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Abstract. Crowd counting in various complex scenes is a challenging problem which
has attracted much attention in both academic circles and industries due to its applica-
tions in public safety. Recently, state-of-the-art methods for counting people in crowded
scenes rely on deep Convolutional Neural Networks (CNNs) to estimate crowd density.
In this paper, we propose a novel network for accurate and efficient crowd counting called
Multi-Scale Dilated Convolutional Neural Network (MSDNet) to provide an effective deep
learning method that can perform accurate estimation of crowd density. The proposed
MSDNet uses multi-scale dilated kernels to aggregate features across different scales. In
addition, a Global Attention Fusion Module (GAFM) is designed to merge features from
different levels in a global attention mechanism. Extensive experiments on four bench-
mark crowd counting datasets (ShanghaiTech, UCF CC 50, WorldExpo’10, and UCSD)
demonstrate the superior performance of the proposed method over other competitive ap-
proaches.
Keywords: Crowd counting, Deep learning, Global attention feature fusion, Multi-scale
dilated network

1. Introduction. Crowd counting is a visual cognitive task that aims to accurately es-
timate the number of people in various congested scenes. With the rapid development of
deep learning, current state-of-the-art approaches use deep learning methods to regress
the density map and integrate over the density map to get the crowd count.

While many works have been done, crowd counting is still a challenge in both aca-
demic circles and industries on account of following difficulties. First, congestion and
occlusion are common challenges for crowd counting in different crowd scenes. In ad-
dition, the diversity of crowd distribution and the crowd density across different scenes
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Figure 1. The example of the variation of crowd density

makes it a troublesome problem to estimate the crowd density accurately. According
to the benchmark datasets, the crowd density of the image samples varies remarkably
from one to another. As shown in Figure 1, different densities often indicate different
sizes of the crowd. The samples are selected from ShanghaiTech dataset. The top row
lists the source crowd frames and the bottom row lists their density distribution. The
crowd density varies remarkably from one to another scenes. Thus, this motivates us to
design a proper framework that can capture multi-scale information to better deal with
the variance of crowd density in different crowd scenes.
Our motivation comes from dilated convolutional kernel [1], which has been confirmed

to be capable of delivering a larger reception field. Dilated convolution is a beneficial
alternative of pooling layer that uses a filter with “holes” to alternate the pooling and
convolutional layer. While dilated convolution with fixed dilation rate has been verified
effective for crowd counting in the CSRNet [2], its capability of capturing multi-scale
information is limited. In this paper, we designed a multi-scale dilated convolutional
block by assembling dilated convolutions with different dilation rates. By the design of
multi-scale dilated convolutional block, more multi-scale information can be captured for
accurate crowd counting.
Feature fusion methods like element-wise addition, concatenation, and element-wise

maximization, are common operations in various deep neural networks [3-5]. In order to
get a more accurate estimation of the crowd count, we also adopt a feature fusion mod-
ule to merge the features from different levels. Different from the common used feature
fusion methods, we designed a Global Attention Fusion Module (GAFM) and experimen-
tally verified the superior performance of the GAFM over other common used feature
fusion methods. We evaluate the proposed method on four famous benchmark datasets
including ShanghaiTech [6], UCF CC 50 [7], WorldExpo’10 [8] and UCSD [9]. Extensive
experiments on all of these datasets demonstrate the superiority of the proposed method
over some state-of-the-art approaches. In summary, the main contributions of this paper
are as follows.
i) We proposed a novel and efficient network, dubbed as Multi-Scale Dilated Network

(MSDNet) to capture multi-scale information, which improves the accuracy of crowd
counting in complex crowd scene.
ii) We designed a novel feature fusion module, dubbed as Global Attention Fusion Mod-

ule (GAFM) to improve the representational power of the model, which further improves
the performance of crowd counting.
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The remainder of this paper is organized as follows. Section 2 introduces the related
work on crowd counting. Section 3 presents our network architecture. Section 4 gives
the implementation details of our scheme. Section 5 shows the experimental results and
compares our scheme with existing methods. Section 6 concludes the whole paper.

