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META-ANALYSIS OF PARETO-OPTIMAL OBJECT DETECTION MODELS FOR UNMANNED
AERIAL VEHICLES ON THE VISDRONE2019-DET DATASET

The subject of this research is modern deep learning models for object detection from unmanned aerial vehicles (UAVs), trained
and evaluated on the benchmark VisDrone2019-DET dataset. The problem addressed was the lack of a systematic analysis of
existing models based on the criterion of optimal balance between detection accuracy, computational speed, and model size, all
of which are critical for real-time operation on UAV onboard computers with limited resources. The core result lies in a
comprehensive meta-analysis of over 60 scientific publications and the identification of two groups of Pareto-optimal models: one
focused on minimizing model parameters and the other on minimizing computational complexity. Through multi-criteria Pareto
analysis and the creation of the most complete performance summary table to date, the study identified architectures that offer the
best trade-offs between accuracy, speed, and size. These turned out to be optimized versions of YOLO and transformer-based
detectors like DETR, a result explained by the efficiency of their core architectures and further tuning for the specifics of aerial
imagery. Using the Hailo 8L accelerator as a case study, the research also demonstrated that a model’s computational complexity
is directly proportional (with a coefficient of determination up to 0.98) to its execution speed on the typical neural accelerator that
is used in a UAV companion computer. This allows engineers to estimate relative runtime based on the number of operations,
avoiding time-consuming benchmarking. Overall, the findings can be used by engineers to make informed choices about detector
architectures depending on specific UAV hardware constraints, and by researchers as reference points for developing new models
for autonomous UAYV operation in aerial monitoring, infrastructure inspection, and search-and-rescue missions.
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Introduction

Unmanned aerial vehicles (UAVs) are increasingly used in surveillance, infrastructure inspection, precision farming,
rescue operations, traffic monitoring, security operations, and reconnaissance (Cao et al., 2023; Du et al., 2024; Gutierrez
et al., 2025; Jiao, & Abdullah, 2024; Li et al., 2023; Zhu et al., 2019). The unique aerial view, mobility, low cost, and ease of
use of UAVs provide advantages over both ground-based systems and manned aviation (An et al., 2024; Cao et al., 2023;
Hua, & Chen, 2025; Li et al., 2023; Mirzaei et al., 2023; Wan et al., 2021).

Autonomous or semi-autonomous operation of UAVs is becoming critically important due to radio horizon limitations,
possible communication interference in difficult terrain or urban environments, delays in data transmission over long
distances, and the need for instant response to dynamic changes in the environment without operator intervention, especially
in the presence of electromagnetic interference or electronic countermeasures. In addition, full autonomy eliminates the
human factor and allows the operator's work to be automated (Elmokadem, & Savkin, 2021).

A key technology for solving the autonomy problem is object detection, which allows UAVs to identify and locate objects in
their environment, understand the scene, and provide operational information(Cao et al., 2023; Jiao, & Abdullah, 2024; Nikouei
et al., 2025). Modern detectors, such as those based on transformers, are often too resource-intensive, making them unsuitable
for use on board UAVs in real time, as they have significant limitations in terms of battery consumption, payload, computing
power, and memory capacity (Chen et al., 2021; Suo et al., 2024). At the same time, faster models, such as those based on
EfficientNet (Tan et al., 2020), are not accurate enough for stable detection of small objects in dense scenes. Despite significant
research in this area, there is no systematic comparative analysis of existing models based on key parameters, which complicates
the selection of the optimal solution for specific UAV hardware constraints. Researchers and engineers are faced with the
problem of navigating a vast "zoo" of models, each of which demonstrates improvements in certain metrics, but without a clear
understanding of the overall picture of trade-offs between accuracy, speed, and model size.

The practical value of this study lies in creating the most comprehensive comparison of object detection models for UAVs
to date, based on the VISDRONE2019-DET dataset (Du et al., 2019) and evaluated according to three key parameters:
average accuracy (mAP), number of model parameters (M), and computational complexity (GFLOPs). Using Pareto analysis
(Nia et al., 2022), the study allows us to objectively identify models that demonstrate the best balance between these
parameters. Although GFLOPs is not traditionally used as a direct measure of detection speed, the study shows that for
models with similar architectures, this indicator allows approximating the relative execution time, providing a theoretical basis
for the initial selection of models without the need for testing on specific hardware.

The relevance of the study lies in establishing a starting point for both researchers working on new architectures and
practitioners interested in directly implementing models on board UAVs. A systematic meta-analysis allows for quick
navigation among the multitude of existing solutions and select models that demonstrate the best balance in their "weight
class" for specific hardware constraints.
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1. Literature review and problem statement

Standardized datasets play an important role in the objective evaluation and comparison of object detection models in
aerial photography. One such comprehensive reference dataset for object detection from UAVs is VisDrone2019 (Du et al.,
2019), developed by the AISKYEYE team at Tianjin University. It consists of 10209 images containing a variety of scenes
under different weather and lighting conditions. The key challenges of this dataset are significant variations in viewpoints and
scales, a large number of small objects, scenes with high density and overlap, and a complex background (Wan et al., 2021).
The complexity of the VisDrone2019 dataset has stimulated the active adaptation and development of various object detection
paradigms. However, analysis of existing solutions reveals a number of unresolved issues related to the fundamental trade-
off between accuracy and computational efficiency on board UAVs. Detection models can be divided into three categories:
two-stage, single-stage, and transformer detectors.

