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P R O

Abstract: Pedestrian object detection plays a significant role in intelligent systems such as intelligent traffic and
monitoring. Traditional machine learning methods on pedestrian detection have shown various drawbacks,
e.g., low accuracy, slow speed, etc. The Convolutional Neural Network (CNN) based object detection
algorithms have demonstrated remarkable advantages in the field of pedestrian detection. However, the
mainstream CNNss still face the problems of slow speed and low detection accuracy, especially on small and
occluded targets from aerial perspective. In this paper, we propose Multi-Scale Attention YOLO (MSA-YOLO)
detection algorithm to address the above issues. MSA-YOLO includes a Squeeze, Excitation and Cross Stage
Partial (SECSP) channel attention module for CNNss to extract richer pedestrian features with a small number
of extra parameters. It also contains a multi-scale prediction module to capture the information among
different pedestrian scales, which can recognize the small objects with higher accuracy and significantly reduce
the missed detection. To sufficiently evaluate our proposed model, we manually collect and annotate a new
benchmark dataset, Aerial Pedestrian Dataset, which has much more sample annotations, features, scenes and
image view angles than the existing benchmark datasets. In addition, the images in our dataset have higher
resolution than most of benchmark pedestrian detection datasets, which can provide more detailed features of
pedestrians and thus improve the model performance. When tested on Aerial Pedestrian Dataset, our proposed
MSA-YOLO algorithm significantly outperforms the most used baseline models with almost the same model
size. This shows the efficiency of our proposed model. (The code and new dataset will be released to the public
later.)

Keywords: pedestrian detection; aerial image; attention mechanism; multi-scale prediction; convolutional
neural network; new benchmark dataset

I. Index Terms Pedestrian Detection, Aerial Image, Attention Mechanism, Multi-Scale Prediction,
Convolutional Neural Network, New Benchmark Dataset. Introduction

Pedestrian detection from an aerial perspective has abundant application scenarios [1]. For
example, in the traffic field, the detection of the pedestrian can identify the residents who violate
traffic regulations and enhance traffic safety issues [2]. In disaster relief missions, the use of pedestrian
detection technology from an aerial viewpoint can assist rescue teams in quickly locating people who
are trapped or in need of assistance [3].

Nowadays, there are two mainstream methods to solve detection tasks, one is traditional
machine learning [4] and the other is deep learning [5]. The former approach consists of three phases)
Determine the position and range of the objects in the image) Feature extractors such as HOG
(Histogram of oriented gradients) are used to extract features [5]; 3) Support Vector Machine (SVM)
[6] is used to classify objects according to the extracted features. This algorithm is based on
appearance features, which uses the contour information of pedestrians for classification and
recognition. Since pedestrian images have different scales and spatial randomness, such detection
method has low accuracy and efficiency.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Since 2006, deep learning [7] has revolutionized lots of areas [8]-[12], including object detection
[13]. Two different methods, one-stage and two-stage algorithms, are used in deep learning for object
detection. The one-stage approach utilizes features extracted by convolutional neural networks for
classification and bounding box regression, and it is relatively fast in detection, e.g., SSD [14], YOLO
[13], RetinaNet [15], etc. The two-stage method, which has higher detection accuracy, takes much
higher computational cost [16] than the one-stage method. It begins by using the Region Proposal
Network (RPN) [17] to extract the objective region and a Convolutional Neural Network (CNN) is
used to categorize and identify the candidate region. R-CNN [18] and Faster R- CNN [17] belong to
this category. The two-stage methods have good robustness and higher detection accuracy, but the
model size and inference time will far exceed those of the single- stage YOLO algorithm.

Nowadays, deep learning based pedestrian detection algorithms still face the low detection
accuracy challenge [19] and there are two main reasons for it. The first reason is that the size of the
detected pedestrians varies widely in the image. In particular, the size of the pedestrians in some
regions of the image will be relatively tiny. This makes the model vulnerable to the detection of
small targets. The second reason is that the objects in the pictures are often accompanied by messy
background information, e.g., being covered by buildings, trees and other pedestrians, which leads
to lots of missed detection. Besides, we also lack high-quality benchmark dataset with sufficient aerial
perspective images to train the detection model.

