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Abstract

Accurately counting the number of dense objects, such as crowds or vehicles, in an image
is a challenging and meaningful task widely used in public safety management and traffic
flow prediction. The existing CNN-based density map estimation methods are ineffective
for extracting the counting features of long-distance queuing vehicles in traffic jams; In
addition, these methods do not focus on counting in complex scenes, such as vehicle count-
ing in the human-vehicle mixed scenes. To tackle this issue, we propose MSCNet, a novel
multi-scale dilated convolution channel-aware deep network for vehicle counting. The
proposed network solves the problem of scale variation for long-distance queuing vehi-
cles and improves the ability to extract vehicle features in human-vehicle mixed scenes.
The MSCNet consists of a front-end module and three functional modules: the front-end
module is used to extract the initial features of the counting image; the direction-based per-
spective coding module (DPCM) encodes the perspective information of the image from
four directions to extract continuous long-distance features; the multi-scale dilated residual
module (MDRM) can densely extract the large-scale variation features; the channel-aware
attention module (CAM) effectively enhances the channel features that are important for
vehicle counting in mixed human-vehicle scenes. The MSCNet has conducted extensive
comparative experiments on the TRANCOS dataset, the VisDrone2021 Vehicle&Crowd
dataset, and the ShanghaiTech dataset. The experimental results show that the MSCNet
outperforms the state-of-the-art counting networks for dense vehicle counting, especially in
mixed human-vehicle scenes.
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1 Introduction

Object counting is used to count the number of objects in some scenes of interest for
images or videos, such as vehicle counting in traffic jam scenes [1], crowd counting in
outdoor public scenes [2], and specific bacteria or cell counting in microscopic observation
scenes [3]. Object counting has many applications in traffic flow prediction, public safety
management, and biological and medical research. Vehicle counting is vital in urban traf-
fic planning and Intelligent Transportation Systems (ITS) [4] management in smart cities.
Studying vehicle counting involves research from multiple disciplines involving computer
vision, machine learning, deep learning, and pattern recognition. Therefore, the research
on vehicle counting has attracted much attention in recent years and has the potential for
sustainable development [5].

Object counting approaches in images or videos have been classified into four catego-
ries: detection-based approaches [6], clustering-based approaches [7], regression-based
approaches [8], and density map-based approaches [9]. The detection-based counting
approaches usually rely on the accurate segmentation and detection of a single counting
target, while dense objects are often heavily occluded and challenging to segment accu-
rately. Therefore, this approach is unsuitable for dense vehicle counting in traffic jam sce-
narios. The clustering-based counting approaches are generally used for object counting
in the video. For example, Antonini et al. [10] obtained the object trajectory through a
tracking algorithm and then performed a clustering analysis on the trajectory. However,
the target tracking algorithm is unsuitable for calculating dense vehicles in traffic jams in
one image. The regression-based approaches usually estimate the number of objects in an
image by building a regression model between regional image features and the number
of counted objects in that region. For example, Liang et al. [8] used image features such
as regional size, edge gradient, and image texture to derive a region regression model for
counting vehicles on highways. The regression-based approaches can be used to calculate
the number of vehicles in traffic jams to obtain high counting accuracy for dense objects in
a relatively fixed background. However, the approaches essentially lose the spatial infor-
mation of counting vehicles in the image. In 2010, Lempitsky et al. [11] innovatively pro-
posed an object counting method based on density map regression. This method differs
from the previous regression-based approaches, which focus on mining spatial information
data and satisfying the dense object counting in crowded scenes. The density map-based
approaches are well suited for massive dense object counting, especially for dense vehi-
cle counting in traffic congestion scenarios. With the advent of deep learning, Convolu-
tion Neural Networks (CNN) have achieved great success in various computer vision tasks,
which prompted researchers to use CNN for data mining to replace traditional feature
extraction methods and learn complex functions between input images and density maps.
These methods [9, 12—-14], based on CNN can deal with severe occlusions between dense
objects in images and generate estimated density maps more accurately and faster than tra-
ditional methods, thus obtaining an accurate number of objects.