Traditional two-stage detectors, such as Faster R-CNN (Ren et al., 2016) and Cascade R-CNN (Cai, & Vasconcelos,
2018), although demonstrating high accuracy on standard datasets, remain computationally expensive and slow. This
significantly complicates their use on UAV edge devices for real-time computing (Song et al., 2024).

Single-stage detectors, in particular the YOLO family (Redmon et al., 2016), SSD (W. Liu et al., 2016), and RetinaNet (Lin
etal., 2020), offer significantly better speed, making them a popular choice for real-time systems (Vaddi et al., 2021). However,
the standard configurations of these models do not always effectively handle the specifics of aerial images. Anchor-free
approaches such as CornerNet (Law, & Deng, 2020), CenterNet (Duan et al., 2019), FCOS (Keles et al., 2022), and YOLOX
(Camarlinghi et al., 2024) partially solve the problem of detecting objects with variable aspect ratios, but as noted in (Du et
al., 2019; Xiao et al., 2024), they can have difficulty localizing very small objects, which is a critical drawback for VisDrone.
Thus, the question of reliable detection of small targets using fast single-stage models remains open.

A new paradigm of transformer detectors (DETR) (Kong et al., 2024; Liu et al., 2025; Zhang et al., 2025; Zhao et al., 2024)
offers an end-to-end approach with a global attention mechanism that also eliminates the need for additional Non-Maximum
Suppression (NMS) post-processing. Despite this, early DETR models had significant drawbacks: high computational cost
and low performance in detecting small objects (Rekavandi et al., 2023). Although recent models such as RT-DETR (Zhao et
al., 2024) and specialized versions UAV-DETR (Zhang et al., 2025) and VRF-DETR (Kong et al., 2024) have become more
competitive, they do not solve the problem completely. For the most part, achieving high accuracy still requires significant
computational resources, and their lighter versions are inferior in accuracy to specialized convolutional architectures. Thus,
the question of creating a transformer architecture that simultaneously retains its advantages and achieves parity with the
best CNN models in terms of accuracy/efficiency ratio on small objects remains unresolved. To overcome these challenges,
researchers have proposed a number of strategies, but each has its limitations.

For example, multiscale feature fusion techniques - Bidirectional and Recursive Feature Pyramid Networks (Xiao et al.,
2024), Hierarchical Extended Path Aggregation Networks (Chen, & Zhang, 2025), self-attention mechanism and specialized
"heads" (Chen, & Zhang, 2025) improve the detection of small objects, but often at the cost of increasing the number of
parameters and computational complexity, which contradicts the requirements for peripheral devices.

The use of lightweight architectures such as YOLO-tiny/n/s (Redmon et al., 2016), EfficientDet (Tan et al., 2020),
EdgeYOLO (Liu et al., 2023), RT-DETR-R18 (Zhao et al., 2024), VRF-DETR (Wenbin, 2025) leads to a reduction in
computational complexity. The same applies to the use of efficient convolution operations: depthwise separable (X. Tang et
al., 2024), partial (Wang et al., 2025) and gated (Wenbin, 2025) convolutions, and spatial-channel separable downsampling
(He, & Wang, 2023; Peng et al., 2018) decrease computation complexity and parameter count. However, simplifying the
architecture often leads to the loss of important features necessary for identifying the smallest and most complex objects,
which in turn affects the accuracy of the model.

To improve detection accuracy and training stability for small objects, it is recommended to use specialized loss functions
such as Normalized Wasserstein Distance (Xu et al., 2022), Shape-loU (Zhang, H., & Zhang, S., 2024), or Wise-loU (Tong
et al., 2023). They are less sensitive to localization errors of small objects, as these functions do not "penalize" minor shifts
of a few pixels, which are critical for standard loU metrics. The danger of this approach lies in the potential increase in
computational complexity during training and the risk of model over-specialization. If the loss function is too focused on small
objects, it can potentially impair the model's ability to generalize to medium and large objects.

Several approaches are used to address detection on high-resolution images. One of them is to slice images (Akyon,
Altinug, & Temizel, 2022) into smaller, often overlapping blocks, allowing standard models to find small objects. Another
approach is super-resolution (Xiao et al., 2024), which attempts to artificially increase the quality of areas with small objects
before detection. However, the disadvantage of these methods is a significant increase in processing time, as the detector is
run multiple times, and a loss of global context, which can lead to errors at block boundaries or misclassification. QueryDet
(Yang, Huang, & Wang, 2022) is an alternative that avoids dense computations on high-resolution feature maps. Although
more efficient, this approach complicates the architecture, and its success strongly depends on the quality of the initial, coarse
detection stage, where errors cannot be corrected later.

