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Abstract

Object detection in unmanned aerial vehicle (UAV) imagery presents signifi-
cant challenges due to the multi-scale nature and high density of objects within
the UAV’ s field of view. To comprehensively address these challenges and un-
lock the potential of UAV applications, we propose the YOLOv5-STD model.
First, an additional detection head is incorporated to localize extremely small
objects utilizing shallow image features. Second, a transformer-based attention
mechanism is employed to optimize the backbone network. Third, SPD-Conv is
utilized to prevent the loss of fine-grained image feature information. Finally, ex-
tensive experiments conducted on the VisDrone 2022 dataset demonstrate that
the proposed model achieves superior performance. Compared with the baseline
model, our improved model exhibits an average improvement of approximately
7% in mAP@Q.5 metrics, and ablation studies confirm that each enhancement
contributes positively to the overall model performance. This work provides
valuable insights for developers and researchers engaged in the analysis and
processing of UAV imagery.
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Abstract— Object detection based on unmanned aerial vehicle (UAV) images
presents significant challenges due to the multi-scale nature and high density of
objects in aerial views. To address these issues and unlock the potential of UAV
applications, we propose the YOLOvV5-STD model. First, we add an additional
detection head to localize extremely small objects using shallow image features.
Second, we employ a transformer-based attention mechanism to optimize the
backbone. Third, we utilize SPD-Conv to prevent the loss of fine-grained im-
age feature information. Extensive experiments on the VisDrone 2022 dataset
demonstrate that our model achieves strong performance, with an average im-
provement of approximately 7% in mAP@Q.5 metrics compared to the baseline
model. Ablation studies confirm that each improvement contributes positively
to the overall model. This work can help developers and researchers achieve
better performance in the analysis and processing of UAV imagery.

Keywords— object detection; yolovh; transformer; space-to-depth convolution

Introduction

Intelligent applications based on unmanned aerial vehicle image processing tech-
nology have been widely adopted across various industries, including intelligent
monitoring, search and surveillance [1], intelligent rescue [2], infrastructure in-
spection [3], geographical mapping [4], and agricultural hazard prevention [5].
These applications all require comprehensive understanding of the scene envi-
ronment within images. The fundamental challenge to be addressed is object
detection, which involves recognizing object categories present in the scene and
localizing their positions. Due to significant variations in UAV altitude, unique
shooting angles and positions, and extensive coverage of both positive and neg-
ative samples in images, object detection in UAV imagery faces substantial diffi-
culties such as small object sizes, diverse viewing angles, complex backgrounds,
and high object density. These factors create a distinctive small object detection
challenge that necessitates further research to enhance detection accuracy and
UAV image understanding capabilities.

In recent years, with the rise of deep learning and the availability of large-scale
labeled datasets (e.g., Pascal VOC [6] and COCO [7]), numerous state-of-the-art
object detectors based on deep learning have been proposed and have achieved
remarkable success in computer vision. Since Convolutional Neural Networks
(CNNs) [8] were first successfully applied to object detection, Sermanet et al. in-
troduced OverFeat [9], a one-stage CNN-based detection framework. To date,
excellent deep learning-based detectors have been developed, including R-CNN
[10], Fast R-CNN [11], YOLO [12-15], Faster R-CNN [16], SSD [17], R-FCN
[18], RetinaNet [19], CornerNet [20], and CenterNet [21, 22].

Although these models have achieved promising results on public datasets, they
remain inadequate for detecting small objects in UAV images. Consequently,
many scholars have conducted research from various perspectives to address the
small object detection challenge. Approaches include: multi-scale or multi-level

chinarxiv.org/items/chinaxiv-202303.00205 Machine Translation


https://chinarxiv.org/items/chinaxiv-202303.00205

ChinaRxiv [$X]

feature fusion to enhance small object feature acquisition [22-28]; context infor-
mation and attention mechanisms to improve small object perception [29-32];
super-resolution techniques to enhance small object resolution and transform
them into medium or large objects for detection [33-35]; cascaded multiple detec-
tors [36, 37]; and methods based on image or feature patches for multi-detection
fusion [38, 39].