The density map regression method using CNN can effectively deal with severe occlu-
sions in dense vehicle counting. However, many other problems, such as perspective
changes, large-scale variation, and complex backgrounds, still need to be researched and
solved. Among them, the large-scale variation is the main issue because the scales of the
object in the image will vary with their distance from the camera lens, and the range of
scale variation is very large for long-distances queuing dense vehicles in an image. The
perspective changes will also powerfully lead to the scale variation of the vehicle counting
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in traffic congestion scenarios. Many multi-column networks based on CNN [14] have been
proposed to handle scale variation for better counting accuracy. Although these methods
have improved the counting performance of the networks, the scale diversity they captured
is limited by the number of network columns, and continuous scale variation is not taken
into account, so the features of continuous long-distance queuing vehicles in traffic jams
cannot be well extracted. Complex background regions in counting images mainly include
mixed objects with similar appearance or color to the foreground, and the problem can
be generally suppressed by semantic segmentation or visual attention mechanism, such as
[15]. However, most of these methods are networks with multi-task architectures designed
for crowd counting, which are very complex and do not target the extraction of vehicle
features in the human-vehicle mixed scenes. In summary, the problem of long-distance
continuous scale variation of queuing vehicles in mixed scenes is the main problem to be
solved, and this paper mainly deals with these problems through deep data mining of spa-
tial information and channel correlation information.

We propose a novel multi-scale dilated convolution channel-aware deep network called
MSCNet for vehicle counting to alleviate such problems. MSCNet is a CNN-based sin-
gle-column but multi-branch deep network. The network adopts an end-to-end cascaded
framework, which can effectively mine the spatial data and channel correlation information
in the images, generate high-quality density maps and calculate the number of vehicles.
Firstly, the counting image is sent into the first ten layers of VGG-16 [16] for the initial
image feature extraction. In order to handle the problem of continuous perspective changes,
the direction-based perspective coding module is employed to encode global features
in four directions. This method also proposes a multi-scale dilated residual module that
extracts feature information of continuously changing scales. We use an efficient and flex-
ible cascading method to choose different dilated rates for layers within the module and use
residual connection way to handle the vanishing gradient caused by the deep network [17].
The multi-scale dilated residual module can sample an extensive scale range in a much
denser manner, thus handling the large-scale variation problem in dense vehicle counting.
In addition, the channel-aware attention module is used to learn the weights of different
channel features and enhance features of the vehicle to be extracted in mixed scenes. The
module introduces global features in the channel dimension to extract the essential count-
ing features hidden in the different channels. The experimental results based on benchmark
datasets show that the proposed MSCNet for dense vehicle counting outperforms the exist-
ing methods.

In total, MSCNet mainly consists of a front-end module and three functional modules: a
front-end module based on VGG-16 (VGG16), a direction-based perspective coding mod-
ule (DPCM), a multi-scale dilated residual module (MDRM), and a channel-aware atten-
tion module (CAM). The main contributions of this study can be summarized as follows:

1) The DPCM encodes the perspective information from four directions, which is suitable
for extracting the features of long-distance continuous queuing vehicles.

2) The MDRM is proposed to densely extract the object features at different scale vari-
ations, which obtains six sizes of receptive fields by combining three dilation rates.
The DPCM and MDRM are used to deeply mine the spatial information and solve the
problem of long-distance continuous scale variation for dense vehicle counting.

3) The CAM is a module with a channel-aware function. This module can deeply mine
the channel correlations to enhance useful features for vehicle counting in the human-
vehicle mixed scenes.

@ Springer



248 Geolnformatica (2024) 28:245-269

The subsequent sections of this paper are as follows: Section 2 discusses related works.
Section 3 introduces our method along with the implementation of technical details. Sec-
tion 4 describes the various comparative experiments and their results, and Section 5 draws
conclusions and presents directions for our future research.

2 Related work

The goal of the counting task is to make the computer accurately estimate the num-
ber of related objects in the image. As discussed in Section 1, summarizing the current
mainstream approaches, the object counting approaches based on computer vision can
be divided into four categories: the detection-based approaches, the clustering-based
approaches, the regression-based approaches, and the density map-based approaches. This
section reviews related studies on vehicle counting using the density map-based approaches
from traditional and CNN-based methods.