To address the above problems, in this paper, we propose MSA-YOLO deep learning algorithm.
It has the Squeeze, Excitation and Cross Stage Partial (SECSP) channel attention mechanism module,
which can concentrate more on the layer of features that provide the most information and exclude
the information from the less significant aspects, so that the accuracy of the detected objects can be
improved. In addition, MSA-YOLO includes a multi-scale prediction module to increase the
capacity on the recognition of relatively small objects in the images and decreases the rate of missed
detection. These two proposed methods effectively address the problems caused by the
inconspicuous pedestrian features in the images and the small size of pedestrians. To sufficiently
train and evaluate our model, we collect and annotate a new benchmark dataset, Aerial Pedestrian
Dataset. After comparison with baseline models on Aerial Pedestrian Dataset, we found that MSA-
YOLO significantly outperform the baselines 2.3% without adding much computational cost.

In summary, the main contributions of this paper are as follows:

e  We proposed the Squeeze, Excitation and Cross Stage Partial (SECSP) channel attention module,
which can extract the feature more accurately and effectively.

e  Then, we propose a multi-scale prediction module, which can capture multi-scale information for
small and occluded pedestrians.

. To assess the pedestrian detection models, we created a new dataset, the Aerial Pedestrian Dataset,
which contains 1200 aerial images with approximately 22800 labeled samples. The advantages of our
proposed dataset are the richness of image samples, high image resolution, complexity of the scene.
And compared to the currently existing pedestrian detection datasets, the camera angle we used is
main from aerial view, which is unique and can fill the gap in the current pedestrian detection
datasets.

The paper will be organized as follows: In Section II, we introduce current research on
deep learning approaches to pedestrian detection, covering innovative strategies for facing
occlusion detection and attention mechanisms; in Section III, we introduce the principle and structure
of One-stage Neural Network and SENet in detail, which are important skeletons for our proposed
model; in Section IV, we propose the SECSP Attention Module and Multi-scale Prediction
Module and name our proposed algorithm as MSA-YOLO in order to enhance the
feature extraction capability for small and occluded pedestrians; in Section V, we
introduce our own dataset as well asthe current publicly available dataset, and evaluate
the capabilities of MSA-YOLO with each of these datasets. Besides, we conduct ablation study to
verify the effectiveness of our proposed method; in Section VI, we summarize the merits of MSA-
YOLO and Aerial Pedestrian Dataset.
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IL. Related Work
A. Deep Learning-Based Pedestrian Detection

The authors in [20] propose an approach for detecting occluded pedestrians. It enhances visible
pedestrian areas while suppressing occluded pedestrians by modifying full- body characteristics.
Additionally, they describe the occlusion- sensitive hard sample mining strategy, which prioritizes
detection failures in highly obstructed pedestrians by mining hard samples based on the degree of
occlusion. To enhance pedestrian identification, Hsu et al. [21] suggest a brand-new stationary
wavelet dilution residual super-resolution (SWDR- SR) network. In order to better maintain
boundary features and enhance pedestrian recognition, they also suggest a novel low- to-high
frequency connection technique (L2HFC). SWDR-SR performs better in identifying small-sized
pedestrian pictures compared to baseline methods. In [22], the authors describe a novel Pose-
Embedding Network for pedestrian identification that combines the Pedestrian Recognition Network
(PRN) and the Region Proposal Network (RPN). The functions of these two networks are to produce
candidate regions, raise confidence levels, and get rid of false positives. The effective- ness of their
proposed method in comparison to the state-of- the-art (SOTA) method was demonstrated using the
Caltech, CityPersons, and COPpersons datasets. In [23], the authors propose a new deep small-scale
sense network for pedestrian detection, which can generate the proposed areas to detect small-scale
pedestrians effectively. Additionally, they add a brand-new cross-entropy loss function to boost the
loss contribution of minute pedestrians, which are challenging to detect. Their method shows
outstanding detection performance on both the VIP pedestrian and the Caltech pedestrian datasets.
In [24], the authors propose a new multi-scale network to detect pedestrians with the most suitable
feature maps at a specific scale by matching their perceptual fields to the object size and introducing
an adversarial hidden network to enhance the robustness. With a detection speed that is twice as
quick as the original network, their technique reaches cutting-edge performance. Luo et al. [25]
propose Sequential Attention- based Distinct Part Modeling to get higher classification and regression
accuracies. And their proposed method improves the mean average precision against baseline
models by a large margin when evaluated on Caltech and Citypersons datasets. Hsu et al. [26]
propose the Ratio and Scale Aware YOLO (RSA-YOLO) strategy to address the issue of low detection
accuracy due to the high small pedestrian ratio. In addition, they use intelligent segmentation to split
the image into two local images to solve the problem of large differences in aspect ratio. In the results,
the proposed method achieves superior performance on ETH and VOC 2012 comp4 datasets
compared with baseline models.

