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Abstract

Detecting small objects in drone imagery remains challenging because of extreme object scale
variations, dense scenes, and limited pixel information. Although recent YOLOVS variants provide
multiple model scales and architectural options, systematic guidance on their practical use in UAV-
based detection remains limited. Accordingly, this study conducted a comprehensive empirical
evaluation of the complete YOLOVS family on the VisDrone dataset to assess the effects of the model
capacity, input resolution, and architectural modifications on the small-object detection performance.
The results showed that increasing the model capacity exhibited diminishing returns: YOLOvSI
achieved the best overall accuracy (15.9% mAP50), while the larger YOLOv8x model exhibited a
substantial performance degradation (7.32% mAP50) owing to training instability under data-
constrained conditions. Scaling the input resolution from 640 to 1280 yielded a 25% improvement in
the detection performance, substantially exceeding the gains obtained through architectural
modifications, such as adding a P2 detection layer (+6%). The optimal configuration (YOLOvS] @
1280) achieved a 488% improvement compared to the YOLOVS baseline. These findings demonstrate
that, for UAV-based small-object detection, prioritizing an appropriate model capacity and input
resolution is more effective than increasing the architectural complexity.

Keywords: object detection; YOLO; VisDrone dataset

1. Introduction

Unmanned Aerial Vehicles (UAVs) or drones, have revolutionized many application domains,
including traffic monitoring, surveillance, emergency response, and smart city management. While
the aerial perspective offers unique advantages for large-area coverage and real-time monitoring, the
elevated viewpoint introduces significant challenges for object detection. In particular, objects
captured in drone imagery typically appear extremely small, often occupying fewer than 20x20 pixels,
even in high-resolution images [1]. This makes accurate object detection substantially more difficult
than in conventional ground-based computer vision scenarios.

Small-object detection in drone imagery presents several distinct challenges. First, object scale
variation is extreme; for instance, objects within the same scene can range from pedestrians occupying
10-15 pixels to vehicles spanning 40-60 pixels. Second, objects are often densely distributed,
particularly in urban traffic scenarios, where occlusion and overlap are prevalent. Third, the limited
pixel information available for tiny objects makes feature extraction inherently difficult, as
conventional convolutional operations may fail to capture sufficient discriminative features.
Collectively, these factors lead to a significantly lower detection performance compared to that
achieved on standard object detection benchmarks [2].

The You Only Look Once (YOLO) series has emerged as a dominant paradigm for real-time
object detection due to its favorable balance between accuracy and computational efficiency [3-5].
Recent iterations of the model, particularly YOLOVS [5], have further enhanced small-object detection
through architectural refinements such as feature pyramid networks [6], attention mechanisms [7],
and multi-scale strategies. Notably, YOLO-HV [8] achieved 38.1% mAP50 on the VisDrone dataset
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by integrating Transformer-based backbones [9] and content-aware upsampling modules [10].
However, deploying such sophisticated architectures on resource-constrained UAV hardware
remains a challenge, necessitating a careful trade-off between computational overhead and detection
accuracy.

Furthermore, despite these advances in YOLO-based architectures for real-time object detection,
several fundamental questions remain unaddressed in the context of drone-based detection. In
particular, it is still unclear what model capacity is optimal for limited-data drone datasets. Although
larger models generally perform better, the relationship between the model size and the detection
accuracy in data-constrained scenarios is not well understood. Similarly, input scaling is a simple and
widely applicable strategy; however, its effectiveness relative to architectural modifications has not
been systematically quantified. Finally, it remains uncertain whether architectural enhancements,
such as additional detection layers, consistently improve the detection performance or whether they
exhibit diminishing returns when computational cost and training stability are considered.
Addressing these questions is crucial for practitioners seeking to balance accuracy, computational
cost, and implementation complexity when deploying UAV-based object-detection systems in real-
world settings.

Accordingly, this paper presents a comprehensive empirical evaluation that systematically
analyzes four primary variants of the YOLOvVS8 family on the challenging VisDrone dataset [1]. The
YOLOVS8 family contains multiple capacity variants, specifically scaling from small (YOLOv8s) and
medium (YOLOv8m) to large (YOLOVSI) and extra-large (YOLOv8x). Through extensive
experiments, the study derives actionable insights and practical guidelines for model selection in
drone-based object detection. The research methodology is illustrated in Figure 1. The main
contributions of the work are summarized as follows:

e  Comprehensive Model Capacity Analysis: A systematic evaluation of all YOLOvVS8 variants
(11M to 68M parameters) is conducted specifically for drone imagery. The results reveal that the
largest model (YOLOvV8x) dramatically underperforms due to training instability under limited
data conditions, while YOLOVSI achieves the best overall performance, reaching 15.9% mAP50.

e Input Resolution versus Architectural Modifications: The study quantitatively demonstrates
that input resolution scaling (640—1280) yields a 25% improvement in the detection
performance, significantly outperforming architectural enhancements such as P2 detection layer
addition (+6%).

¢ Diminishing Returns and Failure Modes: The performance trajectory across model scales is
analyzed, revealing clear diminishing returns in model scaling (s—m: +59%, m—1: +31%, 1—x: -
54%). A detailed analysis of the failure mechanisms shows why oversized models fail in data-
constrained scenarios, which is a critical yet underreported phenomenon.

e  Practical Deployment Guidelines: Based on the experimental findings, concrete
recommendations are derived for various application scenarios. The optimal configuration
achieves a 488% improvement over the YOLOv5 baseline and establishes strong and
reproducible baselines for future research on the VisDrone benchmark.

The remainder of this paper is organized as follows. Section 2 reviews related work on the YOLO
series evolution and small object detection methods. Section 3 presents our experimental setup,
systematic evaluation across model capacities, input resolutions, and architectural modifications,
along with comprehensive performance analysis. Section 4 discusses the performance gap with state-
of-the-art methods, per-class performance patterns, and theoretical insights underlying our findings.
Finally, Section 5 concludes the paper, acknowledges limitations, and outlines future research
directions.
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Figure 1. Flowchart of research methodology.

2. Related Work

2.1. YOLO Series and Model Selection

The YOLO family has evolved from the original YOLO single-stage paradigm [3] through
multiple iterations. YOLOv5 [4] gained widespread adoption owing to its strong engineering
excellence, introducing the CSPDarknet backbone, PANet neck, and compound scaling strategy with
multiple model sizes (n/s/m/l/x). However, its anchor-based design and limited P3/8 feature
resolution (80x80 for a 640 input resolution) constrain its effectiveness for small-object detection. In
our preliminary evaluations, this yielded only 3.76% mAP50 on the VisDrone dataset (see Section 3.6).

YOLOVS [5] introduced three key architectural improvements that are particularly relevant for
small objects: (1) anchor-free detection, which reduces sensitivity to hyperparameter tuning; (2) C2f
modules, which provide twice the number of gradient paths compared to YOLOv5 C3 for richer
feature learning; and (3) decoupled detection heads that separate the classification and localization
tasks. When combined with the Distribution Focal Loss [11] for finer-grained localization, these
improvements yield a 63% improvement over YOLOv5s on VisDrone (6.12% vs. 3.76% mAP50), as
detailed in Section 3.6.

Furthermore, YOLOv8 provides five model scales with parameter counts ranging from 3.2M
(nano) to 68.1M (xlarge), following compound scaling of the depth and width multipliers. However,
despite this flexibility, the optimal model selection for limited drone datasets remains insufficiently
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understood. In particular, prior studies typically evaluate only a narrow subset of YOLOVS
configurations, obscuring the overall performance trajectory across model scales and limiting insight
into scaling behavior, diminishing returns, and potential failure modes.

2.2. Prior Work on Object Detection

2.2.1. General Object Detection

Object detection aims to localize and classify objects within images and is a fundamental task in
computer vision, with applications ranging from autonomous driving to video surveillance and
medical imaging. Early deep learning-based approaches mainly adopted two-stage paradigms,
exemplified by R-CNN [12], Fast R-CNN [13], and Faster R-CNN [14]. These methods begin by
generating region proposals and then classifying each proposal while refining their spatial locations,
achieving high accuracy at the expense of computational efficiency.