In this paper, we propose YOLOv5-STD (YOLOv5 with Small Object Detec-
tion Head, Transformer, and Space-to-Depth Convolution module) based on
YOLOvV5, focusing on integrating multiple techniques that strengthen small ob-
ject feature perception to improve accuracy. Specifically, we add an additional
head for small object detection, incorporate a transformer [40] to optimize the
backbone, and replace standard convolution with Space-to-Depth Convolution
(SPD-Conv) [41] to explore prediction potential. Experimental results demon-
strate that our method achieves significant improvements in small object detec-
tion on the VisDrone dataset and remains competitive compared to state-of-the-
art methods. The overall YOLOv5-STD framework is illustrated in [Figure 1:
see original paper] and will be introduced in detail in Section 3.

The contributions of this work are as follows: (1) We add an additional detec-
tion head for small objects that can localize them using shallow image features.
(2) We employ an attention mechanism to optimize the backbone through trans-
formers. (3) We utilize SPD-Conv to avoid the loss of fine-grained image feature
information. (4) On the VisDrone 2022 dataset, our proposed YOLOv5-STD
achieves 41.90% mAP. Experiments demonstrate that the fusion of multiple
small object detection techniques is highly effective.

II. Related Work
A. Object Detectors

Most state-of-the-art object detectors have achieved breakthrough progress and
excellent results on public datasets. As the first representative of two-stage
object detection based on deep learning, R-CNN [10] automatically extracted
features from candidate regions using CNNs. Faster R-CNN [16] established the
fundamental framework for object detection, with many algorithms extending
from it. Its introduction opened a new chapter in object detection, most notably
by using CNNs to generate region proposals with anchor boxes throughout the
inference process. However, two-stage detectors with numerous region proposals
require substantial computational resources and runtime memory. In contrast,
one-stage detectors such as the YOLO series [12-15], SSD [17], and RetinaNet
[19] effectively alleviate inference efficiency issues by treating object detection di-
rectly as a regression problem that takes input images and learns category prob-
abilities and bounding box coordinates. One-stage detectors typically achieve
faster inference speeds than two-stage detectors. CenterNet introduced a novel
anchor-free approach, predicting not only object category probabilities from
image features but also bounding box keypoint coordinates directly, thereby
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eliminating dependence on anchor boxes and advancing anchor-free object de-
tection.

To date, YOLO series models have evolved to deliver excellent performance,
representing exemplary work in the object detection field. In this study, we
select YOLOv5 [15] as our baseline model, which comprises three components:
backbone, neck, and head. The backbone uses convolutional neural networks
to fully extract deep image features; the neck is designed to better utilize multi-
level features extracted by the backbone; and the head predicts object classes
and bounding boxes. YOLOvS offers several advantages: it employs mosaic
data augmentation to enrich small object samples and enhance detection ro-
bustness; in the backbone, YOLOv5 builds C3 layers by improving CSPBottle-
neck, achieving simplicity, speed, and lightness while delivering better results
with nearly equivalent loss; in the neck, YOLOv5 utilizes the SPP module to
fuse multi-scale features, expand the receptive field, and enrich feature map ex-
pressiveness, which proves beneficial when handling large object size variations.
The YOLOV5 project features a clear architecture, rich engineering support func-
tions, and easy, efficient deployment, making it an ideal choice for engineering
projects. In summary, we select YOLOvV5 as our baseline model for improving
and optimizing UAV object detection.