B. Attention Mechanism for Pedestrian Detection

Du et al. [27] propose a synthetic aperture radar (SAR) object detection algorithm, and they
enhance the network by including a multi-scale feature attention module (MFAM). By applying
channel and spatial attention processes to the multi- scale feature maps, the MFAM can highlight the
crucial in- formation and decrease the interference brought on by clutter. The efficacy of the proposed
method has been validated by significant experimental results based on the measured SAR dataset.
In [28], the authors suggest a gaze tracking technique that incorporates the local and global binocular
spatial attention mechanisms (LBSAM and GBSAM, respectively) into a network model. The Gaze
Capture dataset is used to validate the proposed strategy, and the results show that it performs
significantly better compared to existing methods. Hu etal. [29] describe a hybrid attention method
for lung cancer picture segmentation that combines a spatial attention mechanism and a channel
attention mechanism. The hybrid attention module is applied in DenseNet convolutional neural
network [30], and their proposed method improves 24.61% compared to the baseline method in lung
tumor medical im- ages. In [31], the authors propose a residual channel attention module to suppress
thin clouds in images and enhance ground scene details. The proposed method shows superiority
against SOTA method in reconstructing rich ground  scene details when tested on real and
synthetic multi-cloud images. In [32], the authors introduce a new spatial pyramidal attention
network (SPANet) that uses structural information and channel relations to better represent features.
Experiments show that their proposed attention module has less parameters and is 2.3% higher in
mAP compared with the baseline method. In [33], the authors introduce the Self-Attention Module
(SAM) as part of the architecture of YOLOv3. When evaluated on the BDD100K and KITTI datasets,
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their proposed method shows approximately 2.6% mAP improvement compared to the original
yolov3 network.

III. Preliminaries

In this section, we will introduce One-stage Object Detection Algorithm and Squeeze and
Excitation Network, which are the two backbones of our proposed methods.

A. One-stage Object Detection Algorithm

One-stage algorithm is one of the most used neural network frameworks for object detection
tasks. This one-stage network has the merits of fast detection speed and auto anchor, and it is
favored in practical applications. As shown in Figure 1, this network consists of backbone, neck and
head parts. These three parts play different roles separately: the backbone is to extract image features,
the neck is to mix and combine features, and the head is to predict the results. The images will be sent
to the backbone network at the initial step. If the images are not square, the border of the pictures
will be filled with blank, and the size of the images will be resized to 640x640 pixels. Then, we can
obtain a feature layer after each Cross Stage Partial (CSP) module [34] that can be enhanced to learn
more features, for a total of four feature layers with sizes of 160 x 160, 80 x 80, 40 x 40 and 20 x 20.
Then, after processing by the Spatial Pyramid Pooling-Fast (SPPF) module, feature map fusion of
partial features and global features is achieved.

'

CSP2[80,

80, 256]  Oetect |
CsP3[40, ﬁ

40, 512] _'m
CSP4[20,

20, 10041 - —

SPPF[20,
20, 1024]

Backbone ; \ Neck ; Y Head

Figure 1. Structure of One-Stage Object Detection Algorithm.

In the next stage, as shown in Figure 1, the effective feature map output from the backbone part
is delivered to the neck part of the network from CSP2, CSP3, and SPPF, respectively. The neck part
is composed of Feature Pyramid Networks (FPN) [35] and Path Aggregation Network (PAN)
structure [36]. The combination of these two structures can fuse the feature layers of different shapes
to extract better features. Eventually, the three feature layers which are acquired in the neck part are
fed into the head part and the results are output using the CIOU loss function [37] and the Non-
Maximal Suppression (NMS) algorithm. Typically, one-stage network has three detection
heads: if we input 640 x 640 size images, we can get 80x80 feature maps for detecting 8x8
size objects, 40x40 feature maps for detecting 16x16 size objects and 20x20 feature maps for 32x32
size objects.