The emergence of one-stage detectors revolutionized the field by bypassing the explicit region
proposal stage, directly predicting bounding boxes and class probabilities over a dense grid in a
single network pass. YOLO [3] pioneered this approach, followed by SSD [15] and RetinaNet [11].
The introduction of Focal Loss in RetinaNet effectively addressed the severe foreground-background
class imbalance inherent in one-stage detection, demonstrating that one-stage methods could match
or even surpass the accuracy of two-stage detectors. Subsequent detectors, such as EfficientDet [16]
and ATSS [17], further advanced the detection performance through compound scaling and adaptive
training sample selection strategies.

Although recent advancements in these methods have achieved impressive results impressive
results on standard benchmarks such as COCO [2] (> 50% mean average precision (mAP)), they
exhibit a pronounced performance drop in small-object detection tasks, particularly in aerial imagery,
where the objects typically occupy fewer than 20x20 pixels [1]. Such challenges have motivated the
development of specialized techniques for small-object detection, as described in the following
section.

2.2.2. Small-Object Detection

Small-object detection presents unique challenges that are fundamentally different from those
encountered in general-object detection. According to the COCO benchmark [2], small objects are
defined as those with an area of less than 32x32 pixels. However, in drone imagery, this threshold is
often reduced to 10-20 pixels [1]. The challenges contributing to the difficulty in detecting these
objects can be broadly classified into three categories.

1. Limited Pixel Information: Small objects contain minimal visual information, and their critical
features are often lost during convolutional downsampling. For example, standard CNN
architectures with five pooling layers reduce a 640x640 input image to a 20x20 feature
representation. At this resolution, a typical 16-pixel object occupies less than one feature map
cell, making reliable detection extremely difficult [6].

2. Scale Imbalance: Small objects constitute a minority of instances in most common datasets (e.g.,
41% of COCO objects are small), leading to a training imbalance in which detectors become
biased toward medium- and large-sized objects [18].

3. Context Ambiguity: As small objects occupy only a few pixels, they often lack sufficient context
for disambiguation. For instance, in urban images, a 10x10-pixel blob can represent a pedestrian,
bicycle, or even background noise.

To address these issues, multi-scale feature representation has become the dominant design
strategy. Feature Pyramid Networks (FPN) [6] introduced the concept of building semantically strong
representations across multiple scales using top-down pathways and lateral connections. Subsequent
extensions, including PANet [19], BiFPN [16], and NAS-FPN [20], further enhanced the multi-scale
feature fusion paradigm, improving the small-object detection performance by approximately 10—
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15% mAP on the COCO dataset. However, these methods exhibit diminishing returns when the
object size falls below approximately 16 pixels [6]. This suggests a remaining gap in understanding
whether architectural enhancements alone are sufficient for extremely small objects, or whether
alternative strategies, such as input resolution scaling or shifts in optimization behavior, may play a
more decisive role.

Attention mechanisms enhance the representation of small object regions by explicitly
emphasizing feature importance. For example, CBAM (Convolutional Block Attention Module) [7]
applies channel and spatial attention sequentially, while ECA-Net [19] utilizes efficient channel
attention with one-dimensional convolutions to avoid dimensionality reduction. Beyond local
attention, non-local networks [20] and self-attention mechanisms [21] capture the long-range
dependencies required for robust object detection. Recent studies on deformable convolutions [22]
and deformable attention [23] allow the adaptive sampling of relevant spatial locations. This is
particularly effective for detecting small objects with irregular shapes and crucially mitigates the
unacceptable computational complexity typically encountered when processing high-resolution
feature maps.

Advanced Upsampling Strategies: Standard bilinear upsampling in FPN-style architectures can
blur the feature representations, particularly for small objects. To address this issue, CARAFE
(Content-Aware ReAssembly of FEatures) [10] generates content-aware reassembly kernels that
preserve the fine details during upsampling. Similarly, DySample [24] adopts an ultra-lightweight
dynamic point-sampling strategy that bypasses heavy dynamic convolutions. While these advanced
upsampling methods improve the small-object detection performance, yielding consistent AP
improvements on standard benchmarks [10], they often increase implementation complexity and
computational overhead. This raises the question of whether such sophisticated upsampling
refinements are strictly necessary for extremely small objects, or if simpler strategies, such as
increasing the input resolution, might offer comparable gains with far lower architectural complexity.

Data Augmentation for Small Objects: Several specialized augmentation strategies have been
developed to mitigate the scarcity of small object instances in training datasets. For example, Copy-
Paste augmentation [25] copies small object instances and pastes them into new contexts, thereby
increasing both the instance diversity and the context variability. Meanwhile, Mosaic augmentation
[26] combines multiple images into a single training sample, exposing the model to a wider range of
object scales and spatial arrangements. In addition, multi-scale training [15] randomly varies the
input resolution during training to enhance scale robustness; however, this inherently increases the
training time and computational bottleneck.

Connection to Present Work: Although these sophisticated techniques achieve state-of-the-art
(SOTA) results, they typically require substantial engineering efforts , complex architectural
modifications, and the introduction of numerous hyperparameters. Accordingly, the present study
conducts a systematic evaluation of standard YOLOVS architectures across multiple model capacities
(s/m/1/x) and input resolutions. The resulting analysis clarifies whether such architectural complexity
is truly necessary, or whether straightforward adjustments to model capacity and input resolution
are sufficient for practical drone-based object detection.

2.2.3. Drone-Based Object Detection
Drone-based object detection introduces challenges that extend beyond general small-object
detection, owing to the distinct characteristics of aerial imaging.

2.2.3.1. Challenges in Aerial Imagery

Drone altitude variations cause significant object scale changes during flight. For instance,
Objects can range from 8-pixel pedestrians (100 m altitude) to 80-pixel vehicles (20 m altitude) within
the same mission [27]. This 10x scale variation far exceeds that observed in typical ground-view
scenarios and poses a substantial challenge to fixed-scale detection architectures.
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In addition, urban traffic scenes often exhibit extreme object densities, with as many as 100
vehicles in a single 1280x720 frame [1]. Such dense packing, particularly when captured from oblique
angles, frequently leads to severe occlusion (60-80% overlap in traffic jams) and highly ambiguous
boundaries. Under these conditions, standard Non-Maximum Suppression (NMS) models struggle
to reliably separate adjacent objects.

Furthermore, the inherent nadir (top-down) and oblique viewpoints introduce appearance
patterns that are rarely observed in ground-view datasets. Vehicles often appear as simple rectangles,
pedestrians as near-circular dots, and object aspect ratios differ significantly (e.g., buses have a 1:3 vs.
1:6 ratio from an aerial view) [28]. This severe domain gap implies that models pretrained on datasets
such as ImageNet or COCO may not transfer effectively without additional fine-tuning.

Finally, drone movement, camera shake, and wind-induced instability introduce motion blur,
which particularly affects small and fast-moving objects such as bicycles and motorcycles [27].
Altitude-dependent atmospheric haze further reduces the image contrast for distant objects. Together,
these environmental and viewpoint factors compound the pixel scarcity problem inherent in drone-
based small-object detection.

2.2.3.2. Aerial Detection Benchmarks

The VisDrone dataset [1] is regarded as one of the most challenging benchmarks for drone-based
object detection. Collected across 14 cities in China, its image detection subset comprises 6,471
training images and 548 validation images covering ten object categories, including pedestrians,
bicycles, cars, trucks, and various types of tricycles. The dataset contains over 540,000 annotated
instances and exhibits a pronounced class imbalance; for example, cars account for nearly 40% of all
annotations, whereas bicycles constitute only about 3%. In addition, the objects are notably small,
with an average size (e.g., ~22 pixels) that is substantially lower than the ~40-pixel average observed
in COCO [2]. Moreover, the scenes are exceptionally dense, averaging over 40 objects per image and
reaching as many as 379 in the most crowded frames.