Analysis shows that achieving state-of-the-art results on VisDrone is an evolutionary process of adapting existing models
(YOLO, DETR) by integrating specific modules. However, most publications focus on demonstrating the accuracy gains from
their proposed modifications, often without conducting an in-depth analysis of the trade-off with computational costs in the
context of real UAV hardware platforms. Although there is dynamic competition between CNN and transformer approaches
in the industry, there is no single methodology that would allow objective identification of models that offer the optimal balance
for different hardware budgets. Researchers and practitioners face the problem of choosing among dozens of models without
a clear understanding of their practical suitability.

Thus, an important unresolved problem is the lack of a systematic analysis and identification of models that form the
Pareto front in the multidimensional "accuracy-speed-size" space for the task of object detection in aerial images. Existing
studies offer local improvements but do not provide a global picture that would allow engineers to make informed choices
about the architecture that best suits the hardware constraints of a particular UAV and mission requirements.
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Problem statement: It is necessary to identify which of the existing object detection models not only achieve high
accuracy on complex aerial images, but are also computationally efficient enough for real-time use on resource-constrained
UAVs. This requires a careful analysis of the "accuracy-speed-model size" trade-off and a search for optimal solutions on the
Pareto front.

2. Research objectives

The aim of the study is to conduct a critical comparative meta-analysis of modern deep learning models for object detection
tested on the VisDrone2019-DET dataset to identify architectures that form the Pareto frontier in the "accuracy-speed-size"
space. This will enable us to formulate informed recommendations for engineers and researchers on the selection of optimal
solutions for practical applications on UAV onboard computers, taking into account their hardware limitations. To achieve this
goal, the following tasks were set:

1. Collect and compare data on accuracy (mAP), number of parameters (M), and computational complexity (FLOPs) for
a wide range of models tested on VisDrone2019-DET.

2. ldentify models that demonstrate the best balance between accuracy and computational cost (Pareto front) for different
levels of resource requirements.

3. Show how GFLOPs correlate with execution speed in ms for different types of models using the example of Hailo 8L NPU

3. Materials and research methods

This section begins with a definition of the key elements of the research.

Research object: modern deep learning models for object detection, optimized for aerial monitoring tasks using unmanned
aerial vehicles (UAVs) and tested on the VisDrone2019-DET benchmark dataset.

The main research hypothesis: among the variety of existing architectures, it is possible to identify a distinct set of Pareto-
optimal models that offer the best compromise between accuracy, speed, and size. It is assumed that this frontier is
predominantly formed by specialized rather than standard detectors, thanks to their targeted adaptation to the challenges of
aerial imagery.

Assumptions made in this work: model performance data collected from various scientific publications are comparable
because they were obtained on the standardized VisDrone2019-DET benchmark. It is assumed that this dataset adequately
represents real-world aerial monitoring scenarios.

Simplifications made in this work: the multifactorial task of optimizing a model for UAVs (accuracy, execution speed,
energy consumption, size) is simplified to the analysis of three key metrics: average accuracy (mAP), number of parameters,
and computational complexity (FLOPs). It is important to note that although FLOPs is a common metric for computational
complexity, the actual speed of the model, measured in frames per second (FPS) or milliseconds of execution (inference
time), depends on many other factors (Fernandez et al., 2023). These include the specifics of the hardware platform (e.g.,
GPU, NPU), software optimization, memory bandwidth, and other implementation aspects. FLOPs is a theoretical, indirect
metric, while the actual speed depends on the cost of memory access and platform characteristics (Jayanth, Gupta, &
Prasanna, 2024; Ma et al., 2018). To investigate the relationship between theoretical complexity (GFLOPs) and practical
runtime on representative edge hardware, we analyzed the correlation using performance data from the Hailo-8L NPU (Hailo-
8l Model Zoo, 2025). The Hailo-8L is a specialized Al accelerator designed for edge devices, representative of hardware used
in modern UAV companion computers.

The performance data (latency in milliseconds) was sourced directly from the official Hailo Model Zoo benchmarks. These
benchmarks are conducted on the Hailo-8L M.2 PCle module using the HailoRT (Hailo Runtime) environment. The analysis
includes approximately 40 object detection models from the YOLO and DETR families, providing a statistically robust dataset
for this investigation.

Crucially, the models benchmarked on the Hailo-8L utilize Post-Training Quantization (PTQ) to convert the model weights
and activations from 32-bit floating-point (FP32) to 8-bit integer (INT8) format. This quantization is necessary for efficient
execution on the NPU. While the meta-analysis (Tab. 1) reports accuracy in FP32 precision-as this is the standard metric
reported in the original research papers and allows for fair architectural comparison-it is important to acknowledge that INT8
quantization typically results in a minor accuracy degradation (usually 1-2 % mAP) in practical deployment. The Pareto
analysis in this study is based on FP32 accuracy and theoretical GFLOPs to identify the most efficient architectures. The
Hailo-8L analysis (Fig. 3) then serves to validate whether this theoretical efficiency (GFLOPSs) translates to practical execution
speed (latency) on quantized models running on target hardware.