B. Squeeze and Excitation Network

Squeeze and Excitation Network (SENet) is a convolutional neural network which incorporates
the squeeze and excitation block, i.e., an attention module. The attention mechanism module only
adds a tiny number of extra parameters, which has very little impact on training speed and enables
the network to improve model accuracy by focusing more on features that are more important to the
task at hand.

As the architecture shown in Figure 2, the input feature map X € is fed into
the header in the attention mechanism module, where W', H and C' stand for the feature

RH’xW’xc’
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width, height, and number of channels. Afterward, the output of feature layer U= {ul, u2, ...,
uC} € R#*W*C js produced by confounding the input feature map

Figure 2. Squeeze and Excitation block.

Ug =VexX =Y5,VE X5 M

where V. isthelearned filter kernel set and * represents the convolution operation. The network
can be made more sensitive to the information aspect with the above multi- channel convolution.

In the next step, the Squeeze operation is performed on the feature map U to turn the two-
dimensional feature channel into a scalar number. In other words, the feature map U € RHXWXC g
converted into a 1x1xC output, which can have a global perceptual field to some extent. The formula
is shown in Equation (2), where F;, indicates the global average pooling. It not only reduces the
number of parameters in the module but also avoids the negative effects of too many channels on
model aggregation.

Ze = Foq(ug) = e MLy By uc (i) v

After we have obtained a feature layer of size 1x1xC, the feature layers will be fed into two
fully-connected layers to learn an adaptive weight for each channel and thereby decide which
channels are more important to focus on.

IV. The Proposed Method

In this section, inspired by the YOLO [38] network architecture and the SENet attention
mechanism, we propose Multi- Scale Attention YOLO (MSA-YOLO), which contains the Squeeze,
Excitation and Cross Stage Partial (SECSP) attention module and the multiscale prediction module.

A. SECSP Module

The neck of the YOLO network is made of FPN and PAN structures, however, FPN and PAN
have limited feature extraction capabilities in complex scenes such as pedestrian targets that are
occluded by obstacles. To enhance the feature extraction capability of FPN and PAN in complex
environments and focus more on the essential features of the pedestrian objects, in this section, we
introduced Squeeze, Excitation and Cross Stage Partial (SECSP) channel attention module.

The Squeeze and Excitation Network (SENet) is added to the PAN structure of the network,
following by the CSP layer, so that the Occluded and small-sized pedestrian features in the image
can be captured more effectively. As shown in Figure 3, in SECSP module, the input feature maps
first flow through a Convolutional-BatchNorm-LeakyReLU (CBL) layer that contains convolutional
operations to extract spatial features, batch normalization to stabilize the learning process and
accelerate convergence, and a Leaky ReLU activation function to introduce nonlinearity and facilitate
gradient propagation. The feature map is then processed through an additional convolutional
layer, while at the same time a portion of the original input feature map goes directly into
another convolutional layer. These two feature streams are processed through the convolutional layer
and then merged at the Concat layer to integrate different levels of information. Subsequently, the
merged feature maps are fed into the SENet module, where the features are recalibrated through the
channel attention mechanism to highlight important information and suppress interfering
information. This pipeline is demonstrated in Figure 3, which effectively improves the detection
accuracy and model robustness.
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Figure 3. Structure of SECSP.

B. Implements Multi-Scale Prediction Module for Small Objects

The pedestrian detection task is unique in that the size of the pedestrians in the images varies
widely. The detection results of YOLO convolutional neural network on the test set reveals that some
pedestrians that occupy a relatively small portion of the image cannot be detected. To reduce the
missed detection rate of the small-size pedestrian detection, we proposed Multi- Scale Attention
YOLO (MSA-YOLO) pedestrian detection algorithm. The network structure is shown in Figure 4.

New-
Detect

CSP1[160,
160, 128]

CSP2[80,
s
CSP3[40,
20,512 —

SPPF[20,
20, 1024]

Figure 4. Structure of MSA-YOLO.