2.1 Traditional methods

In 2010, Lempitsky et al. [11] first proposed a dense object counting model framework
based on density map estimation. The main problem solved by this model is to count the
objects of interest in the image when the single object is crowded or occluded. The main
steps are as follows: Firstly, the ground truth image set of object density distribution (also
known as GT density maps later) is generated by manually annotated object center point
map, and the generation of the GT density map uses the Gaussian kernel function. Then,
taking the GT density maps as the training set, the image features are extracted at each
pixel position of the original image, and the regression model is trained to directly learn
the mapping relationship from pixel features to the GT density map. Finally, the predicted
density distribution map reflects the distribution of objects in the scene, and the number of
objects in any region can be obtained by integrating the regional density map. The tradi-
tional methods use manual design features, such as the gray value of the image, the color
value of the image, and SIFT features [11]. The regression model of traditional methods
usually adopts ridge regression and random forest regression [18]. In 2015, Pham et al.
[19] proposed learning the nonlinear mapping between local features of image blocks
and density maps. In 2016, Wang et al. [20] proposed a fast density estimation method
based on subspace learning to solve the problem of the low computational efficiency of
traditional methods. These methods only use traditional manual features to extract effective
information, so they are only suitable for specific counting scenarios and cannot efficiently
and flexibly guide the generation of high-quality predictive density maps to obtain more
accurate object counts.

2.2 CNN-based methods

In recent years, with the rapid development of deep learning, CNN has been widely used
in various tasks of computer vision. Fu et al. [12] first introduced deep learning into object
counting based on the density map in 2015 and used a CNN-based model to count crowds.
The model improves the speed and accuracy by deleting some parallel network connections
and cascading two ConvNet classifiers. Cross-scene model [13] belongs to the basic net-
work model, which is one of the earliest counting models using deep learning technology.
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Zhang et al. completed the optimization of the Cross-scene model by alternately training
the model with two tasks: density map estimation and regional crowd estimation. Inspired
by the successful application of multi-column deep neural networks [21] in the field of
image classification, Zhang et al. proposed a density map estimation model named Multi-
Column Convolutional Neural Network (MCNN) [14] based on multi-column networks.
The principle idea of the MCNN model is to use different sizes of receptive fields in each
column of the network to extract the features of the counting objects at different scales in
the image. Another contribution of the model is that it improves the traditional density
map generation algorithm based on Gaussian filtering and proposes an adaptive Gaussian
kernel method for the first time. Li et al. [9] proposed a single-column network CSRNet for
crowded scenarios, which abandoned the use of multi-column network architecture. The
core idea is to design a deeper model to capture higher-level features with larger receiving
fields and generate high-quality density maps without using more complex multi-column
networks. This network uses dilated convolutions to capture the higher-level receptive
fields and replace pooling operations. In contrast, CSCNet [22] proposed a shallow sin-
gle-column network, and the critical element was designed to obtain complementary scale
context and achieve high counting accuracy with limited network depth. In addition to
studying the improvement of various network structures, generating a high-quality GT den-
sity map and designing appropriate loss functions are also important factors that directly
affect the performance of the counting model. To solve the problem of large-scale varia-
tion, Zhang et al. [13] used different Gaussian kernels for the human head and body when
generating the density map. This method used the weighting of perspective normalization
parameters to calculate the size of the Gaussian kernel in each position of the scene. Zhang
et al. [14] found that the size of the head was related to the distance between two adjacent
people and proposed an adaptive Gaussian kernel method, which inspired much subsequent
research work. The method had a good effect in dense areas of the scene but was easy
to fail in sparse areas. The model training of CNN-based methods usually uses Euclidean
distance as a loss function, which leads to some disadvantages, such as sensitivity to outli-
ers (isolated counting objects). In addition, using the Euclidean distance will lose a part of
the local spatial correlation between the GT density map and the predicted density map.
Therefore, In Reference [23], a joint loss function of spatial correlation loss (SCL) and
spatial abstract loss (SAL) have been proposed to improve the quality of the predicted den-
sity map. Some of the above methods have also been used for dense vehicle counting with
good results. However, these methods are unsuitable for some complex traffic congestion
scenarios where long-distance queuing vehicle features contain high spatial correlations,
and the correlation information also hides continuous scale variations of vehicle count-
ing. In addition, these methods do not consider analyzing channel correlations in complex
human-vehicle mixed scenes to enhance the vital counting features of vehicles and make
the predictions more accurate.

3 Our method

This work aims to estimate the density map and count the number of vehicles in traffic jam
images using a novel multi-scale dilated convolution channel-aware deep network (MSC-
Net). In this section, we first define the dense vehicle counting in this paper, then introduce
the architecture of MSCNet, and finally present the function of the corresponding modules.
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3.1 Dense vehicle counting

The dense vehicle counting discussed in this paper refers to the count of dense vehicles in
traffic jams or human-vehicle mixed scenes. Our method can generate a predicted density
map for dense vehicles. Firstly, we use our method to predict an input image of dense vehi-
cles to get a high-quality estimated density map. Then the integral of the estimated density
map will obtain the accurate number of dense vehicles in the image.

