIO! apXiTeKTypu
YOLO nns BusiBneHHS BHOyXOHeOe3NMedHHX 00’€KTiB 1 3aBJaHb T'yMaHITApHOTO po3MiHyBaHHS. Pe3yabTaTh gociigkeHHs.
3anpornoHoBaHUH KpuTepiit Oyno 3acrocoBaHo 1o mecta Moxeneir YOLO (v5n, v8n, v8s, v10n, vlln, v11s), po3ropayTHx Ha
Raspberry Pi 3 Model B+ Ta Raspberry Pi 4 Model B 3 4 I'b oneparuBHOi mam’siti. [lopiBHSIIBHE OLIHIOBaHHS 32 TPHOMa
CIIEHapisSMHU ITOKA3aJI0 CYTTEBI BIIMIHHOCTI B SIKOCTI BUSBJICHHS, IIPOIYCKHIA 34aTHOCTI, PO3MIipi MOJENI Ta €HEPrOCIIOKUBAHHI.
OTpHuMaHe paHKyBaHHs MiATBEP/DKY€E MPAKTUYHY [IHHICTh METOAMKH Uil BUOOPY MoJeni y BOy/1oBaHUX cucTeMax. BHcHOBKH.
Meronuka 3abe3rnedye Npo3opy U BiITBOPIOBaHY OCHOBY [Uisi MOpiBHsHHS apxiTekTryp YOLO B pecypcHO OOMEKEHHX
cepenoBuniax. Po6ora B peaqbHOMY Yaci 3aJMIIAETHCS CKIAJHUM 3aBJAHHSIM Ha MaJONOTY)XHHX IUIaT(opMax, II0 3yMOBIIOE
HO/IaNIBIIY ONTUMI3AIlI0 PO3ropTaHHs Ta iHdepeHcy.

KawuoBi caoBa: YOLO; BusBieHHs BuUOyxoHeOe3nedHHMX o00’eKTiB; O€3MIOTHMI JiTanbHUN anmapat; BOymoBaHi
CHCTEMH; iHTerpaIbHUI KpUTepiil eeKTHBHOCTI; HEMPOHHA Mepexka; ryMaHiTapHe po3minyBaHHs; Raspberry Pi.
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