Consequently, while SOTA models easily exceed 50% mAP (AP@[0.5:0.95]) on COCO, they
typically achieve only 35-40% mAP on VisDrone [8]. Furthermore, for extremely small and
underrepresented categories such as bicycles and awning-tricycles, detection performance frequently
falls below 15% even for advanced models.

Other drone-related benchmarks highlight different task characteristics. For instance, UAVDT
[30] focuses primarily on vehicle tracking, offering more than 80,000 frames with strong temporal
consistency, while DOTA [31] targets oriented object detection involving extreme scale variations and
objects captured at arbitrary orientations. In contrast, VisDrone emphasizes extremely small objects
embedded within densely cluttered urban scenes, making it the most suitable benchmark for
evaluating the performance of drone-based small-object detection.

2.2.3.3. Existing Methods for Aerial Detection

Early approaches for drone-based detection adopted FPN [6] to address the challenges
associated with aerial imagery. For instance, Cascade R-CNN with FPN [29] achieved approximately
16.1% mAP (31.9% mAP50) on the VisDrone benchmark by progressively refining bounding boxes
across multiple stages. Similarly, RetinaNet [11] with a ResNet-101 backbone reached 11.8% mAP
(21.4% mAP50), demonstrating the effectiveness of focal loss in mitigating the extreme foreground-
background imbalance in densely populated aerial scenes.

Recent advancements have integrated self-attention mechanisms to better handle the complex
context of aerial views. TPH-YOLOvV5 [30] introduced Transformer Prediction Heads, replacing
conventional detection heads with self-attention mechanisms for better contextual reasoning. This
approach achieved an impressive 54.8% mAP50 (33.6% mAP) as a single model on the VisDrone
benchmark, representing a significant advance but at the expense of substantial modifications to the
baseline architecture. Another notable work, YOLO-HV [8] achieved a highly competitive 38.1%
mAP50 by integrating several advanced innovations. Specifically, it adopts a NextViT backbone that

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0990.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 March 2026 d0i:10.20944/preprints202603.0990.v1

7 of 22

combines convolutional inductive bias with transformer-based global modeling, employs CARAFE
upsampling to preserve fine-grained features, and utilizes the DyHead module to adapt dynamically
to varying object characteristics. While ablation studies validate the incremental benefits of these
specific components, their combination inevitably requires the implementation of multiple custom
modules. This significantly increases development complexity and computational overhead,
hindering a straightforward and principled architecture design.

Furthermore, several studies have explored the use of multi-scale inference [31] and attention-
guided cropping [32] to artificially increase the effective resolution during testing. However, these
approaches incur substantial computational overheads—often resulting in slowdowns of up to 3-
5x—and require the careful fusion of multi-scale predictions. In contrast, simple and uniform
resolution scaling remains relatively underexplored, particularly in the context of modern
computationally efficient architectures such as YOLOVS.

2.2.3.4. Research Gaps

Despite substantial progress in drone-based object detection, several key limitations remain
unaddressed.

e  Model Capacity vs. Dataset Size: It remains unclear which model scale is optimal for relatively
small drone datasets (e.g., ~7K training images in VisDrone), and whether oversized models
might actually degrade rather than improve performance due to overfitting under such data-
constrained conditions.

e Simple vs. Complex Solutions: The relative benefits of straightforward strategies (e.g., input
resolution scaling and model scaling) versus sophisticated architectural modifications (e.g.,
CARAFE, Transformer-based modules) have not been systematically compared.

e  Practical Deployment Trade-offs: Real-world drone systems must carefully balance accuracy,
inference speed, memory usage, and implementation complexity. However, practical guidelines
for achieving this optimal balance are currently limited.

e Lack of Systematic Evaluation: Most prior studies examine only one or two YOLO
configurations, leaving a notable absence of comprehensive analysis across full model families
(e.g., YOLOVS8 n/s/m/1/x) or multiple input resolutions.

This study addresses these gaps through a systematic evaluation of the entire YOLOVS family
on the VisDrone dataset. The results reveal both expected performance trends and surprising failure
modes (e.g., the degradation of the oversized YOLOv8x model), which directly inform practical
deployment decisions. Notably, by quantitatively contrasting the massive gains achieved through
simple strategies (e.g., a 25% mAP increase via input resolution scaling) against the marginal benefits
of architectural modifications (e.g., only a 6% mAP increase from adding P2 layers), this study
provides evidence-based guidance for optimal resource allocation in the development of drone
detection systems.

3. Experimental Results and Analysis

3.1. Experimental Setup

The evaluations were performed using the VisDrone 2019 dataset, which comprises 6,471
training images and 548 validation images distributed across 10 object categories (pedestrian, people,
bicycle, car, van, truck, tricycle, awning-tricycle, bus, and motor). The dataset presents extreme
challenges for detection, including an average object size of only 22 pixels and dense scenes
containing up to 379 objects per image (mean: 41). All the models were trained using Ultralytics
YOLOVS (v8.3.228) with PyTorch 2.7.0 on an NVIDIA RTX 5090 GPU (32GB). Training was conducted
using a steepest gradient descent (SGD) optimizer (momentum = 0.937, weight decay = 0.0005), a
cosine learning-rate schedule (0.01 — 0.0001), and 300 epochs with early stopping. Mosaic
augmentation and HSV jittering were applied by default. The batch size was adjusted according to
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the model scale and input resolution: YOLOv8s/m@640 (batch size = 16), YOLOv81@640 (batch size =
8), YOLOv8I@1280 (batch size = 4), and YOLOv8x@1280 (batch size = 1). All the models were
initialized using COCO-pretrained weights.

The experiments systematically varied the model capacity (s/m/l/x: 11-68M parameters), input
resolution (640 vs. 1280), and architecture (standard vs. +P2 layer), while keeping all the other
hyperparameters fixed to ensure a fair comparison. The detection performance of the various models
was evaluated using mAP50 as the primary metric, mAP50-95 to assess the localization precision,
recall to measure the detection rate, and precision to quantify the false positive rate. The per-class
metrics were also computed to examine the category-specific performance.

3.2. Model Capacity Effect

3.2.1. Comparison Between YOLOv8 s/m/l Models

Table 1 illustrates the performance scaling effect across the YOLOvV8 variants. YOLOv8m
achieved 9.71% mAP50, representing a 59% improvement over YOLOvVSs (6.12%), while YOLOvSI
reached 12.7%, corresponding to a 31% gain over YOLOv8m. These results reveal a diminishing
return with increasing model capacity. In particular, doubling the number of parameters from 11M
to 26M yields substantially larger gains than increasing the number of parameters from 26M to 44M.
Thus, YOLOVSI was selected as the best-performing model among the considered YOLOVS variants.

The per-class analysis presented in the lower panel of Table 1 shows that capacity scaling
benefited all the classes, but with varying magnitudes. For instance, the detection performance for
larger objects (cars and trucks) improved by 75-117%, while that for smaller objects (bicycles and
pedestrians) showed gains of 58-173% but remained below 8% absolute mAP. The recall increased
from 8.5% to 16.5% across the model variants, indicating that larger models localized more objects
successfully, whereas the precision increased from 16.2% to 25.3%, reflecting an improved
classification accuracy.

Table 1. Model Capacity Comparison.