The research methodology was based on a comparative meta-analysis of the collected data. The following key metrics
were selected to evaluate the "speed-accuracy" trade-off:

e Mean Average Precision (mAP): The mAP@0.50 indicator was mainly used (detection is considered correct if the
intersection over union (IOU) between the predicted and reference frames exceeds 0.50). Notably, mMAP@0.50 is preferable
to the more stringent mAP@0.5:0.95 (which averages precision across loU thresholds from 0.50 to 0.95 in increments of
0.05) when evaluating small objects, as loU-based assessments tend to underperform for diminutive targets due to their
sensitivity to minor pixel-level discrepancies.

o Number of parameters (Parameters, M): This metric is measured in millions (M) and indicates the size of the model, its
complexity, and, accordingly, the memory requirements for storing and running the model.

e Number of floating point operations (FLOPs, G): Measured in billions and quantifies the computational cost of a single
forward pass of the model (inference). This metric is often used to estimate theoretical computational efficiency.

Performance data (mAP, Parameters, FLOPs) were primarily extracted from the original research papers. In cases where
the number of parameters or FLOPs was not explicitly reported (marked with ™" in Tab. 1), they were estimated using a
standardized methodology. The estimation relied on architectural similarity and theoretical calculation/profiling. If the model
is a direct modification of a known baseline (e.g., YOLOv5s with an added module), the baseline's values were used as a
starting point, and the cost of the added modules was estimated based on their description. We also reconstructed the model
architecture based on the description provided in the paper, utilizing the official source code if available. The theoretical
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FLOPs and parameter counts were then calculated using standard PyTorch profiling tools, such as torchinfo or the thop
(PyTorch-OpCounter) library. For example, the estimations for the EDNet series (Nos. 5, 7, 9, 11, 30, 47, 48) were performed
by profiling the architecture based on the details provided in (Song et al., 2024). All calculations assumed the input image
resolution specified in the respective paper; if the resolution was not specified, a standard benchmark resolution (e.g.,
640 x 640) was used for the estimation.

Pareto front analysis was used to visualize and analyze the trade-off between these metrics. The model A is considered
Pareto-optimal in the set of models S if there is no other model B € S that is simultaneously inferior to A in all criteria and
superior to it in at least one criterion. That is, A is Pareto optimal if 2B € S : [Vi, fi(B) = fi(A)] A [3j,f(B) > f;(A)], where
f; are criterion functions (MAP, number of parameters, GFLOPs) that need to be maximized or minimized depending on the
task. The models that form the Pareto front represent a set of optimal solutions for which it is impossible to improve one
indicator (e.g., mAP) without worsening another (e.g., increasing the number of parameters or FLOPS).

4. Research results

We start by benchmarking the surveyed models on VisDrone2019 across three axes — mAP@Q0.5, parameter count, and
GFLOPs-and we summarize the results in Table 1. The literature analysis revealed a number of architectures that were
specifically designed or adapted with a focus on real-time performance and computational efficiency for deployment on UAVs.
To quantitatively assess the accuracy-efficiency trade-off, the performance data of various models on the VisDrone2019
dataset was analyzed. Table 1 provides summary data for representative models, including those at the Pareto frontier and
well-known baseline models.

Table 1

Comparison of the performance of selected object detection models on VisDrone2019-DET.

Ne Object detection model Family mA(I:/(o@),.SO Pa(n;;;ns Flzg;) s Pa;:tt:g%prit;?al
1 Drone-DETR (Kong et al., 2024) DETR 53.9 28.7 128.3 M, FLOPs
2 VRF-DETR (Wenbin, 2025) DETR 51.4 13.5 44.3 M, FLOPs
3 UAV-DETR-R50 (Zhang et al., 2025) DETR 51.1 42.0 170 -