The original PAN can only output three effective feature layers that can provide three prediction
scales. In addition, due to the large down-sampling multiplier and excessive perceptual field of the
YOLO network, locating the feature information of small objects on deeper feature maps is quite
challenging, therefore the effectiveness of small object detection is not satisfactory. To address the
issues of insufficient precision and high miss detection rate brought by the scale discrepancies in the
images, we introduced a multi-scale prediction module to the PAN structure. As shown in Figure 4,
the new feature layer is created by merging feature maps from the backbone network’s second and
third CSP layers with the first CSP layer, post two CSP and convolution operations at the FPN. This
process results in a 160x160 feature map, achieved through the Concat operation. The new feature
layer is used to detect small objects of 4x4, which can effectively fuse the shallower feature maps with
the deeper feature maps, thus enhancing the feature extraction capability and improving the
detection accuracy of tiny targets. Although this method increases the computational cost and
reduces the inference speed to some extent, the detection results are significantly improved,
especially for the small targets, which are often missed by YOLO.

V. Experiments
A. Hardware, Software and Hyperparameters

In this paper, we used the Windows OS version of the PyTorch framework to build our model.
The hardware device environment was an NVIDIA GeForce RTX 3090 with 24GB GPU and 64 GB of
RAM with 2933MHz. During the training of the model, we set the hyperparameters the same as
YOLO, with a learning rate of 0.01 and a weight decay rate of 0.0005, and SGD as optimizer.

B. Datasets
e  Public Dataset
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The dataset we use is called the CrowdHuman dataset. Each image in this dataset contains an
average of about 23 pedestrian samples. The images in this dataset were obtained by the authors from
the Internet. Most of the images were taken from a human eye-level perspective, and only a small
portion of the images were taken at a slightly overhead angle. The samples of this dataset are shown
by Figure 5.

Figure 5. Samples of CrowdHuman Dataset.

e  Aerial Pedestrian Dataset

We collected and created a new dataset, Aerial Pedestrian Dataset (APD), to evaluate the model.
The samples of APD are demonstrated in Figure 6. Our dataset elevates pedestrian detection to new
heights with its aerial perspective and a high resolution of 5472 x 3078 pixels, providing a level of
detail unprecedented in current public datasets. In addition, our dataset contains a variety of scenes,
such as plazas, streets, outdoor stadiums, and campus business districts. And the dataset contains
images of extreme situations, such as pedestrians covered by umbrellas and pedestrians exposed to
strong sunlight, which can lead to the lack of distinctive features of pedestrians. Most publicly
available pedestrian detection datasets are collected from a human eye-level perspective. These
datasets typically feature images with relatively low resolution and exhibit a limited diversity in
samples [39]. However, our aerial dataset captures a wider scene, offering a richer array of samples
for superior model training. This expansive dataset, with its abundance of annotated samples, is a
robust resource for developing advanced detection models that require detailed environmental
understanding and can handle complex, real-world scenarios with higher accuracy.

Figure 6. Samples of APD.

The image in our dataset is collected by DJI Mavic Air 25 drone with three shooting angles of 35
degrees down, 45 degrees down and 55 degrees down. The dataset is composed of abundant sample
types, with a total of 1200 images and about 22800 labeled samples and it contains two heights of
7.5m and 10m. This not only enriches the sample types but also allows the network to learn more
pedestrian features for better application to real-world scenarios, which further enhances the
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robustness of the models trained on this dataset. Since our dataset is collected from an aerial
perspective, it provides a unique perspective for pedestrian detection that differs from existing
benchmark datasets. A key feature of our dataset is the ability to evaluate the model’s ability to detect
small targets comprehensively, a challenge often overlooked in traditional datasets.

C. Results

(1) Comparison with other baseline models using the public dataset

In this section, we use the publicly available dataset Crowd Human Dataset to evaluate our
proposed network. As we can conclude from Table 1, our proposed algorithm slightly outperforms
YOLO and Fast R-CNN in terms of mean average precision values. And the performance of the
average accuracy values of the method we use in this dataset is in line with that of the Faster R-CNN
and our model size is much smaller than that of Faster R-CNN. As shown in Figure 7, we evaluate
YOLO and our proposed MSA-YOLO network using publicly available datasets and as can be seen
from the visualization results in Figure 7, our proposed algorithm, has a slightly lower missed
detection rate and false detection rate than the YOLO algorithm. The green boxes in the picture
represent missed and false detection targets, while the red boxes represent correct detection results.