Model Input mAP50 mAP50-95 P R Training Time
YOLOv8s 640 6.12% 3.01% 16.2% 8.5% 1.6h
YOLOv8m 640 9.71% 5.14% 21.1% 13.0% 2.6h
YOLOvS8I 640 12.7% 6.89% 25.3% 16.5% 4.2h
Model Input car bus van truck  motor  pedestrian  bicycle
YOLOv8s 640 23.6% 4.15%  893%  838% 4.11% 2.61% 1.37%
YOLOv8m 640 33.5% 6.83% 161% 121%  8.72% 4.93% 1.88%
YOLOVSI 640 414% 911%  198%  182%  12.8% 7.13% 2.17%

3.3. Input Resolution Effect

3.3.1. Comparison Between 640 and 1280 Input Resolutions

Increasing the input resolution from 640 to 1280 significantly improved the detection
performance (Table 2). YOLOVS8I achieved 15.9% mAP50 at a resolution of 1280, corresponding to a
25% improvement over the 12.7% mAP50 achieved at a resolution of 640. In addition, the mAP50-95
improved by 33% (6.89% — 9.13%), indicating an enhanced localization precision. Small objects
benefited disproportionately from a higher input resolution. For instance, bicycle detection improved
by 81% (2.17% — 3.93%), as doubling the resolution increased the object size from 8-12 pixels to 16—
24 pixels, thereby crossing the detectability threshold at which sufficient visual information became
available. In contrast, large objects, such as cars, showed only a minimal change (-4%) or only
marginal improvements, as they already contained adequate visual information at a resolution of 640.
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Both the recall (+21%, 16.5% — 19.9%) and the precision (+19%, 25.3% — 30.2%) improved with
an increasing resolution, demonstrating that a higher resolution enhanced the fundamental signal
quality rather than merely trading off the detection sensitivity against accuracy. However, this 25%
performance gain was accompanied by a roughly fourfold increase in the computational cost (~30 to
~8 FPS), suggesting that a 1280-pixel resolution is better suited for offline analysis, whereas a 640-
pixel input is more appropriate for real-time applications.

Table 2. Input Resolution Comparison.

Model Input  mAP50 mAP50-95 P R Training Time
YOLOVSI 640 12.7% 6.89% 25.3% 16.5% 4.2h
YOLOVSI 1280 15.9% 9.13% 30.2% 19.9% 14.6h

Model Input car bus van truck motor pedestrian bicycle

YOLOvSI 640 41.4% 9.11%  19.8%  18.2% 12.8% 7.13% 2.17%
YOLOvSI 1280 39.8% 13.7%  259%  22.5% 16.4% 9.26% 3.93%

3.4. Failure Mechanism of Oversized Models

YOLOvV8x (68M parameters) failed catastrophically on the VisDrone dataset, achieving only
7.32% mAP50 at 1280 resolution—a 54% relative drop compared to YOLOvVSI at the same resolution
(15.9%, Table 3), despite having 56% more parameters (43.6M vs 68.1M). Additionally, training
terminated prematurely at epoch 89 because of an unstable loss behavior, in sharp contrast to the
smooth convergence of YOLOvVSI (14.6 h). The failure of YOLOv8x was mainly the result of memory
constraints, which forced the batch size to be reduced to one at a resolution of 1280. Batch
Normalization, which is designed for multi-sample statistics, becomes unreliable under single-
sample batches [33], leading to noisy gradient estimates and non-stable optimization [34,35]. In
contrast, YOLOVSI operated with a batch size of four, providing sufficient statistics for a stable
BatchNorm operation and enabling consistent convergence.

The detection performance collapsed across all object categories, with large objects showing
severe degradation (car: 39.8% — 16.9%, -58% relative; Table 3, column 'car') and small objects
remaining near-zero (bicycle: 2.17% — 2.26%, essentially unchanged at detection threshold; Table 3,
column 'bicycle'). This widespread failure across both large and small object categories indicates
systematic training collapse rather than class-specific issues. Crucially, the failure mechanism arises
from the entire hardware—data—training pipeline, rather than from the model design alone. In particular,
memory limitations restrict the batch size, which in turn destabilizes BatchNorm, ultimately
preventing the model from realizing its theoretical capacity.

Table 3. Model Capacity Comparison.

Model Input  mAP50 mAP50-95 P R Training Time
YOLOVSI 1280 15.9% 9.13% 30.2% 19.9% 14.6h
YOLOv8x 1280 7.32% 4.02% 13.4% 11.6%

Model Input car van truck motor  pedestrian  bicycle
YOLOvSI 1280 39.8% 25.9% 22.5% 16.4% 9.26% 3.93%
YOLOv8x 1280 16.9% 9.68% 8.47% 9.92% 4.7% 2.26%

Overall, an increased model size does not guarantee an improved small-object detection
performance. Therefore, practitioners should consider the complete training ecosystem, including the
data size, hardware capability, and batch size constraints, when selecting the model capacity.
Alternative normalization strategies, such as GroupNorm and LayerNorm, also warrant
investigation to enable the training of large models with small batch sizes.
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3.5. Architectural Modification Effect

3.5.1. Addition of P2 Detection Layer

As shown in Table 4, adding a P2 detection layer to the model architecture to promote finer-scale
feature extraction yielded only modest gains: 13.5% mAP50 versus 12.7% baseline (+6% relative),
which was a substantially smaller improvement than the +25% achieved through input-resolution
scaling (see Table 2). Thus, input scaling appears to be a more promising optimization strategy. The
per-class analysis shows that the impact of P2 layer addition was not only limited but also strongly
size-dependent. Small objects exhibited only marginal performance gains (for example, pedestrian
detection: 7.13% — 7.69%; relative improvement = (7.69-7.13)/7.13 x 100% = 7.9%), whereas extremely
small categories, such as bicycles, experienced no improvement (2.17% unchanged). Larger objects
remained stable or declined slightly (cars: —3%). This behavior reflects the fact that the 160x160 feature
map of the P2 layer for a 640-pixel input provides insufficient spatial detail for objects with a size of
less than approximately 15 pixels, which continue to occupy only 2-3 cells in the feature map.

A cost-benefit analysis further confirmed the inefficiency of P2 layer addition. Adding P2
increases computational cost from 165 GFLOPs (YOLOvS8I baseline, measured via Ultralytics profiler)
to 198 GFLOPs (+P2), a 20% increase (calculated as (198-165)/165x100%), yet yields only 6% mAP50
improvement (12.7% — 13.5%, Table 4). In contrast, input resolution scaling (640 — 1280) increases
computational cost from approximately 165 GFLOPs to ~660 GFLOPs (estimated as 4x for
quadrupled pixel count, confirmed via profiler), representing a 300% increase, but achieves a 25%
performance gain (12.7% — 15.9% mAP50, Table 4). While absolute cost is higher, resolution scaling
provides superior cost-normalized benefit: 0.083 mAP gain per 100 GFLOPs versus 0.182 mAP gain
per 100 GFLOPs for P2.

Furthermore, resolution scaling requires no architectural changes or hyperparameter
adjustments, whereas adding a P2 layer introduces structural modifications and additional tuning

overheads.
Table 4. Addition of P2 Detection Layer.
Model Input  mAP50 mAP50-95 P R Training Time
YOLOVSI 640 12.7% 6.89% 25.3% 16.5% 4.2h
YOLOvSI+P2 640 13.5% 7.54% 26.6% 16.8% 5.1h
Model Input car van truck motor  pedestrian  bicycle
YOLOvSI 640 41.4% 19.8% 18.2% 12.8% 7.13% 2.17%
YOLOvSI+P2 640 40.2% 21.3% 17.5% 14.8% 7.69% 2.17%

Overall, the results presented in Tables 2 to 4 suggest that practitioners seeking to improve the
object detection performance on drone-based images should prioritize input resolution and model
capacity before pursuing architectural changes. The experimental evidence establishes a clear
hierarchy: Resolution > Capacity > Architecture, which challenges the prevailing movement toward
increasingly complex designs and the underutilization of simpler, higher-impact strategies.

3.6. Comprehensive Comparison

3.6.1. Comparison of Model Variants with YOLOVS5 Baseline

As shown in Table 5, the best-performing configuration (YOLOVSI @ 1280) achieved a 15.9%
mAP50, representing a 323% improvement over the YOLOv5s baseline (3.76%). Even at the same
input resolution (640x640), YOLOv8s demonstrated a 63% improvement over YOLOv5s, while
YOLOVSI achieved a 238% improvement. These results validate the architectural advances of the
YOLOVS series and highlight its effectiveness for detecting small objects in drone imagery.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.0990.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 March 2026 d0i:10.20944/preprints202603.0990.v1

11 of 22
Table 5. Comparison with YOLOv5 Baseline.