4 RT-DETR-R50 (Wenbin, 2025; Zhao et al., 2024) DETR 50.7 41.8 133.2 -
5 EDNet-X (Song et al., 2024) YOLOv10 50.2 48.7 270.4* -
6 DBYOLOVS8s (Tan et al., 2025) YOLOv8s 49.3 11 119.8 M
7 EDNet-L (Song et al., 2024) YOLOv10I 49.0 31.7 179.2* -
8 Modified YOLOvV8I (Wang et al., 2025) YOLOvSI 48.3 31.2 490.9 -
9 EDNet-B (Song et al., 2024) YOLOv10 48.3 25.5 141.1* -
10 RT-DETR-R18 (Wenbin, 2025; Zhao et al., 2024) DETR 47.2 20.2 57.0 -
11 EDNet-M (Song et al., 2024) YOLOv10 471 19.1 88.4* -
12 SL-YOLO (Chen, & Zhang, 2025) YOLOv8s 46.9 9.6 36.7* M, FLOPs
13 YOLOv9e (Song et al., 2024; Wang et al., 2025) YOLOv9 46.5 57.4 189.0 -
14 LSOD-YOLOv8s (Li, & Wu, 2024) YOLOv8n 45.2 2.7 23.5 -
15 MSGD-YOLO (Xiao et al., 2024) YOLOv8n 45.2 2.6 215 M, FLOPs
16 YOLOv10x (Song et al., 2024; Hussain, 2024) YOLOv10 44.8 31.6 160.4 -
17 YOLOV5x (Song et al., 2024; Hussain, 2024) YOLOvV5 44.7 97.2 205.7 -
18 YOLOv8x (Song et al., 2024; Hussain, 2024) YOLOv8 44.7 68.1 257.8 -
19 YOLOv5s VIOU+PFFN+ADhead (Lu et al., 2023) YOLOvV5 44.6 19.26 112.6* -
20 HIC-YOLOVS5 (Tang et al., 2024; Wenbin, 2025) YOLOv5S 44.3 10.5 31.2 -
21 YOLOV10I (Song et al., 2024; Hussain, 2024) YOLOv10 44.3 25.7 120.3 -
22 YOLOVSI (Song et al., 2024; Hussain, 2024) YOLOv8 43.6 43.6 165.2 -
23 YOLOv10-B (Hussain, 2024) YOLOv10 43.4 20.4 92 -
24 YOLOvV5s VIOU+PFFEN (Lu et al., 2023) YOLOv5 43.2 7.4 39.6* -
25 YOLOvV9m (Song et al., 2024; Wang et al., 2025) YOLOV9 43.1 20.0 76.3 -
26 YOLOV9-C (Wang et al., 2025) YOLOv9 431 253 102.1 -
27 YOLOv12-M (Wenbin, 2025) YOLOv12 431 20.2 67.5 -
28 CPAM-YOLO (Wu, Zhu, & Cao, 2024) YOLOVSI 43.0 27.5 106.4 -
29 YOLOVS5I (Song et al., 2024; Hussain, 2024) YOLOv5 42.9 53.1 109.1 -
30 EDNet-S (Song et al., 2024) YOLOv10 42.5 9.3 37.1* -
31 Modified YOLOvVSs (Li et al., 2023) YOLOv8 42.2 9.6 22 -
32 YOLOvV8m (Song et al., 2024; Hussain, 2024) YOLOv8 41.9 25.9 78.9 -
33 DM-YOLOX (Li et al., 2024) YOLOX 41.9 9.6 27.9 -
34 LV-YOLOv5 (Wang et al., 2022; Wang et al., 2025) YOLOV5 41.7 36.6 38.8 -
35 YOLOv10m (Song et al., 2024; Hussain, 2024) YOLOv10 41.5 16.5 59.1 -
36 PDWT-YOLO (Zhang et al., 2023) YOLOv7-tiny | 41.2 6.4 24.2 -
37 YOLOvV5m (Song et al., 2024; Hussain, 2024) YOLOv5 411 21.2* 49 -
38 UN-YOLOV5s (Guo et al., 2023) YOLOvV5S 40.5 9.1* 374 -
39 LAI-YOLOvS5s (Deng et al., 2023) YOLOv5 404 6.3 29.0 -
40 YOLOV9s (Song et al.,, 2024; Wang et al., 2025) YOLOvV9 39.0 7.2 26.4 -
41 YOLOV8s (Jiao, & Abdullah, 2024) YOLOv8 38.9 11.1 28.5 -
42 YOLOv5s (Wang et al., 2025) YOLOvS 38.5 9.1 23.8 -
43 YOLOV10s (Song et al., 2024; Hussain, 2024) YOLOv10 38.5 8.0 21.6 -
44 C3TB-YOLOV5 (Wu et al., 2024) YOLOv5 38.3 8.0 19.7 FLOPs
45 MPE-YOLO (Su et al., 2024) YOLOv8 37.0 4.4 11.9* FLOPs
46 YOLOv7-tiny (Wang et al., 2025) YOLOv7 33.9 6.0 13.3 -
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47 EDNet-N (Song et al., 2024) YOLOv10 33.8 2.9 15.2* -

48 EDNet-Tiny (Song et al., 2024) YOLOv10 33.3 1.8 14.2* M

49 YOLOvV8n (Wang et al., 2025) YOLOv8 33.2 3.0 8.1 FLOPs
50 Faster R-CNN (ResNet50-FPN) (Kong et al., 2024) R-CNN 33.2 41.2 2071 -

51 DCE-YOLOvS8n (An et al,, 2024) YOLOv8 32.7 4.82* 13* -

52 YOLOv10n (Song et al., 2024; Hussain, 2024) YOLOv10 32.3 2.7 6.7 FLOPs
53 YOLOv5n (Wang et al., 2025) YOLOv5 32.2 2.5 71 -

54 YOLOv6s (Wang et al., 2025) YOLOv6 29.1 16.3 44.2 -

55 CenterNet-ResNet-50 (Lu et al., 2023) CenterNet 29.0 32 120* -

56 RetinaNet-ResNet-50-FPN (Kong et al., 2024) RetinaNet 27.3 19.8 93.7 -

57 SSD-ResNet-50 (Kong et al., 2024) SSD 23.9 24.5 87.9 -

58 YOLOv3-tiny (Wang et al., 2025) YOLOv3 23.6 121 18.9 -

59 EfficientDet-D1 (Lu et al., 2023) EfficientDet 21.2 6.6* 6.1* FLOPs

Values marked with "*" were not directly reported in the original works, but were approximated by the authors using the
methodology detailed in Section 3. In the "Pareto optimal" column, "M" denotes Pareto optimal models by the number of
parameters, and FLOPs by the number of operations.