2. Related Work. Crowd counting in varying density scenes has attracted much at-
tention in both academic circles and industries due to its applications in public safety.
Due to the congestion and occlusion among the pedestrains, detection-based counting
methods cannot perform well in the complex crowd scenes. Therefore, current state-of-
the-art methods combine the deep learning technology and density estimation to achieve
an accurate count of the crowd. The model architecture of CNN-based density estima-
tion methods can be classified into two categories: single-column CNNs and multi-column
CNNs.

Single-column CNNs adopt a front-end of convolutional layers to extract features, fol-
lowed by several regression layers to predict the count of crowd. Sam et al. in [10] achieved
a considerable counting result by adopting a router layer to rout the feature map to dif-
ferent regression CNNs and using these regression CNNs to regress the density map. Due
to the computational consumption of dividing the image patches and the limited regress-
ing ability of the back-end CNN, this method can be further improved. Li et al. in [2]
designed a single-column CNN dubbed as CSRNet using convolution kernels with fixed
dilation rate to process the low-level features and regress the density distribution. The
CSRNet [2] can be improved further for more accurate crowd scene representation because
its capability of capturing multi-scale information is limited. The proposed MSDNet is a
further exploration on the basis of the CSRNet.

Multi-column CNNs use several parallel CNN blocks with different kernel sizes to con-
stitute a multi-column network architecture and concatenate the parallel blocks to merge
the feature maps. In [6], Zhang et al. designed a multi-column CNN consisting of three
columns of different convolutional kernels to extract the feature of the image and merge
the feature maps to get the final density map. Sindagi and Patel [11] proposed a CP-
CNN architecture consisting of three branches named global context estimator, density
map estimator, and local context estimator. The three-branch CNNs were reported to es-
timate context at various levels for achieving lower count error and better-quality density
maps. Shen et al. in [12] proposed a three-column Adversarial Cross-Scale Consistency
Pursuit (ACSCP) network to deal with the problem of inconsistent estimation of across
different scaled input patches. In [13], Deb and Ventura proposed a multi-column CNN
for perspective-free counting. It used three columns of convolutional neural networks to
extract the features and aggregated the features using a series of dilated CNNs. Because
of the similarity of the convolution kernels among different branches, the features extract-
ed by different branches may have overlapped parts which causes excessive computation
and not all of them are beneficial to the final density estimation. IA-DCCN [28] infus-
es segmentation information through an inverse attention mechanism into the counting
network to capture important regions in the feature maps during learning. MLCNN [30]
first adaptively learns multi-level density maps and then fuses them to predict the final
output.

The above methods extract multi-scale image features by combining convolution kernels
of different sizes into multiple branches, trying to solve the problem of changing the size
of the target scale. However, due to the multi-branch architecture, the model parameters
increase exponentially, which increases the risk of model overfitting and also increases the
hardware and software requirements for the machine. In this paper, we also designed a
multi-column convolutional neural network with multi-scale dilated block and attention
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feature fusion module to achieve an accurate estimation of the crowd count. Compared to
other multi-stream CNNs, our multi-scale dilated block can capture multi-scale informa-
tion with much less parameters due to the leverage of dilated convolution with different
dilation rates.