B. Methods for Small Object Detection

Recent research has produced extensive work on small object detection optimiza-
tion. Multi-level or multi-scale features are employed to enhance fine-grained
feature representation of small objects. EfficientDet [26] proposed a weighted
bi-directional pyramid network (BiFPN) that adds efficient bi-directional cross-
scale connections and weighted feature fusion to the FPN network, enabling
convenient and fast multi-scale feature fusion. Context and attention mecha-
nisms are used to enhance small object perception. FA-SSD [31] uses feature
fusion to obtain contextual information about small objects, extracting shallow
features from small objects lacking semantic information, and employs an at-
tention module to focus the network on important regions. Super-resolution
techniques enable the transformation of small objects into larger ones. JCS-Net
[33] investigates the relationship between large-scale and small-scale pedestrians
using a super-resolution network that amplifies small objects through upsam-
pling and recovers details of small-scale pedestrians to obtain enlarged objects.
By combining super-resolution loss with classification loss, the reconstructed
small-scale objects contain both original and super-resolution network output
information. Cascade R-CNN [36] employs cascade regression as a resampling
mechanism to progressively increase the IoU value of proposals, allowing resam-
pled proposals from previous stages to adapt to subsequent stages with higher
thresholds. MPFP-Net [39] slices features into patches and divides them into
class-affiliated subsets, using bottom-up and crosswise connections to fuse multi-
scale features for improved accuracy.
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ITII. YOLOv5-STD
A. Overview

The basic YOLOv5 framework can be divided into four components: Input,
Backbone, Neck, and Prediction. The Input component enriches the dataset
through mosaic data augmentation, which requires minimal hardware and com-
putational cost. However, this augmentation causes original small objects in
the dataset to become even smaller, reducing model generalization performance.
The Backbone primarily consists of CSP modules, with feature extraction per-
formed by CSPDarknet53. The Neck employs FPN and Path Aggregation Net-
work (PANet) to aggregate image features at this stage. Finally, the network
performs object prediction and generates output predictions.

YOLOVS5 has five versions: YOLOv5n, YOLOv5s, YOLOv5im, YOLOv5], and
YOLOv5x, with main differences in model depth and width. We modified the
original YOLOV5 to specialize in small object detection. YOLOv5n is the small-
est version in the YOLO series, making it more suitable for deployment across
various hardware platforms with a simpler and clearer architecture. [Figure 1:
see original paper] illustrates the framework of YOLOv5-STD.

B. Small Object Detection Head

We observed numerous small objects in the VisDrone 2022 dataset. As shown in

[Figure 2: see original paper], objects smaller than 32$x 32butlargerthan8x8constitutethelargestproportionats
account for 6.65%. To address the prevalence of small objects in drone imagery,

adding a dedicated prediction head for small object detection better handles

multi-scale object detection in UAV scenes overall. As illustrated in [Figure 1:

see original paper|, the new prediction head (Head 1) utilizes high-resolution

image features combined with lower-level visual feature maps to perceive small

objects more efficiently. Although adding a prediction head for extremely

small objects increases computational complexity and resource consumption, it

substantially improves detection performance.

C. Transformer

The transformer model, proposed by Google, represents a revolutionary ad-
vancement applicable not only to machine translation but also to text summa-
rization, speech recognition, question-answering systems, dialogue systems, and
computer vision. It employs a purely attention-based approach that acceler-
ates training and inference while improving performance. The core concept is
the self-attention mechanism, which automatically learns to focus on important
information in input sequences, enabling interaction between information at dif-
ferent positions. The transformer’ s self-attention mechanism uses multi-head
attention to simultaneously focus on different subspaces of the input sequence,
thereby enhancing model expressiveness. Compared to traditional RNN mod-
els, the transformer offers three key advantages: (1) it avoids sequential cal-
culations in RNNs, enabling parallel processing of input sequences for much
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faster training and inference; (2) it achieves information interaction across dif-
ferent sequence positions through self-attention, enhancing expressiveness and
enabling handling of longer sequences; (3) it employs residual connections and
layer normalization techniques, making the model more stable and easier to
train.

Inspired by the vision transformer [40], we replaced the Bottlenecks in the last
C3 blocks of the original YOLOv5 with transformer blocks. This modification
enables the model to extract local features while using attention mechanisms
to focus on regions containing small objects and explore feature representation
potential through self-attention. Transformer encoder blocks demonstrate im-
proved performance on occluded and high-density objects.