Building on these benchmarks, we apply Pareto analysis to reveal the best accuracy-efficiency trade-offs. The scatter
plots (Fig. 1: parameters vs. mMAP@Q0.5; Fig. 2: GFLOPs vs. mMAP@Q0.5) make the Pareto front clear along the upper-left edge.
The application of Pareto analysis in this task allows not only to systematize existing architectures, but also to objectively
evaluate their effectiveness in a multidimensional space of criteria. The models that form the Pareto front are benchmarks in
terms of the balance between accuracy, speed, and size, and they should be considered a priority for practical implementation.
This approach eliminates subjective model selection based on a single criterion and promotes transparency and
reproducibility of research in the field. This approach ensures that all models on the Pareto frontier are the best possible
compromises for the given constraints and requirements. The results of the meta-analysis are presented in summary tables
and graphs, which are a summary visualization demonstrating the best models for practical application on UAVs, where each
of these models represents the optimal trade-off between accuracy and efficiency for different hardware constraints.

It is noteworthy that models such as MSGD-YOLO, SL-YOLO, VRF-DETR, and Drone-DETR appear on both sides of the
Pareto front, indicating their exceptional balance in terms of both size and computational complexity relative to the achieved
accuracy.

To connect these trade-offs with real device behavior, we relate GFLOPs to latency on a representative UAV companion
computer — the Hailo-8L NPU, using YOLO/DETR models as a case study (Fig. 3). FLOPs are a useful indicator for comparing
architectures, especially within a single model family or on a single hardware platform, but they are not an absolute measure
of real-world performance, and testing on target hardware remains necessary. In Fig. 3, a bubble chart is shown demonstrating
models for object detection of the YOLO and DETR families on Hailo 8l for another dataset popular in object detection —
COCO (Hailo-8I Model Zoo, 2025). The horizontal axis shows the computational cost in gigaflops per image (GFLOPs, logi,
scale), and the vertical axis shows the processing delay of a single image in milliseconds (log,, scale). The area of the bubble
is proportional to the number of trained parameters (Params M), which forms the third dimension and reflects the memory
requirement. The purple subset, which corresponds to YOLOv11 n/s/m/l/x, is also a Pareto optimal model according to
(Hailo-8 Model Zoo, 2025).
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Fig. 1. Number of parameters (M) vsmAP@0.5. Pareto models are shown in red.
The size of the bubble is proportional to GFLOPs, the number corresponds to the column "No." in Tab. 1
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The size of the bubble is proportional to the number of parameters, the number corresponds to the column "Ne" in Tab. 1
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Fig. 3. Dependence of model speed on GFLOPs using the example of Hailo 8L NPU

Log-log orthogonal regression (purple dashed line) summarizes the global trend of the dependence of "GFLOPs on
execution time". The analysis is based on approximately 40 data points spanning various YOLO and DETR architectures.
The coefficient of determination R? =~ 0.85 globally, R? = 0.92 for the YOLO family, and an exceptionally high R? = 0.98 for the
YOLOv11 subfamily. This strong correlation indicates a clear power-law relationship between inference time and GFLOPs on
the target hardware, suggesting the data is statistically robust for this specific accelerator.

This high correlation confirms that GFLOPs can serve as a powerful proxy for runtime on the Hailo-8L, likely due to the
high degree of optimization achieved by the Hailo Dataflow Compiler, which minimizes software overheads. However, it is
crucial to discuss the limitations of this correlation. While GFLOPs measure the number of arithmetic operations, actual latency
is also significantly influenced by Memory Access Cost (MAC), data movement, operator parallelism, and the efficiency of
specific kernel implementations on the NPU (Ma et al., 2018).

The slightly lower global correlation (R?~0.85) compared to intra-family correlation (up to 0.98) highlights architectural
differences. For instance, DETR models might exhibit different latency characteristics compared to GFLOPs-equivalent YOLO
models due to the differing computational nature and memory access patterns of attention mechanisms versus convolutions.
Therefore, while GFLOPs provide a robust heuristic for pre-selecting models, the correlation might weaken when comparing
architectures with vastly different operational profiles or when applied to different hardware platforms.

Discussion and conclusions

The results showed that among modern detectors for VisDrone2019, there is a wide range of trade-offs between accuracy
and computational complexity. Table 1 shows how the average accuracy of mMAP@0.50 varies from 33% for the simplest
models to 54% for the best ones, while the number of parameters ranges from 2 million to 97 million and the complexity
ranges from 12 to 490 GFLOPs. Thus, higher accuracy is usually achieved by models with higher resource costs, but
numerous exceptions indicate significant progress in architectures. For example, the specialized transformer model Drone-
DETR achieved the highest mAP = 53.9 % at 128 GFLOPSs, while a typical two-stage detector achieved only 48 % at nearly
491 GFLOPs. Similarly, the improved single-stage SL-YOLO model achieved 46.9 % mAP at 36.7 GFLOPs, exceeding the
accuracy of the standard large YOLOvSx (44.7 % mAP) with approximately 6 times fewer computations. Thus, through
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targeted optimization for UAV applications, some models provide significantly better accuracy per unit of computation than
classical detectors. This is particularly important for UAV onboard computers, where computational resources are limited.