3.2 Overview of the method

MSCNet is a single-column multi-branch CNN model that deals with continuous perspec-
tive changes, has large-scale variations, and fuses multiple information channels to enhance
counting features. The proposed model mainly contains the front-end module (VGG16) as
well as three other enhancement modules: the direction-based perspective coding module
(DPCM), the multi-scale dilated residual module (MDRM), and the channel-aware atten-
tion module (CAM), as shown in Fig. 1.

Referring to the CSRNet [9] network structure, we use the first ten layers of VGG-16
[24] and reserve only three pooling layers as our front-end module. Firstly, the input image
A is sent to the pre-trained VGG16 front-end module to obtain the feature map f}, as shown
in Eq. (1).

Jo = Fyea(A) (D

We use the transfer learning capability of VGG16 to extract the initial features of the
input image A. However, the features extracted by VGG16 have a limitation in the dense
vehicle analysis; VGG16 only encodes the limited receptive field over the entire input
image. We deploy three modules, DPCM, MDRM, and CAM, to enhance the initial fea-
tures to extract deeper spatial information and channel information of saliency. Our method
employs an end-to-end training process to encode and decode the input image into a high-
quality estimated density map, then obtain the number of dense vehicles.

3.3 DPCM

In the previous section, we mentioned the problem of continuous perspective changes
encountered in dense vehicle counting studies. The work uses DPCM to deal with this
problem, as shown in Fig. 2.

The DPCM uses SCNN [25] to encode the perspective information in the feature map
from four directions. The module adopts the feature map f, encoded from the front-end
module as the input and mainly includes four convolution layers: the left layer, the right
layer, the down layer, and the up layer. In Fig. 2, C, H, and W denote the feature map’s
channel, length, and width. The tensor is first divided into W slices in the left (and right)
layer. Then the first slice begins the convolutional operation. Each convolution layer
consists of a convolutional operation with a CX® size kernel and a ReLU activation
function, where w is a hyperparameter. Traditional CNN passes the output of this layer
to the next layer to apply convolutional layer operations; however, this module adds a
slice of convolutional output to the next slice as a new output and then continues to
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Fig.2 The direction-based perspective coding module (DPCM)

apply convolutional layer operations to the new output until all slices have been super-
imposed. To visually show the convolution operation of the left layer, the formula for
the feedforward computation of the left layer is defined as shown in Eq. (2),

Li, =Ly(L' +f), i=123.......W )

where Ly, (*) represents the left layer operation (Conv and ReLU), fWi is the ith feature
slice in the W direction. Similarly, the other three layers (right, down, and up layer) have
the same operation except for the sliding direction of the convolution kernel and the slic-
ing direction. Specifically, the slicing direction of the left (right) layers is from right (left)
to left (right) along the W direction, and the sliding direction of the convolution kernel on
each slice is from top to bottom; the slicing direction of the down (up) layers is from top
(bottom) to bottom (top) along the H direction, and the sliding direction of the convolu-
tion kernel on each slice is from left to right. This structure is mainly used to sequentially
encode the perspective information of the feature map from four directions and output the
feature map f,.

This module performs the convolutional operation in four directions to extract as
much information as possible about vehicle queuing features hidden due to perspec-
tive effects, while the density feature of the vehicle distribution is also hidden in the
information. DPCM transmits perspective information between pixel rows and pixel
columns of the image: the left and right layers transmit feature information from right
to left and from left to right along the W direction, and the down and up layers trans-
mit the information from top to bottom and from bottom to top along the H direction.
Since the perspective information of the whole image needs to be passed successively
between multiple rows and columns, the network structure becomes deeper. According
to the effectiveness of residual connection [26] on the deep network, this module also
uses the residual connection method for learning. In addition, such a design has other
advantages. The module does not change the channel dimension of the input feature and
introduces global spatial information into the feature map. In summary, these operations
effectively encode the spatial perspective information of the entire image. They are par-
ticularly suitable for extracting the object features of continuous long-distance shapes,
such as queuing vehicles with a robust spatial relationship but poor appearance clues in
traffic jam scenes.
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3.4 MDRM

As discussed in Section 1, the large-scale variation is a major research issue in dense
vehicle counting. The scale variation of densely arranged vehicles is almost continuous
across the whole image and has an extensive range, so it is necessary to extract the scale
variation features in the image more densely. As shown in Fig. 3, the MDRM mainly
extracts the image features at continuous variable scales.