Model Input mAP50 mAP50-95 P R Training Time
YOLOvb5s 640 3.76% 1.47% 11.2% 5.5%
YOLOv8s 640 6.12% 3.01% 16.2% 8.5% 1.6h
YOLOVSI 640 12.7% 6.89% 25.3% 16.5% 4.2h
YOLOVSI 1280 15.9% 9.13% 30.2% 19.9% 14.6h

Model Input car bus van truck motor pedestrian bicycle
YOLOv5s 640 151%  2.13%  4.87%  5.00%  2.03% 1.02% 0.98%
YOLOv8s 640 23.6%  415% 893%  838% 4.11% 2.61% 1.37%
YOLOvSI 640 41.4%  911%  19.8%  182%  12.8% 7.13% 2.17%
YOLOVSI 1280 39.8% 13.7% 259% 225% 16.4% 9.26% 3.93%

3.6.2. Comparison of Various Models with YOLO-HV

Table 6 compares the performance of the best YOLOvS configuration (YOLOVSI) on VisDrone
with that of several other SOTA methods for small-object detection. The model achieved a 15.9%
mAP50, substantially outperforming conventional detectors such as Faster R-CNN (8.3%) and
RetinaNet (9.6%). However, the detection performance of YOLOvVS8I was significantly poorer than
that of YOLO-HYV (38.1%).

Table 6. Comparison with YOLO-HV.

Model Backbone Input Custom mAP50 Params GFLOPs
Modules
YOLOv5x CSPDarknet 640 None 5.1% 86.7M 205.7
Faster R-CNN  ResNet-101 1024 None 8.3% 60.1M 370.4
RetinaNet ResNet-101 800 FPN 9,6% 56.8M 315.2
YOLO-HV NextViT 640 CARAFE, 38.1% - -
DyHead
YOLOvSI CSPDarknet 1280 None 15.9% 43.6M 164.9

This performance gap can be primarily attributed to the highly customized architectural
components within YOLO-HV, which are specifically designed for aerial imagery, as opposed to the
general-purpose architecture of YOLOVSI. Based on the ablation studies presented in the original
YOLO-HV literature [36], this superiority stems from several key modifications:

1. Backbone Architecture: YOLO-HV employs the NextViT backbone, a hybrid CNN-Transformer
architecture. Transformers are particularly advantageous for small-object detection owing to
their improved ability to model long-range dependencies and integrate global scene context.
Empirical evidence shows that replacing the standard convolutional backbone with NextViT
yields a solid 3.1% mAP improvement over its baseline [36]. In contrast, YOLOVSI relies solely
on a purely convolutional CSP-based backbone, which may lack such global receptive
capabilities.

2.  Advanced Upsampling: YOLO-HV employs the DyHead module, which performs scale-,
spatial-, and task-aware attention to dynamically adjust the detection strategy based on object
characteristics. Ablation studies indicate that this dynamic mechanism is the most critical
contributor to YOLO-HV's success, providing an additional 4.1% mAP boost [36]. YOLOVS],
while utilizing a decoupled head, lacks these sophisticated attention mechanisms.

3. Advanced Upsampling and Multi-scale Fusion: YOLO-HV utilizes Content-Aware
ReAssembly of Features (CARAFE) for upsampling, alongside specialized multi-scale
convolutions (e.g.,, MSDConv). These modules adaptively reassemble local features and
preserve fine-grained details critical for small-object detection, collectively contributing further
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performance gains [36]. Conversely, YOLOVSI relies on standard bilinear upsampling, which
does not employ content adaptivity and therefore retains less spatial detail.

Although YOLO-HV achieves a superior accuracy on the VisDrone dataset, it requires the
implementation of multiple custom modules (NextViT, CARAFE, and DyHead), which increases the
complexity and development effort. By contrast, YOLOvS]I establishes a strong and practical baseline
using only standard YOLOv8 modules, making it more accessible for real-world adoption. Moreover,
the systematic evaluation results presented in Sections 3.2 to 3.5 have shown that input-resolution
scaling (640—1280, +25%) delivers far greater returns than architectural modifications, such as P2
layers (+6%), offering practitioners clear guidance for prioritizing computational resources in future
system design.

3.7. Speed-Accuracy Trade-off Analysis

Figure 2 presents the speed-accuracy trade-off for the different YOLOV8 configurations.
YOLOVS8s @ 640 offers a real-time performance (~80 FPS) but with limited accuracy (6.12% mAP50),
making it suitable for latency-critical applications. YOLOv8m @ 640 provides a balanced trade-off
between speed and accuracy (9.71% mAP, ~50 FPS). YOLOvS] @ 640 prioritizes accuracy (12.7% mAP,
~30 FPS), while YOLOvS8I @ 1280 achieves the highest accuracy (15.9% mAP) at the cost of a lower
speed (~8 FPS), rendering it appropriate for offline analysis or accuracy-critical scenarios.

mAPS0 (4

20 | ® YOLOv81(@1280
(15.9 )

15

|
|
| ® YOLOv81@640
10 | (12.71
| @ YOLOv8mP64O
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Figure 2. Speed-accuracy trade-off across different YOLOVS configurations.
4. Discussion

4.1. Performance Difference Between YOLOvS! and YOLO-HV

As shown in Table 6, the best-performing model in our evaluation (YOLOvS8] @ 1280) achieved
an accuracy of 15.9% mAP50 on the VisDrone dataset. In contrast, the highly specialized YOLO-HV
achieved 38.1% mAP50 on the same benchmark. This 22.2% absolute gap (corresponding to a 139%
relative difference) warrants careful analysis to understand the sources of improvement and inform
future research directions. To justify this disparity, we contrast our findings with the empirical
ablation studies presented in the original YOLO-HYV literature [8]. Their data explicitly demonstrates
that the performance leap over a standard YOLO baseline is driven by specific customized modules:
for instance, incorporating a hybrid CNN-Transformer backbone (NextViT) provides a 3.1% mAP
improvement, and integrating a dynamic attention-driven detection head (DyHead) yields a further
4.1% boost [8]. Based on these published results and our detailed comparative analysis, the gap was
found to be the result of two main factors: architectural modifications and methodological choices,
as discussed in the following sections.
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4.1.1. Architectural Factors

YOLO-HV employs NextViT, a hybrid CNN-Transformer backbone that combines the inductive
bias of convolutions with the global modeling capability of self-attention mechanisms. In contrast,
YOLOVS8 uses CSPDarknet, which is a purely convolutional backbone. For small-object detection, the
global receptive field of Transformers is particularly advantageous because it allows contextual
information to be aggregated across the entire image, helping to disambiguate small, low-resolution
objects. Moreover, the multi-head self-attention (MHSA) mechanism in NextViT explicitly models
the relationships between spatial locations that are distant from each other. Empirical ablation studies
demonstrate that replacing the baseline CNN backbone with this Transformer-based design yields a
solid 3.1% mAP improvement on drone benchmarks [8].

In addition, YOLO-HYV utilizes CARAFE [10], an upsampling model that uses content-aware
reassembly kernels to refine the feature maps. Unlike the standard bilinear upsampling approach
used in YOLOv8, CARAFE adaptively generates upsampling kernels depending on the local content,
thereby preserving object-specific patterns. Moreover, it employs a large receptive field (5x5 or larger)
during upsampling, thereby capturing richer contextual information. Prior studies have shown that
CARAFE provides consistent performance gains (e.g., approximately 1.2% AP improvements on
standard benchmarks) [10]. The results presented in this study with input resolution scaling (+25%
improvement from 640—1280) demonstrate the critical importance of feature resolution for small
objects, supporting the hypothesis that enhanced upsampling plays a significant role in determining
the superior performance of YOLO-HV.

The DyHead module [37] in YOLO-HV performs three types of attention-based feature
refinement: (1) dynamic fusion of features across pyramid levels to adapt to objects of varying scales,
(2) aggregation of information from spatially important locations using deformable convolutions,
and (3) selective emphasis on task-relevant feature channels. In contrast, YOLOVS utilizes a standard
detection head with fixed feature fusion. The limited gain observed in the present P2 detection layer
experiments (+6% improvement) suggests that although enhanced feature fusion strategies can
provide measurable improvements, their impact remains modest compared to that of broader
architectural enhancements.