To formalize the "accuracy-efficiency" balance, Pareto fronts were constructed based on parameters (Fig. 1) and GFLOPs
(Fig. 2).

Pareto analysis objectively identified a limited set of the best solutions. In particular, the Pareto frontier mainly consists of
improved versions of YOLO and DETR, specially adapted for small objects. These include MSGD-YOLO, SL-YOLO, VRF-
DETR, and Drone-DETR, which are present in both diagrams (by parameters and FLOPs). This indicates their exceptional
balance between model size and computational complexity while maintaining high accuracy. Other models on these fronts,
such as DB-YOLOv8s, EfficientDet-D1, MPE-YOLO, and C3TB-YOLOV5, provide optimal compromises in their complexity
ranges. Importantly, none of the traditional approaches, except for YOLOv8n and YOLOv10n, made it into the Pareto frontier,
and none did so on both criteria simultaneously. They either lose in accuracy at equal cost or require more resources to
achieve similar accuracy compared to the selected Pareto models. For example, the baseline YOLOv8x achieved 44.7 %
mAP at 257.8 GFLOPs, while the much lighter MSGD-YOLO achieved 45.2 % at only 21.5 GFLOPs.

The dominance of YOLO and DETR variants on the Pareto front is consistent with general trends in object detection, but
their success in the UAV domain (specifically VisDrone) warrants architectural discussion. The efficiency of YOLO architectures
stems primarily from their single-stage design, which avoids the computational overhead of region proposal networks found in
two-stage detectors. Furthermore, modern YOLO variants utilize efficient backbones and optimized neck/head structures that
effectively balance feature fusion across scales — critical for detecting the small, densely packed objects common in aerial
imagery. In contrast, DETR-based models leverage the global context provided by self-attention mechanisms. This allows them
to better model relationships between objects and the complex backgrounds typical of VisDrone, potentially reducing false
positives. While early DETR models struggled with small objects and high computational costs, specialized variants like Drone-
DETR and VRF-DETR incorporate mechanisms (e.g., enhanced high-resolution features or specialized queries) that specifically
address these limitations, making them competitive and often superior in this specific domain.

Thus, the problem of selecting the optimal model for a hardware-constrained UAV is actually solved by determining this
Pareto set. The identified models achieve mMAP@0.50 ~50 % with parameter sizes < 15 M and costs < 60 GFLOPs, which is
consistent with the typical capabilities of onboard systems. This means that UAVs with different resources should use different
models to achieve the best performance.

Results show how well the theoretical computational complexity of a model (GFLOPs) describes its actual performance
on the target accelerator. Research using the Hailo 8L NPU confirmed a strong correlation between GFLOPs and inference
time: models that perform fewer operations tend to run faster. In Fig. 3 for a set of YOLO and DETR family models, there is a
near-exponential dependence between GFLOPs and execution speed, with a coefficient of determination R?=0.85 globally
(for all models) and up to 0.92-0.98 within a single architecture. In other words, in practice, reducing GFLOPs results in an
almost proportional reduction in processing time, especially when comparing related models. This is an important result
because it confirms the validity of using GFLOPs as a proxy for model speed in the early stages of selection. However, it
should be noted that the correlation is not absolute: for example, DETR models may have slightly higher latency than
GFLOPs-equivalent YOLO models due to differences in architecture, memory access, and optimization. Therefore, GFLOPs
should only be interpreted as a rough guide, and final performance verification should be performed on the target hardware.
Despite this caveat, the results obtained demonstrate that for models from the same family (e.g., different versions of YOLO),
GFLOPs are almost directly proportional to inference time. Thus, computer vision system engineers for UAVs can confidently
use GFLOPs as a preliminary selection metric for models capable of meeting real-time requirements, narrowing down the
pool of candidates before detailed testing on hardware.

Data on the performance of over 60 object detection models on the VisDrone2019-DET dataset has been collected and
systematized, creating the most comprehensive consolidated database for this task to date. The analysis revealed a wide
range of characteristics: from lightweight models with 1.8M parameters (EDNet-Tiny) to heavy ones with 97.2M (YOLOv5x),
with an mAP@0.50 accuracy ranging from 21.2 % to 53.9 %. This systematization allows you to quickly navigate the "zoo" of
models and make objective comparisons.

Two groups of Pareto-optimal models have been identified, forming the front of the best compromises. Based on the
parameter minimization criterion, the optimal models are EDNet-Tiny, MSGD-YOLO, SL-YOLO, DBYOLOv8s, VRF-DETR,
and Drone-DETR, which achieve mAP@0.50 ranging from 33.3 % to 53.9 % with 1.8-28.7M parameters. Based on the
criterion of minimizing GFLOPs, the optimal models are EfficientDet-D1, YOLOv10n, YOLOv8n, MPE-YOLO, C3TB-YOLOVS5,
MSGD-YOLO, SL-YOLO, VRF-DETR, and Drone-DETR with a range of 6.1-128.3 GFLOPs. It is noteworthy that four models
(MSGD-YOLO, SL-YOLO, VRF-DETR, Drone-DETR) are present on both fronts, which indicates their exceptional balance.