The module mainly contains three dilated convolution layers with different dilation
rates of 1, 2, and 3. A 1x1 filter size convolution layer precedes each dilated convo-
lution layer to control the number of feature channels. Moreover, a standard convolu-
tion kernel with a 3 x 3 filter size (dilation rate=1) is adopted to fuse all concatenated
features from the front dilated convolution layers and reduce the number of channels
output at the end of the module. And a ReLLU activation function is applied after every
dilated convolution layer. Each dilated convolution layer within the module is densely
connected with other layers so that each layer can access all the subsequent layers and
transfer the feature information that needs to be extracted. After the dense connection,
the module converges multiple receptive fields, increasing the captured scale diversity,
as shown in Table 1. These three dilation rates are combined to form receptive fields of
six sizes. For example, when the dilation rate is 1, the size of the receptive field is 3 X 3;
when the dilation rate is 2, the size of the receptive field is 5 X 5; when the dilation rates
combination is 1 and 3, the receptive field is 9 x9.

The dilated convolution has been demonstrated in object segmentation tasks and can
significantly improve the model accuracy. Compared with the pooling layer, the dilated
convolution can retain the spatial information of the feature map. Although the deconvo-
lution layer also preserves spatial information, it increases the additional complexity and
execution delay of the model. The dilated convolution is a better choice, which uses sparse
kernels instead of the pooling layer and convolution layer, and it can extract the spatial
information of queuing vehicles at multi-scale. The dilated convolution extends the recep-
tive field without increasing the number of parameters. In the dilated convolution, a small
size convolution kernel with a kxk filter is amplified to k+ (k—1)x(r—1) by different
dilation rates r. This module uses 3 X 3 convolution kernels with three dilation rates (1,2,3)
to form six receptive fields of different sizes, which can densely extract large-scale features
and retain spatial information. In addition, the module also designs a residual connection to
deal with the gradient vanishing problem in deep networks.

In this module, a meaningful way to efficiently use the multi-scale information is to con-
catenate all captured multi-scale features with the original input feature f,. This operation
adds the input feature of the module to the output feature, which becomes f;. The function
C (*) represents the concatenation of four feature maps: f., f;, f>, f;, and execution of the
3% 3 convolution operation is then performed to complete the channel fusion. The opera-
tion shown in Eq. (3) will also retain more initial feature information after dense multi-
scale dilated convolution processing, which can integrate the image feature fc and multiple
multi-scale feature information.

fi=fo+ C([fafinfoufi]) 3)

MDRM achieves receptive fields of six sizes by combining three dilation rates, thus
more densely extracting image features at different scales and preserving spatial informa-
tion. The cooperative use of DPCM and MDRM can better extract the features of long-
distance continuous large-scale variations for dense vehicle counting.
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Table 1 The multiple receptive fields of dilated convolution layers
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3.4.1 CAM

After encoding by DPCM and MDRM, the feature f, is sent into the CAM, as shown
in Fig. 4. DPCM and MDRM extract continuous multi-scale spatial information and
complete features fusion in the spatial dimension, while CAM performs features fusion
in the channel dimension. Some image classification tasks [27] also use such a module.
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Fig.4 The channel-aware attention module (CAM)
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These tasks use channel attention mechanisms to extract important learned features hid-
den in the different channels of the feature map.

As discussed in Section 1, the module can learn the importance of different feature
channels. Specifically, the model learns to obtain weights for each feature channel, then
uses these weights to enhance useful counting features and suppress unimportant chan-
nels for vehicle counting tasks. The whole procedure can be described as Eq. (4).

f. =f;+®(GAP(f;,C)) of; (4)

The feature map f; is represented as a tensor Wx Hx C (width, height, channel), and
the tensor is first averaged to a 1 X 1 X C tensor by performing a global average pooling
(GAP) operation on the W and H dimensions. The GAP function averages the infor-
mation contained by all pixels in the image as a single value, which masks the spa-
tial distribution information of the feature map and introduces attention to the channel
dimension. This operation encodes spatial features as global features in each channel.
Then, the function @ (*) is used to process the 1x 1 X C tensor to obtain the channel
correlation. The function consists of a bottleneck network structure with two fully con-
nected layers, a ReLU function, and a Sigmoid function. In this way, more attention can
be paid to the correlation between channels while ignoring the correlation in spatial
distribution, and the weight coefficient W, (value: 0-1) of each channel can be obtained
by Sigmoid function activation. Then, the weight coefficient of each channel is mul-
tiplied by the original input feature f; to enhance the input feature f; on the channel
dimension. Finally, the enhanced feature f, is concatenated with the input feature f; to
further enhance the feature map’s representation. After CAM processing, the enhanced
feature f, is fed into a decoder consisting of several convolution layers to generate a
predicted density map to obtain the target number. In essence, the CAM implements the
attention mechanism on the channel dimension. This attention mechanism enables the
model to pay more attention to the channels with more informative features and sup-
press those channels that are not important for counting features. Different feature chan-
nels introduce global information through the GAP function, and some channels show
high activation states, which are related to specific vehicle counting features that need
to be learned. Therefore, the CAM module can effectively extract important channel
features for vehicle counting to generate an accurately predicted density map in human-
vehicle mixed scenes.