Figure 7. The visualization performance using CrowdHuman Dataset. (a) and (b) shows the detection results of
YOLO, (c) and (d) shows the results of our proposed MSA-YOLO (Zoom up the figure to see the prediction
confidence more clearly).

Table 1. COMPARISON RESULTS USING public dataset.

Methods Backbone mAP Size
YOLO Darknet 77.9% 40.2M
Fast R-CNN VGG-16 76.8% 227.5M
Faster R-CNN ResNet50 78.3% 337.1M
MSA-YOLO (Ours) Darknet 78.3% 45.1M

(2) Comparison with other baseline models using the APD dataset
To compare with other baseline models, we test YOLO, Fast R-CNN [40] and Faster R-CNN [17]
on APD dataset. The results are reported in Table 2. It can be observed that our proposed MSA-
YOLO significantly outperforms YOLO with slightly larger model size and outperforms Fast R-CNN
and Faster R-CNN with significantly smaller model size. This again shows the efficiency of our
proposed model.
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Table 2. COMPARISON RESULTS using apd dataset.

Methods Backbone mAP Size
YOLO Darknet 94.7% 40.2M
Fast R-CNN VGG-16 95.8% 227.5M
Faster R-CNN ResNet50 96.6% 337.1M
MSA-YOLO (Ours) Darknet 97.0% 45.1M

To visualize the advantages of MSA-YOLO against YOLO on detecting small objects, we show
the detection results of YOLO and MSA-YOLO in Figure 8. The green rectangular boxes in the images
represent detection errors and missed detection, and the red rectangular boxes represent correct
detection results. We can find that the proposed MSA-YOLO has significantly reduced the missed
detection of small objects and increased the prediction confidence of the correct detection.

(c) (d)

Figure 8. The visualization performance using Aerial Pedestrian Dataset. (a) and (b) shows the detection results
of YOLO, (c) and (d) shows the results of our proposed MSA-YOLO (Zoom up the figure to see the prediction
confidence more clearly).

The visualization of the MSA-YOLO outputs in more complicated and difficult scenarios are shown in Figure 9.
The visualization results indicate that the proposed MSA-YOLO can still detect pedestrians in the places with
low light intensity, obscured by foliage and in crowded square with low detection errors and high prediction
confidence.

(@) (b)

Figure 9. The visualization performance. (a) shows the detection results in a place with low light intensity and
obscured by foliage, and (b) shows the detection results in a crowded square (Zoom up the figure to see the
prediction confidence more clearly).

(3) Ablation Study

We conduct ablation experiments on Aerial Pedestrian Dataset to verify the effectiveness of the
components in our new model. The average accuracy values for each category, i.e., the mAP values,
are reported to assess our model. As shown in Table 3, the baseline YOLO model achieves an average
accuracy value of 94.7%. When the attention module is added, the accuracy increases to 95.1% (1 0.4%)
and when the multi-scale prediction module is included, the accuracy increases to 96.4% (1 1.7%).
The performance enhancement of the two partial models shows the effectiveness of the attention and
multi-scale prediction module. When both modules are added, the full model shows significant
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improvement with an average accuracy of 97.0% (1 2.3%), but the required memory is almost the
same as the baseline YOLO. This shows the efficiency of our proposed model.

Table 3. ABLATION STUDY RESULTS.

Methods SECSP Multi-scale Prediction mAP Size

x A x x x A 94.7% 95.1% 96.4% 40.2M 40.5M 44.8M
YOLO

MSA-YOLO (Ours) v v 97.0% 45.1M

VI. Conclusions

In this paper, we propose the MSA-YOLO detection algorithm which has a stronger and
lightweight attention mechanism module, SECSP, for feature extraction. In addition, a multi-scale
prediction module is added to the network for the detection of small-sized objects. The combination
of these two modules leads us to the proposed MSA-YOLO.

Besides, we collect and build a new dataset, Aerial Pedestrian Dataset, which contains a great
number of occluded pedestrian objects with various sizes. The ablation study, comparison with
baseline and visualization of detection results on CrowdHuman Dataset and Aerial Pedestrian
Dataset all show the efficiency of our proposed MSA-YOLO model.
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