The high correlation between the theoretical GFLOPs metric and the practical execution speed has been experimentally
confirmed using the Hailo 8L NPU as an example. The coefficient of determination R?>~0.85 for all models and R?~0.92-0.98
for models of the same family indicates an almost exponential dependence, which validates the use of GFLOPs as the primary
model selection criterion. This simplifies the process of selecting an architecture for specific UAV hardware constraints without
the need for full-scale testing on the target platform.

Data availability: For a more detailed and interactive study of the data, allowing dynamic filtering and comparison of models, a web page
has been created, available at: https://smolinyaroslav.github.io/visdrone_literature_review
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METAAHATI3 NAPETO-ONTUMAJIbHUX MOLENEW BUABNEHHA OB'EKTIB
AOnA se3NINOTHUX NITANIbHUX AMAPATIB HA HABOPI JAHUX VISDRONE2019-DET

Mpedmemom nponoHoeaHo20 A0CiOXKeHHS € cy4acHi Modeni 2n1u60ko20 Hag4yaHHs1 Ons eusienieHHs1 06'ekmie i3 6e3nimomHux nimanbHuUx ana-
pamie (BI1J1A), Has4eHi U oyiHeHi Ha emanoHHoMy Habopi daHux VisDrone2019-DET. Tpo6nema, siky po3ansiHymo e po6omi, nonsizana y eiocymHo-
cmi cucmemamuyHO20 aHasnily HasieHux Modesieli Ha OCHO8i Kpumepilo onmumasibHo20 6anaHcy MiX MOYHICMIO 8usie/IeHHS, wWeudKicmio
o64ucrieHHs1 ma po3mipom Modesti, W0 € KpUMUYHO 8axyiueumu 01151 po6omu e pexumi peasibHO20 Yacy Ha 6opmoeux komn'tomepax BI1J/IA 3 o6me-
JXeHumu pecypcamu. OcHO8HuULU pe3ynbmam nossi2ac y ecebiyHoMy memaaHanisi noHad 60 Haykosux ny6nikayil i eusHayeHHi dsox epyn Mapemo-
onmumasnbHuUx modesiel: oOHa 3ocepedxeHa Ha MiHiMi3ayii napamempie modeni, a iHwa — Ha MiHiMi3ayii o64ucnroeanbHoi cknadHocmi. 3a donomo-
2010 6acamokpumepianbHo2o aHaniy lMapemo ma cmeopeHHs1 HalinoeHiwoi Hamenep mabnuyi nidcyMmkoeux nokasHukie egpekmueHocmi, y xo0i
docnidxeHHs1 6ys10 sU3Ha4YeHO apximekmypu, wjo 3abe3neyyroms Halikpauwyuii KOMpomic MiXx moyHicmro, weudkicmro ma po3mipom. Humu eusieu-
nucsi onmumizoeaHi eepcii YOLO ma demekmopie Ha ocHogi mpaHcghopmepie, makux sik DETR, wjo nosicHroemuscsi eghekmueHicmio ixHboi OCHO8HOT
apximekmypu ma do0amkKoeuM HanawmyeaHHsIM nid ocobiueocmi aepoghomo3HiMkie. Bukopucmosyroyu npuckoproeay Hailo 8L sik npuknad, doc-
nidXeHHs1 MaKoX npodeMoHcmpyearso, wo obyucnroeanbHa cknadHicmb modeni npsiMo nponopuyiliHa (3 koegiyienmom demepmiHauii do 0,98) ii
weudkocmi 8UKOHaHHSI Ha MUMNO8OMy HelipOHHOMY NMpPUCKoproeadyi, KUl UKopucmosyembcsl 8 komn 'tomepax-cynymuukax BIJIA. Lle dae 3moz2y
iHXeHepaMm ouyiHleamu eiOHOCHUUI Yac 8UKOHaHHSI Ha OCHO8I KinbkKocmi onepauyill, yHukaro4u mpydomMicmko2ao mecmyeaHHsl. 3a2anioM ompumaHi
pe3ynbmamu MOXymb 6ymu eukopucmati iHxeHepamu Onsi yxeasieHHs1 06r'pyHmoeaHux piweHb wyodo apxil ypu o opie 3anexHo eid
KOHKpemHux obMexeHb anapamHoz2o 3abe3neyeHHsi BI1/1A, a docnidHukamu — sik opieHmupu 0Onsi po3pobrieHHs1 Hoaux Moderneli A5151 a8MOHOMHOT
ekcnnyamauii BI1J1A e nogimpsiHoMy MOHIMopUHay, iHcnekyii iHghpacmpykmypu ma nowykoeo-psimysasnbHuUX ornepauyisix.

Knw4yoBi cnoBa: 6e3ninomni nimansHi anapamu, VisDrone2019, demekuyisi 06'ekmis, Modesii 2n1u6oko20 Hag4aHHsI, aHasi3 lMapemo.
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