D. Space-to-Depth Convolution

Space-to-depth convolution is a specialized convolution operation widely used
in deep learning for image processing tasks such as image classification, object
detection, pose estimation, and motion recognition. It converts input image
data from spatial dimensions to depth dimensions, thereby increasing network
nonlinearity and sparsity while improving model representation capability and
computational efficiency. Specifically, space-to-depth convolution divides input
images into multiple blocks, arranges pixels from each block along the depth
dimension, and combines these blocks into new image data. This operation
reduces spatial dimensions while increasing depth dimensions, enabling the net-
work to better detect objects of varying sizes and improving detection efficiency
and accuracy. In this work, we replace most convolutions in YOLOv5 with
space-to-depth convolution to better recognize multi-scale objects and achieve
more accurate object detection in UAV imagery.

IV. Experiments
A. Datasets and Experiment Settings

The VisDrone2022-DET dataset, identical to the VisDrone2019-DET and
VisDrone2018-DET datasets, comprises 7,019 static photographs captured
by drone platforms at various locations and altitudes [18]. The test-dev set
contains 1,610 images, while the training and validation sets contain 6,471 and
548 images, respectively. Images are annotated with bounding boxes across
ten predefined classes: pedestrian, person, car, van, bus, truck, motor, bicycle,
awning-tricycle, and tricycle. All models in this study are trained on the
training set, validated on the validation set, and evaluated on the test-dev set.
We present object detection performance on the test-dev set and compare it
with baseline object detection models.
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B. Implementation Details

We implement YOLOv5-STD using PyTorch 1.7.1 and train all models on an
NVIDIA K80 GPU. During training, we utilize partial pre-trained weights from
YOLOV5 (yolovbn, yolovbs, yolovbm, yolovbl, yolovbx) since YOLOv5-STD
shares portions of the backbone and head with YOLOv5. We use the SGD
optimizer with hyperparameters set as follows: initial learning rate of le-2, mo-
mentum of 0.98, weight decay of 0.001, warm-up epochs of 5, and warm-up mo-
mentum of 0.95. The Non-Maximum Suppression (NMS) threshold is set to 0.6
for all experiments. Input images are resized to 640$x$640 pixels. Batch sizes
are set to 32, 16, 16, 8, and 4 for YOLOv5n-STD, YOLOv5s-STD, YOLOv5m-
STD, YOLOvV5I-STD, and YOLOv5x-STD, respectively. All models are trained
on the VisDrone2022 training set for 500 epochs with early stopping patience
of 100 epochs.

C. Comparison with Base Models

Due to submission limits on the VisDrone2022 competition server, we obtained
results for five baseline models and five improved models on the testset-challenge.
The results are presented in [TABLE:I]. As expected, larger models capture
richer image features and achieve better detection performance. The improved
models demonstrate approximately 5 percentage point improvements over base-
line models in both mAP@.5 and mAP@.5:.95 metrics, indicating that the STD-
based enhancements provide effective and stable improvements.

[TABLE:]]
BASE MODELS AND IMPROVED MODELS TEST RESULTS

Methods mAP @.5(%) mAP @.5:.95(%)
YOLOv5n 31.6
YOLOv5s 36.1
YOLOv5m 39.0
YOLOv5I 40.4
YOLOv5x 41.9

YOLOv5n-STD
YOLOv5s-STD
YOLOv5m-STD
YOLOvV5I-STD
YOLOv5x-STD

D. Ablation Study

To thoroughly verify the effectiveness of the small object detection head, trans-
former, and space-to-depth convolution modules, we conducted ablation stud-
ies on these three major components. Leveraging the stability of STD and
to reduce computational overhead while improving experimental efficiency, we
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verified each module’ s contribution using the minimal YOLOv5n model. By re-
combining the three modules and testing on the testset-challenge, we obtained
the results shown in [TABLE:II|, with detection result comparisons between
YOLOv5n and YOLOv5n-STD models presented in [Figure 3: see original pa-
per].