Finally, YOLO-HV incorporates multi-scale feature extraction through Multi-Scale Dilated
Convolution (MSDConv) and C3_Res2Block modules, which explicitly capture features at multiple
scales within individual layers. This design provides intrinsic scale diversity at the feature extraction
stage and complements the feature pyramid network by supplying multi-scale representations prior
to pyramid fusion. In contrast, YOLOVS relies primarily on standard C2f modules within its PANet-
based neck, which process features at a single fixed scale within each block. Consequently, YOLOvS8
depends almost entirely on the macroscopic feature pyramid for scale diversity, lacking the fine-
grained, intra-layer scale adaptability required to robustly handle the extreme scale variations of tiny
objects in drone imagery.

4.1.2. Methodological Factors

Beyond architectural differences, an estimated 2-3% performance gap can be empirically
attributed to methodological choices in the training and inference pipelines. First, YOLO-HV is highly
optimized specifically for the VisDrone dataset. For instance, it utilizes specific loss-weight balancing
(learning rate = 0.01, box loss = 0.05, classification loss = 0.3, and objectness loss = 0.7) and is trained
from scratch for 100 epochs [8]. Furthermore, YOLO-HYV is built upon the YOLOv5 framework, which
employs an auto-anchor algorithm that explicitly recalculates anchor box dimensions to fit the
extreme small-object distribution of the target dataset. In contrast, the present experiments evaluate
the generalized, anchor-free Task-Aligned Assigner of standard YOLOv8 without incorporating such
dataset-specific geometric priors.

Second, empirical studies in recent literature demonstrate that advanced data augmentation and
test-time strategies account for performance variations of this exact magnitude. For example, the
Simple Copy-Paste augmentation has been proven to yield an absolute gain of +1.0% to +1.5% AP on
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instance-level tasks by artificially increasing small-object density and context variability [25].
Furthermore, ablation studies on similar drone-specific models, such as TPH-YOLOv5 [30], have
explicitly quantified the benefits of inference-stage methodological tricks: multi-scale testing (ms-
testing) independently contributes a +1.27% mAP improvement, and specialized classifier fusion
adds another +0.84% mAP. Because the present study utilizes standard YOLOv8 augmentations
(mosaic, mixup, and HSV jittering) and single-scale testing without these specialized enhancements,
a 2-3% methodological performance gap is entirely consistent with established literature.

4.1.3. Validation of Gap Decomposition

Rather than validating the specific modules of YOLO-HV, our experimental results provide
strong empirical evidence that straightforward scaling strategies can effectively compensate for the
absence of complex architectural modifications. First, increasing the input resolution from 640 to 1280
yielded a massive performance surge of +25%. This brute-force enhancement of spatial detail vastly
outweighs the marginal +0.6% mAP gain provided by the sophisticated CARAFE upsampling
module reported in YOLO-HV's ablation studies [8]. This suggests that simply providing the network
with higher-resolution pixels is far more impactful for small-object detection than introducing
computationally expensive content-aware upsampling algorithms.

Second, the incorporation of the P2 detection layer yielded a +6% improvement in the mAP50
metric. While YOLO-HV addresses extreme scale variations by integrating the complex DyHead
module —which relies on spatial and scale-aware attention mechanisms for a +4.1% mAP boost [8] —
our results demonstrate that structurally retaining an ultra-high-resolution pyramid level (P2) offers
a highly effective, alternative pathway to achieve comparable localization precision for tiny objects.

Finally, the model capacity analysis revealed a substantial +31% relative improvement when
scaling from YOLOv8m to YOLOvSI. While YOLO-HYV utilizes a hybrid CNN-Transformer (NextViT)
to capture global context (+3.1% mAP gain), our findings underscore that scaling the depth and width
of a standard purely convolutional backbone significantly improves the capacity to learn
discriminative representations in data-constrained drone imagery. Collectively, these empirical
results confirm that deploying well-scaled, general-purpose architectures with high-resolution inputs
is a highly competitive alternative to designing heavily customized, domain-specific networks.

4.1.4. Implications and Future Directions

The analysis results reveal that the performance gap is primarily the result of architectural rather
than methodological factors. Accordingly, efforts to approach the YOLO-HV-level performance
using the YOLOvS framework should prioritize the following architectural modifications:

e Integration of Transformer blocks (e.g., Swin Transformer and PVT) into the YOLOvV8 backbone
to enhance global context modeling while preserving computational efficiency.

e Implementation of CARAFE or similar content-aware upsampling modules to improve fine-
trained feature reconstruction for small objects.

e Incorporation of scale-aware and spatial-aware attention mechanisms to refine the detection
head behavior and better adapt to object variability.

Importantly, however, the present results show that substantial gains can be achieved even
without these advanced modules. For instance, systematic optimization of standard design choices,
particularly the model capacity and input resolution, already yields a 488% improvement over the
YOLOVS5 baseline, demonstrating that a strong detection performance can be achieved using
accessible, off-the-shelf architectures. This finding establishes a practical and robust foundation for
practitioners and researchers to pursue more complex architectural improvements.

4.2. Per-Class Performance Analysis

4.2.1. Large Objects (Cars, Buses, and Trucks)
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YOLOV8I achieved strong performance for large objects (Table 5). Car detection reached 39.8%
mAP50 (Table 5, row 'Car’, column "YOLOv8l@1280'), representing a 164% relative improvement over
the YOLOv5s baseline (15.1% mAP50, Table 5, row 'Car’; calculated as (39.8-15.1)/15.1 x 100% = 164%).
This result demonstrates that YOLOvS] performs effectively for objects with sufficient pixel
resolution (typically >60x60 pixels at 1280 input resolution). Bus detection showed remarkable
improvement: from 2.13% (YOLOv5s baseline, Table 5) to 13.7% (YOLOvS8l@1280, Table 5),
representing a 545% relative gain (calculated as (13.7-2.13)/2.13 x 100%). Similarly, truck detection
improved from 5.00% (baseline) to 22.5% (YOLOv81@1280), a 350% improvement ((22.5-5.00)/5.00 =
100% = 350%). These substantial gains highlight the model's ability to capitalize on higher-resolution
object representations, as large objects occupy sufficient pixels (50-100 pixels at 1280 resolution) to
enable robust feature extraction. The progression across model scales (Table 5) further illustrates
capacity's role: car detection improves from 23.6% (YOLOvS8s) to 31.9% (YOLOv8m) to 41.4%
(YOLOvS8l@640), demonstrating consistent gains with increased backbone capacity before resolution
scaling.

4.2.2. Medium Objects (Vans, Motors)

Medium-sized objects (20-60 pixels at 640 resolution, 40-120 pixels at 1280 resolution) exhibited
the most substantial relative improvements (Table 5). Motor detection achieved a 709% relative gain:
from 2.03% mAP50 (YOLOv5s baseline, Table 5, row 'Motor') to 16.4% (YOLOv8l@1280, Table 5, row
'Motor'), calculated as (16.4-2.03)/2.03 x 100% = 709%. Van detection similarly improved from 4.29%
(baseline) to 25.9% (YOLOv8l@1280), representing a 504% relative improvement ((25.9-4.29)/4.29 x
100% =504%). These dramatic improvements stem from resolution scaling's disproportionate impact
on medium objects. As shown in Table 2, van detection improves from 19.4% at 640 resolution to
25.9% at 1280 (+33% relative), while motor improves from 11.8% to 16.4% (+39% relative). At 640
resolution, medium objects (20-40 pixels) hover near the detectability threshold (~16 pixels for 3x3
convolutions); doubling resolution to 1280 (40-80 pixels) elevates them into the well-resolved regime
where feature extraction becomes reliable.

4.2.3. Small Objects (Pedestrians, Bicycles)

Small object detection remained the most challenging category despite substantial relative
improvements (Table 5). Pedestrian detection showed an 808% relative gain: from 1.02% mAP50
(YOLOVb5s baseline, Table 5, row 'Pedestrians') to 9.26% (YOLOv81@1280, Table 5, row ' Pedestrians
"), calculated as (9.26-1.02)/1.02 x 100% = 808% —the largest percentage improvement among all
categories. However, the absolute performance remained modest at 9.26% mAP50, far below the 20-
40% range typical for well-detected objects. Bicycle detection improved from 0.98% (baseline, Table
5) to 3.93% (YOLOvS8l@1280, Table 5), representing a 301% relative gain ((3.93-0.98)/0.98 x 100% =
301%). These patterns—Ilarge relative improvements but persistently low absolute accuracy —reflect
the intrinsic difficulty of detecting extremely small objects.