4 Experiments
4.1 Experimental setup

The MSCNet is built on Ubuntu 18.04 and Pytorch 1.11 experimental environ-
ments. The important supporting hard-wares are Intel Core™ i7-12,700 4.7 GHz and
GeForceRTX3090. The model is trained using the L2 loss function and Adam optimizer,
and the learning rate is 0.00001. The hyperparameter @ in the DPCM module is set as
9. Data augmentation is used for training, where the original input image was randomly
cropped to 1/2 of its original size and flipped horizontally. Accordingly, density maps used
as training labels are cropped and flipped correspondingly. The affine transformation is
used to make the size of labels consistent with the training output image size.
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4.2 Evaluation Metrics
In this paper, we test the model using standard evaluation metrics for density map regres-
sion methods: mean absolute error (MAE) and the root mean squared error (RMSE) [28],

which are defined as Eqgs. (5) and (6),

MAE = IlVZA; ¢~ 7| 5)

RMSE = \/%21 (¢, - COT) ©)

where N is the total number of the test images, C;°” is the ground truth of the object count,
and C; is the predicted object count.

The Grid Average Mean Absolute Error (GAME) [29] is also used for model evaluation
on a specific dataset during the experiment. The GAME error is defined as Eq. (7),

GAME(L) = %Z: 2; (|C§ —cly,

where N is the total number of test images, and C is the predicted object count of the input
images within region /. C’FT represents the ground truth object counting within the corre-
sponding region. For each level L in Equation, the GAME(L) uses 4" non-overlapping grids
covering the entire image to segment the image. For example, when the value of L is 0, the
GAME is equivalent to the MAE.

In addition, standard deviation (SD) is used to evaluate the predicted density maps,

which are defined as Eqs. (8),
1 N 2
D=\/ﬁ§i=1(Pi—p) ®)

where N is the total number of pixels in the predicted images, and P; is the value of the
pixel. u is the pixel average.

) )

4.3 Comparisons with state-of-the-art

This study conducted comparative experiments with state-of-the-art methods on five dif-
ferent public datasets: TRANCOS [29], VisDrone2021 crowd & vehicle [30], and Shang-
haiTech Part_A & Part_B [14]. The experiment results show that the proposed MSCNet
model achieves excellent counting results on these five datasets. The statistics of these five
datasets are shown in Table 2.

The TRANCOS dataset is a vehicle counting dataset for traffic jam scenes. The public
transport dataset captured by road monitoring equipment also provides the region of inter-
est (ROI) for evaluation. The dataset contains 1,244 images of crowded traffic scenes from
different perspectives and 46,796 annotated vehicles.

The VisDrone2021 challenge dataset is derived from an object detection dataset with
annotated bounding boxes for the targets. We modify the original dataset into two data-
sets of object counting: the vehicle dataset and the crowd dataset. The original dataset
includes 11 categories of detected objects, and the categories of pedestrians and people
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Table 2 Statistics of different datasets

Dataset Images Count Statistics Average Resolution
Max Min Total

TRANCOS [29] 1,244 107 9 46,796 640x480

VisDrone2021 Vehicle [30] 5,581 390 9 199,986 991x 1511

VisDrone2021 People [30] 3,440 298 9 108,987 969 x 1482

ShanghaiTech Part_A [14] 482 313 33 241, 677 589868

ShanghaiTech Part_B [14] 716 578 9 88, 488 768 x 1024

are screened out to form a crowd dataset (VisDrone2021 crowd dataset). The annotation
object of the new crowd dataset is the central coordinate of the head, and the annotation
operation is redefined as Eq. (9).

bboxwidth

People[X,Y] = [bboxleft + ,bboxmp] )

In the same way as the method used to modify the VisDrone2021 crowd dataset,
we select category car, category van, category truck, and category bus to form a vehi-
cle dataset (VisDrone2021 vehicle dataset). The object annotation operation of the new
vehicle dataset is defined as Eq. (10).