3. Network Architecture. Following [11], we deploy a fine-tuned VGG-16 [14] as the
backbone. The front ten convolutional layers of VGG-16 are utilized as the feature ex-
tractor of the proposed MSDNet. Then we assign two Multi-scale Dilated Blocks (MDB)
following the fine-tuned VGG-16. In addition, we further designed a GAFM to promote
the feature fusion in an attention mechanism. Finally, a 1 × 1 sized convolution layer
is used to reshape the channels of the feature maps to 1 to produce the output density
map. An overview of the proposed MSDNet is shown in Figure 2. A convolutional layer
is denoted as “Conv(kernel size) (dilation rates)”. The output feature maps from the
fine-tuned VGG-16 are fed into the multi-scale dilated CNN blocks. The GAFM is used
to merge the feature maps from different levels. The 1 × 1 sized convolutional layer is
used to match the channels. In the extraction of the underlying features, the VGG-16
backbone network commonly used in computer vision tasks is used, and the first 10 layers
of the pre-trained model are used to extract the underlying features of the image. On
this basis, two multi-scale dilated blocks in series are connected to capture multi-scale
information, and a global attention fusion module is introduced to further improve the
representation ability of the model. Finally, the channel information fusion and channel
transformation are realized through the convolution kernel of 1×1 size, the channel num-
ber of the feature map is reduced to 1, and the feature map with the channel number of
1 is output as the predicted target density distribution map. The total number of objects
in the scene image can be obtained by integrating and summing the pixel values of each
position on the density distribution map.

Figure 2. The architecture of the proposed MSDNet

3.1. Multi-scale dilated block. Dilated convolution, as discussed in [15], is effective
for increasing of the receptive field with a linear increase in the number of parameters
with respect to each hidden layer. A typical 2-D dilated convolution operation can be
defined as follows:



INT. J. INNOV. COMPUT. INF. CONTROL, VOL.18, NO.4, 2022 1151

f(s, t) =

M
∑

m=1

N
∑

n=1

x(s +m · r, t+ n · r) · ω(m,n) (1)

where (s, t) and (m,n) are the coordinates of feature map and convolution kernel. f(s, t)
is the output feature map of the dilated convolution operation and x(s, t) is the input
feature map. The input x(s, t) is weighed by ω(m,n) with the length M and the width
N , respectively. The parameter r is the dilation rate which controls the area of receptive
field. If r = 1, a dilated convolution turns into a normal convolution.

Dilated convolution has been verified effective in the field of semantic segmentation
[1, 15] and crowd counting [2, 13]. While dilated convolution with fixed dilation rate can
deliver a larger reception field, its capability of capturing multi-scale information is lim-
ited. To capture multi-scale information, we designed a multi-scale dilated convolutional
block by assembling dilated convolutions with different dilation rates. However, it is veri-
fied in [16] that dilated convolution will bring “grid effect” which leads to the discontinuity
of the receptive field. In order to avoid the “grid effect”, it designs a Hybrid Dilated Con-
volution (HDC), which use different dilation rates whose common factor cannot be greater
than 1. Therefore, we also follow the HDC standard to design our MDB. As shown in
Figure 3, the multi-scale dilated kernels can incorporate responses of multiple local areas
into the output feature map and provide a wider range of scale invariance for CNNs. The
multi-scale dilated block includes L branches of dilated CNNs and the dilation rates of
the two dilated convolution in the lth branch CNN are as follows:

rl1 = 2l − 1, rl2 = 2l + 1 (l = 1, 2, . . . , L) (2)

In our architecture, we choose L = 3. In the following experiments, we will conduct an
ablation study on the selection of L.

Figure 3. Multi-scale dilated block. Employing different values of dilation
rate enlarges the receptive field of the model, enabling object encoding at
multiple scales.
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3.2. Global attention fusion module. Most commonly used methods for feature fusion
are element-wise addition [3,17,18], concatenation [4,19,20], and element-wise maximiza-
tion [5, 21]. Element-wise addition is an operation to sum up the different feature maps
element by element. Concatenation is an operation to concatenate the feature maps al-
ong the dimension of channel. Element-wise maximization is an operation to select the
max value of the input feature maps element by element to form the output feature map.
Element-wise addition and element-wise maximization require equal number of channels
and equal size of corresponding input feature maps. Concatenation requires only equal
size of corresponding input feature maps.
Given two feature maps X = [x1, x2, . . . , xp] and Y = [y1, y2, . . . , yp], p is the channel

number of the two input feature maps. Denote the convolution parameters of convolution
kernel as wi, i = 1, 2, . . . , v (v = p for element-wise addition and element-wise maximiza-
tion, v = 2p for channel-wise concatenetion). Considering one output channel, the output
convolution feature of the element-wise addition fusion is