In contrast, large objects show minimal or negative gains from resolution scaling: car detection
actually decreases from 41.4% (640) to 39.8% (1280), -4% relative (Table 2, row 'Car"). This differential
confirms that small objects are fundamentally limited by pixel count—at 640 resolution, bicycles
occupy ~12 pixels; at 1280, they occupy ~24 pixels, crossing the 16-pixel detectability threshold.

4.2.4. Gap to State-of-the-Art

Comparisons with YOLO-HV revealed that the performance gap was most pronounced for
small objects. For pedestrians, YOLO-HV achieved 20% mAP50 compared to 9.26% for YOLOVSI (a -
10.7% gap), whereas for bicycles, the gap was -14.1% (~18% vs. 3.93%). These discrepancies align with
the gap decomposition analysis presented in Section 4.1, where 10-12% of YOLO-HV’s performance
advantage was attributed to NextViT’s superior feature extraction and its ability to model small and
low-resolution objects more effectively.
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4.2.5. Category-Specific Insights

The object size played a critical role in determining the detection performance, as the relative
improvement was inversely correlated with the absolute accuracy, which suggests that smaller
objects require fundamentally different approaches beyond simple scaling. The largest performance
gains were observed for categories such as motors and pedestrians, which improved by 709% and
808%, respectively, as an increased input resolution elevated the object sizes from approximately 10
pixels at 640 resolution to approximately 20 pixels at 1280 resolution, thereby crossing a critical
detectability threshold at which sufficient visual detail became available. Nevertheless, persistent
bottlenecks remained, as even at a resolution of 1280 x 1280, extremely small objects, such as bicycles
(~15 pixels), remained near the lower bound of detectability for standard CNN backbones. This
limitation helps explain why specialized architectures, such as YOLO-HV (incorporating Next-ViT
and CARAFE), achieve substantially better performance on small-object categories.

4.3. Detailed Analysis of Contributions of Present Work

4.3.1. Performance Effects of Model Capacity

This study provides the first systematic evaluation of the entire YOLOv8 family on drone
imagery with limited training data (6,471 images). The results demonstrate that the model capacity
should be carefully matched to the dataset size. For instance, YOLOVSI (43.6M parameters) achieved
the highest performance (15.9% mAP50), whereas the larger YOLOv8x model with 68.1M parameters
collapsed to 7.32% mAP50 (-54% relative), owing to training instability under batch-size-1 constraints.

This finding challenges the common assumption that "bigger is always better" and instead
establishes quantitative guidelines for model selection. For drone datasets with 5-10 K images, 40-
50M parameters appear to represent an optimal capacity threshold, beyond which the performance
degrades rather than improves. In addition, the observed failure mechanism, namely, BatchNorm
instability with small batch sizes, provides a theoretical insight into why oversized models fail
beyond simple overfitting.

Beyond this specific failure case, the results highlight a broader principle that recurs throughout
this study: the detection performance in data- and resource-constrained drone settings is governed
not by isolated architectural choices but by the interaction between model capacity, input resolution,
training stability, and hardware limitations. Framed in this way, the capacity analysis serves as a
foundation for the broader conclusions drawn in this work, which collectively map the performance-
complexity landscape of modern object detectors under realistic deployment constraints.

From a practical standpoint, practitioners can avoid unnecessary computational expense (the
YOLOv8x experiment required 11.2 GPU hours and failed), while researchers gain empirical
evidence for dataset-capacity scaling. The ratio identified in the present experiments (approximately
150 images per million parameters) provides a practical rule of thumb for selecting an appropriate
model size under data-limited conditions.

4.3.2. Performance Effects of Resolution vs. Architecture

This study provides the first direct, controlled comparison between the performance effects of
simple input scaling (640—1280) and architectural enhancement (P2 detection layer addition) under
identical experimental conditions. The results demonstrate that input resolution scaling yields a 25%
improvement (12.7% — 15.9% mAP50) in small-object detection, while an additional P2 layer
improves the performance by only 6% (12.7% — 13.5% mAP50), corresponding to a 4x difference in
effectiveness.

This quantitative evidence reveals that for extremely small objects (< 20 pixels), increasing the
pixel density through a higher input resolution is more effective than adding architectural complexity.
In other words, small objects suffering from information loss benefit more from "seeing more pixels"
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than from "better processing of limited pixels." This finding has important implications for resource
allocation in detector design.

When the computational budget is constrained, practitioners should prioritize input resolution
over architectural modifications. For example, rather than investing weeks of engineering effort to
implement components such as CARAFE upsampling or attention mechanisms, simply increasing
the input resolution offers greater performance gains with zero implementation complexity. This
insight can significantly reduce the development time while also achieving improved performance.

4.3.3. Identification and Analysis of Diminishing Returns and Failure Modes

This study documents the complete performance trajectory across the entire YOLOVS family,
revealing a clear pattern of diminishing returns. Scaling from YOLOv8s to YOLOv8m produces a 59%
improvement (6.12% — 9.71%), while the transition from YOLOv8m to YOLOVSI yields a further 31%
gain (9.71% — 12.7%). However, further increasing the capacity from YOLOvSI to YOLOv8x results
in a 54% performance collapse (12.7% — 7.32%), indicating training failure. These results represent
the first empirical documentation of model capacity "sweet spots” and the corresponding failure
modes for small-object detection under data-limited conditions.

The detailed failure analysis of YOLOv8x reveals that a batch size of one (necessitated by
memory constraints) induces BatchNorm instability and leads to training collapse. This explains why
oversized models fail beyond simple overfitting, a mechanism that has not been previously
documented in the literature. Moreover, the observed diminishing returns pattern (s—>m: +59%, m—1:
+31%) provides quantitative evidence for optimal model selection for drone datasets with limited
data.

Future researchers should design experiments that avoid this failure mode, for example, by
using GroupNorm when training large models with small-batch sizes. In addition, practitioners are
cautioned against blindly adopting the largest available model. The documented failure mode
contributes to a deeper understanding of the training instabilities in such scenarios.

4.3.4. Evidence-Based Practical Deployment Guidelines

The systematic evaluation results presented in this study support the following concrete and
quantitative model-selection guidelines for different deployment scenarios.

e  Real-time applications (>20 FPS): YOLOvS8s @ 640 (6.12% mAP50, 80 FPS) for latency-critical

navigation.

e Balanced systems (10-20 FPS): YOLOv8m @ 640 (9.71% mAP50, 50 FPS) for live-traffic
monitoring.

e High-accuracy offline analysis (<10 FPS): YOLOvS8I @ 1280 (15.9% mAP50, 8 FPS) for forensic
investigations.

e Avoid: YOLOv8x @ 1280 unless the dataset contains more than 50 K images or GroupNorm
replaces BatchNorm.

Importantly, these guidelines are quantitatively grounded in systematic evaluation rather than
anecdotal experience. By grounding each recommendation in measured speed-accuracy trade-offs
and linking them to concrete deployment scenarios, the guidance enables practitioners to make
informed and evidence-based model selection decisions.

Practitioners can directly apply these recommendations to real-world drone detection systems,
thereby reducing the trial-and-error development time from weeks to days. Furthermore, the
guidelines establish baselines against which future architectural innovations can be evaluated,
facilitating fair and consistent comparisons in future research.