(10)

bbox, bbox, .
Vehicle[X,Y] = [bboxleft + width hmgh[]

5 s bboxmp + 3

The ShanghaiTech dataset is a crowd dataset containing 1,198 images with 330,165
annotated persons. The dataset consists of two sub-datasets: the ShanghaiTech Part_A
dataset with 482 images and the ShanghaiTech Part_B dataset with 716 images. The
ShanghaiTech Part_A is a dataset with extremely crowded crowd scenes, with a total
of 241,677 annotated persons; the ShanghaiTech Part_B is a relatively sparse dataset of
crowd scenes, with a total of 88,488 annotated persons.

Figure 5 shows the comparison results of MSCNet with other methods on the TRAN-
COS dataset. The TRANCOS is a challenging dataset with various images from dif-
ferent perspectives and severe vehicle occlusion. The existing methods, such as [9, 29,
31, 32], have achieved good counting performance. Among them, IbPRIA 2015 is the
first method to use the TRANCOS dataset for training and testing, while Hydra-3 s
and CSRNet methods present leading test results on the TRANCOS dataset for vehicle
counting. Although FCN-HA does not give the results from GAME (1) to GAME (3) in
the corresponding paper, its experimental result of GAME (0) is excellent. CSRNet is a
classical dense object counting network structure that also uses dilated convolution for
feature extraction and currently has the best GAME values on the TRANCOS dataset.
Our method gets a significant improvement on four different GAME levels: 3.49 GAME
(0), 5.11 GAME (1), 7.81 GAME (2), and 14.01 GAME (3). The counting performance
is better than these other methods. MSCNet and CSRNet are very close in the GAME
(0) values. It can be inferred that both networks use dilated convolution to extract more
detailed spatial information. MDRM in this paper uses dilated convolution lays that can
pay more attention to extracting features of vehicles with large-scale variations, while
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DPCM and MDRM are used in conjunction to solve the problem of long-distance con-
tinuous scale variations through the image.

Figure 6 shows the comparison results of MSCNet with other excellent counting
methods [9, 14, 33, 34], on the VisDrone2021 vehicle dataset. Among them, CSRNet
is a classical single-column crowd counting network structure using dilated convolu-
tion. MCNN is a typical network for multi-scale feature extraction using a multi-column
network structure. PCC Net fully considers the impact of perspective changes. DSNet
has excellent performance on many crowd datasets. The vehicle dataset is a challeng-
ing dataset with various classes of vehicles and complex backgrounds in each image,
and the experiment results show that the MSCNet can handle this more complex data-
set. Our method consistently shows a better counting performance than other methods,
demonstrating the importance of the channel attention module CAM for handling more
complex datasets. CAM can learn channel correlation through attention mechanisms
to enhance important features for vehicle counting in complex human-vehicle mixed
scenes.

Figure 7 shows the comparison results of MSCNet with other methods on the Vis-
Drone2021 crowd dataset. Beyond vehicle counting, we also conduct comparative exper-
iments on a crowd dataset to demonstrate the robustness and generality of our method.
This crowd dataset is collected in the outdoor scenes with a complex background, and the
counting objects in the images have a wide range of density distributions. In this paper, the
experimental results of MSCNet are compared with those of other methods, such as [9, 14,
33, 34]. The results of this experiment show that the MSCNet can also deal with the crowd
dataset with such a large-scale variation and complex background while achieving satisfac-
tory counting results.

Figure 8 compares MSCNet with other methods [9, 14, 33-36] on two challenging
crowd counting datasets: ShanghaiTech Part_A and ShanghaiTech Part_B. These two data-
sets are classical crowd counting datasets, and the perspective changes and scale variations
presented in their images provide research challenges for many counting models based on
CNN. The density of the object distribution in the ShanghaiTech Part_A dataset is larger
than that in ShanghaiTech Part_B. It can be found that the MSCNet can obtain the best
MAE and RMSE on ShanghaiTech Part _A. On the Part_A dataset, MSCNet can get 58.9
MAE and 94. 1 RMSE. On the Part_B dataset, MSCNet can get 7.5 MAE and 11.2 RMSE.
Compared with the other classical methods, the average performance of this network
model is better. In particular, our method outperforms the advanced methods CSRNet [9]
and PCC Net [33] on the dense Part_A dataset and the sparse Part_B dataset. These results
further demonstrate that the proposed MSCNet is suitable for dense vehicle counting and
also shows excellent robustness and effectiveness for crowd counting.