[TABLE:I]
TEST RESULTS OF IMPROVED MODELS BASED ON DIFFERENT COM-
BINATION METHODS

No. Methods mAP @.5(%) mAP @.5:.95(%)
8 YOLOv5n-STD

1) Effect of Small Object Detection Head: The new small object de-
tection head utilizes high-resolution image features combined with lower-level
visual feature maps to efficiently perceive small objects. Adding this head to
YOLOv5n, YOLOv5n-spd, YOLOvHn-tr, and YOLOvHn-spd-tr resulted in av-
erage mAP@.5 improvements of approximately 5% and mAP@.5:.95 improve-
ments of about 4% (see [TABLE:III]). The small object detection head provides
the greatest positive impact on model performance, with its computational over-
head and resource consumption being well justified.

[TABLE:TI]
ABLATION STUDY ON SMALL OBJECT DETECTION HEAD

Base With Small Object mAP mAP
No.  Method Detection Head Q.5(%) @.5:.95(%)

YOLOv5n-
small
4 YOLOv5n- YOLOv5n-STD
spd-tr
YOLOvb5n-
small-tr

2) Effect of Transformer: Transformer blocks can extract local features while
using attention mechanisms to focus on regions containing small objects. Due
to GPU memory limitations, we added only one transformer block to the last
C3 block. We improved four models: YOLOv5n, YOLOv5n-spd, YOLOvbHn-
small, and YOLOv5n-small-spd. As shown in [TABLE:IV], the improved models
achieved average mAP@.5 improvements of approximately 1% and mAP@.5:.95
improvements of about 0.5%. Although only a single transformer module was
added, it still provides a slight positive impact, demonstrating the utility of
transformer blocks in small object detection. More significant results could be
achieved with larger GPU memory.
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[TABLE:1V]

ABLATION STUDY ON TRANSFORMER

No. Base Method With Transformer mAP @.5(%) mAP @.5:.95(%)
1 YOLOv5n YOLOv5n-tr +0.9

2 YOLOv5n-small YOLOv5n-small-tr

3 YOLOv5n-spd YOLOv5n-spd-tr

4 YOLOv5n-small-spd  YOLOv5n-STD

3) Effect of Space-to-Depth Convolution: Space-to-depth convolution in-
creases network nonlinearity and sparsity, enhancing representation ability and
computational efficiency while better identifying multi-scale objects. We re-
placed most convolutions in four models—YOLOv5n, YOLOv5n-spd, YOLOv5n-
small, and YOLOv5n-small-spd—with space-to-depth convolutions. As shown
in [TABLE:V], improved models achieved average mAP@Q.5 improvements of
approximately 2.5% and mAP@.5:.95 improvements of about 1.5%. Space-to-
depth convolution effectively improves model performance while optimizing com-
putational complexity, proving highly effective for small object detection.

[TABLE:V]
ABLATION STUDY ON SPD-CONV

Base With Space-to-Depth mAP mAP
No.  Method Convolution @.5(%) @.5:.95(%)
YOLOv5n-
spd
3 YOLOv5n-  YOLOv5n-spd-tr
tr
4 YOLOv5n-  YOLOv5n-STD
small-tr

V. Conclusion

This paper proposes YOLOvV5-STD, an improved small object detector based
on YOLOv5. We incorporated several techniques to address small object de-
tection challenges, including a small object detection head, transformer, and
space-to-depth convolution. YOLOvV5-STD demonstrates particular strength in
object detection for UAV imagery. Extensive experiments on the VisDrone2022-
DET dataset show that our improved models achieve superior detection re-
sults, confirming the feasibility of our approach. Furthermore, ablation studies
thoroughly demonstrate that the small object detection head, transformer, and
space-to-depth convolution each contribute positively to small object detection,
validating the effectiveness and stability of our improvements. This work can
help developers and researchers achieve better performance in the analysis and
processing of UAV imagery.
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