Although the best result achieved in this study (15.9% mAP50, YOLOv8I) does not reach SOTA
performance (YOLO-HV: 38.1%), this outcome is intentional. In particular, the aim of the present
study was to establish the upper bound of what standard YOLOVS architectures can achieve before
introducing additional complexity. As detailed in our gap decomposition, the 22.2% absolute
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performance gap is primarily driven by highly customized modules (e.g., hybrid CNN-Transformer
backbones and attention-driven dynamic heads) and dataset-specific methodological optimizations.
However, our findings also demonstrate that straightforward strategies—such as introducing a P2
layer (+6% mAP50) or increasing input resolution (+25% mAP50)—can serve as highly effective
alternatives to complex architectural modifications. This systematic baseline establishment enables
informed decision-making: practitioners can choose between (a) deploying standard YOLOVS to
benefit from zero implementation complexity and favorable inference speeds, or (b) investing
substantial engineering effort to implement specialized components for an additional ~22% absolute
improvement toward SOTA performance.

5. Conclusions

This paper presented a systematic empirical study of the YOLOvVS family for small-object
detection in drone imagery, addressing fundamental questions in model selection that have been
overlooked in prior studies that focused primarily on architectural innovation.

5.1. Primary Findings and Implications

Model Capacity Has an Optimal Threshold: The comprehensive evaluation results revealed
that YOLOvVSI (43.6M parameters) represents the optimal model configuration for the VisDrone
dataset with 6,471 training images, achieving 15.9% mAP50. Critically, exceeding this threshold with
the oversized YOLOvS8x (68.1M parameters) leads to a severe performance collapse (7.32% mAP50,
representing a 54% relative drop). This degradation is primarily attributed to overfitting and the batch
normalization instability inherent to training with a batch size of 1. This finding provides quantitative
evidence for an optimal dataset-size-to-model-capacity ratio, suggesting that approximately 150
images per million parameters represents a practical threshold for data-constrained drone-based
object detection tasks.

Input Resolution Dominates Architectural Complexity: Controlled comparisons demonstrated
that input resolution scaling (640 1280) yields a fourfold greater performance improvement (+25%
mAP50) than structural modifications, such as the addition of a P2 detection layer (+6% mAP50). For
practitioners, this implies a clear prioritization strategy: computational resources are more effectively
allocated to increasing the input spatial resolution before pursuing complex architectural
enhancements. This finding challenges the prevailing trend of adopting increasingly sophisticated
architectures without first exhausting simpler, high-impact scaling alternatives.

Establishing Realistic Baselines for Future Work: While the best result obtained in this study
(15.9% mAP50) falls short of the SOTA performance reported for YOLO-HV (38.1% mAP50), the
sources of this gap have been well-characterized. As demonstrated in our detailed gap analysis, this
22.2% absolute difference is driven by a combination of highly customized modules—such as the
NextViT backbone (+3.1% mAP), the attention-driven DyHead (+4.1% mAP), and CARAFE
upsampling (+0.6% mAP)—alongside dataset-specific methodological optimizations [8]. This
decomposition provides a clear and actionable roadmap for achieving incremental performance
improvements.

Importantly, the 15.9% mAP50 result achieved by the YOLOvS8I model establishes the exact
performance limit that a conventional, general-purpose YOLO architecture can reach on extreme
aerial datasets without any domain-specific custom modifications. This serves as a critical baseline
that has not been previously quantified. Given this baseline, researchers and practitioners can make
informed trade-offs: either deploying standard YOLOvS8 models for rapid, real-time applications with
zero implementation complexity, or investing substantial engineering effort into specialized
components to bridge the ~22% absolute performance gap toward SOTA models.

5.2. Practical Impact of Present Findings
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The present findings provide clear guidance for practical deployment. For rapid prototyping,
YOLOVSI] @ 640 offers a strong speed—accuracy balance (~30 FPS, 12.7% mAP50), while accuracy-
focused offline analysis benefits most from YOLOvS8I @ 1280, which achieves the highest performance
obtainable with standard YOLOv8 components (15.9% mAP50). Larger models require caution:
specifically, YOLOv8x should be avoided unless the dataset is sufficiently large (e.g., 50K images) or
BatchNorm is replaced with GroupNorm to ensure stable training. Finally, for optimal computational
resource allocation, simply increasing the input resolution yields far greater performance returns
than integrating complex architectural additions, such as CARAFE, attention mechanisms, or P2
layers.

5.3. Reframing Absolute Performance

The VisDrone benchmark presents extreme difficulty, with an average object size of only 22
pixels (compared with ~40 pixels for COCO), and certain categories such as bicycles averaging merely
12-15 pixels. Consequently, even highly specialized SOTA architectures such as YOLO-HV achieve
only 38.1% mAP50 on this dataset [36], a stark contrast to the >50% strict mAP (AP@[0.5:0.95])
typically reported on standard benchmarks like COCO. [36]

Within this challenging context, the 15.9% mAP50 achieved by the best YOLOVS8 configuration,
although modest in absolute terms, represents a 323% relative improvement over the YOLOvb5s
baseline (3.76%), demonstrating clear architectural advances. It also reaches approximately 42% of
the specialized SOTA performance (15.9% vs. 38.1%) using only standard YOLOv8 components,
establishing an important baseline for incremental innovation. Notably, substantial gains are
observed for the smallest categories: bicycle detection improves from 0.98% to 3.93% (+301%), and
pedestrian detection from 1.02% to 9.26% (+808%).

More importantly, the present results help shift the research focus away from absolute accuracy
toward a more systematic understanding of the small-object detection problem. They clarify why the
detection performance saturates (e.g., an information bottleneck at < 20 pixels), what contributes most
effectively to performance improvement (e.g., input resolution scaling over architectural
modifications), and what fails under constrained conditions (e.g., oversized models trained on
limited data). This systematic understanding provides significant practical value independent of
achieving a SOTA performance.

5.4. Limitations and Future Directions

The present evaluations focused intentionally on standard YOLOVS8 architectures without
implementing highly customized components such as NextViT, CARAFE, and DyHead. This
approach allowed the establishment of clear baselines but necessarily limited the absolute
performance attainable. In addition, all the experiments were conducted on a single dataset
(VisDrone). Although this dataset is the primary benchmark for drone-based small-object detection,
validation across additional datasets would strengthen the generalizability of the present findings
and recommendations. Finally, the observed failure of YOLOv8x under a batch size of 1 suggests that
alternative normalization strategies, such as GroupNorm, may enable stable training for larger
models. However, this possibility remains unexplored in the current study.

The present findings suggest several high-potential directions for future research. First, the
performance gap analysis suggests that incrementally integrating specific, high-yield modules—such
as lightweight attention mechanisms (e.g., DyHead, +4.1% mAP) followed by content-aware
upsampling (e.g., CARAFE, +0.6% mAP)—may push the detection performance into the 20-25%
mAP50 range without incurring the massive computational overhead of full Transformer backbones.
Second, evaluating GroupNorm or LayerNorm for larger models may allow stable training under
extreme small-batch constraints, potentially enabling YOLOvS8x to realize its theoretical capacity.
Third, extending the evaluation experiments to additional drone benchmarks, such as UAVDT (for
temporal tracking consistency) and DOTA (for oriented object detection), may help determine
whether the identified scaling behaviors and capacity thresholds generalize beyond the VisDrone
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dataset. Finally, exploring adaptive resolution pipelines or patch-based processing (e.g., SAHI or
SNIPER) may offer 1280-level spatial detail at a significantly lower computational cost, thereby
improving both the training and deployment efficiencies.

5.5. Concluding Remarks

Rather than proposing another architectural modification, this study has provided the
systematic evaluation infrastructure and empirical understanding necessary for informed model
selection in drone-based detection. The main contributions of this study —namely**,** identifying
optimal model capacity thresholds, quantifying resolution-versus-architecture trade-offs,
documenting failure modes, and providing evidence-based deployment guidelines—provide a solid
foundation for both practical deployment and future research.

Moving beyond the sole pursuit of absolute accuracy, this study clarifies how small-object
detection performance scales with architectural complexity. In particular, we demonstrate that
standard architectures achieve a baseline of approximately 15.9% mAP50, simple scaling strategies
can improve performance into the 20-25% mAP50 range, and sophisticated custom components are
required to reach the 30-40% mAP50 tier. Armed with this understanding, practitioners can make
rational cost-benefit decisions for real-world deployments, and researchers can design experiments
with a clear sense of the baseline they must surpass and by what margin.
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