MSCNet has shown excellent performance on TRANCOS, VisDrone2021 crowd and
vehicle, ShanghaiTech Part_A and Part_B datasets; in particular, the vehicle datasets
TRANCOS and VisDrone2021 vehicle exhibit the best performance. The crowd data-
sets VisDrone2021 crowd and ShanghaiTech are mainly used to prove the robustness and
generality of our method, and the optimal performance is also achieved on ShanghaiTech
Part_A, where the object is denser.

Our method performs best on the TRANCOS dataset, a classical vehicle dataset for
dense object counting, and outperforms other excellent counting methods on the Vis-
Drone2021 vehicle dataset. These excellent counting methods use dilated convolution,
multi-column network structure, and perspective enhancements to improve the counting
performance. However, our method overall considers the influence of the above factors
on feature extraction of long-distance queuing vehicles and always shows better counting
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Fig.8 Comparison of MSCNet with other methods on ShanghaiTech dataset

performance on vehicle datasets than other methods. The counting performance of our
method is better than the state-of-the-art method CSRNet on the TRANCOS dataset.

This paper also presents the experimental results of the visualization on the TRANCOS
and the VisDrone2021 vehicle dataset, as shown in Figs. 9 and 10. Each blue or red dot
represents one image randomly selected from the datasets. The blue dot values indicate the
actual number of counted objects, and the red dot values indicate the estimated number of
objects predicted by the model. The visualized experimental results show that the change
trends of the two curves are close, indicating that the model’s prediction error amplitude is
small and the minimum error is zero. The closer the red and blue curves fit, the better the
model’s performance.

This paper also evaluates the predicted density maps of the test images on TRANCOS,
VisDrone2021 vehicle, VisDrone2021 crowd, ShanghaiTech Part_A, and ShanghaiTech
Part_B datasets using standard deviation, and the values are shown in Fig. 11.

4.4 Ablation study

In this section, we conduct ablation research experiments on the VisDrone2021 vehicle
dataset to investigate the effectiveness of the front-end module VGG16, as well as the three
functional modules, DPCM, MDRM, and CAM. MSCNet with different front-end modules
and MSCNet without these three functional modules are used as experimental subjects.
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Fig.9 The comparison between ground truth and estimated results on TRANCOS
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Fig. 10 The comparison between ground truth and estimated results on VisDrone2021 vehicle dataset

The comparative experiment uses the VGG and ResNet as the front-end modules. The
detailed configuration information is as follows:

1) The MSCNet with different front-end modules: is denoted as the VGG-MSCNet (Ours)
and the ResNet-MSCNet.

2) The MSCNet without DPCM: is denoted as the MSCNet-no-DPCM.

3) The MSCNet without MDRM: is denoted as the MSCNet-no-MDRM.

4) The MSCNet without CAM: is denoted as the MSCNet-no-CAM.

@ Springer



265

Geolnformatica (2024) 28:245-269

sdew Kyisuap pajorpaid oy Jo S LL B4

as

- -
LT1T0

1o

€TT0
veeo

8 Hed yaaLieydueys m v Hed YoaLley3ueys m PmoId TZOZIUOIQSIA M 2JIYaA TZOZRUOIQSIA 1 SOONVYL W

pringer

A's



266 Geolnformatica (2024) 28:245-269

Figure 12 shows that replacing VGG16 with ResNet does not achieve better accuracy
and results in lower MAE and RMSE, while experiments with configurations 2), 3), and
4) confirm the effectiveness of DPCM, MDRM, and CAM. These functional modules can
extract valuable features hidden in spatial and channel dimensions to complete the feature
enhancement.

5 Conclusions

This paper proposes a single-column and multi-branch deep vehicle counting network,
which can effectively mine spatial data in images, generate high-quality density maps, and
complete the task of dense vehicle counting in complex mixed scenes. In order to solve the
problem of continuous long-distance scale variation for queuing vehicles, this work pro-
poses DPCM and MDRM to get the long-distance and large-scale queuing vehicle feature
information. Besides, the CAM is also employed to learn the important information of the
channel feature to improve the feature extraction ability in complex mixed scenes. Experi-
ment results based on the benchmark datasets show that the proposed method outperforms
the existing classical methods and is robust. In the future, we will continue improving the
feature extraction capabilities in mixed scenes and focus on studying the new loss functions
to generate higher-quality GT density maps to improve counting performance.
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