Zadd =

p
∑

i=1

(xi + yi) ∗ wi =

p
∑

i=1

xi ∗ wi +

p
∑

i=1

yi ∗ wi (3)

The output convolution feature of the channel-wise concatenation fusion is

Zconcat =

p
∑

i=1

xi ∗ wi +

p
∑

i=1

yi ∗ wi+p (4)

The output convolution feature of the element-wise maximization fusion is

Zmax =

p
∑

i=1

[max(xi, yi)] ∗ wi (5)

In fact, element-wise addition is a special case of concatenation when the convolution
parameters of concatenated features satisfy the condition wq = wp+q (q = 1, 2, . . . , p).
Different from the common used feature fusion methods, we designed a GAFM to

selectively emphasize informative channels of features and suppress less useful ones. As
shown in Figure 2, the feature maps of different dilated convolution branches have encoded
information of different scales. However, different branches are independent, which will
limit the representational power of the model. In addition, the feature map before encoded
by the MDB retains the global information, which can be used to guide the attention of
different scales. Therefore, like the related work [23], we design a global attention fusion
module to give different importance to different channels, which greatly improves the
representational power of the model.
Taking one of the GAFMs shown in Figure 2 as an example, we denote the input feature

map as Fin ∈ R
b×c1×h×w and the aggregated feature map as Fagg ∈ R

b×c2×h×w. c1 and c2
are the channel numbers of the corresponding feature maps. w and h are the width and
the height of the feature maps, respectively. b is the batch size.
First, the input feature map Fin is pooled by a global average pooling layer [22] to get

Favg ∈ R
b×c1×1×1, which encodes the global information of the different channels. In order

to decrease the parameters, we use a 1× 1 sized convolution on the Favg to decrease the
channel number from c1 to

c1
α
. α is the factor for decreasing the channel number, which is

set to 16. Then, another 1× 1 sized convolution is used to get the attention information
Fc ∈ R

b×c1×1×1. Next, we get the attention feature map Fatt by conducting a Sigmoid
function on Fc along the channel dimension:

Fatt = sigmoid (Fc) (6)
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In order to keep the same channel number, we use a 1 × 1 sized convolution on the
aggregated feature map Fagg to transoform its channel number to c1, and the output
is denoted as Fagg′ . Finally, the output feature map is got by conducting a broadcast
multiply on Fatt and Fagg′ :

Fout = Fatt ⊗ Fagg′ (7)

The operations introduced above build an attention mechanism between the input
feature and the aggragated feature after the MDB. So we name it Global Attention Fusion
Module (GAFM), and we will verify its performance in the ablation study.

4. Implementation. The fundamental idea of the proposed crowd counting scheme is
to deploy a deep neural network to estimate the crowd density map and integrate over
the estimated density map to get the crowd count. In this section, we will introduce the
specific implementation details including generation of ground-truth density map, training
and testing details.

4.1. Generation of ground-truth density map. The ground-truth density map is
generated for training the proposed MSDNet. Referring to the method of generating
density maps in [6], we adopt the geometryadaptive kernels to deal with the highly con-
gested crowd scene. We generate the ground-truth density map by blurring each dot of the
head annotation using a Gaussian kernel which is normalized to 1. Different from most
methods of generating ground-truth maps [2,6], we make a minor change to adapt to the
variance of crowd density by using a density-aware variance parameter σ. The adaptive
2-D Gaussian kernel is given by

G(x, y, g(·)) =
N
∑

i=1

δ(x− xi)δ(y − yi) · exp

(

−
(x− xi)

2 + (y − yi)
2

2g(σi)
2

)

(8)

where (x, y) is the pixel coordinate in the generated density map, (xi, yi) is the coordinate
annotation of the head given by the dataset, and N is the total crowd count of the given
image.

The density-aware variance parameter g (σi) is defined as

g (σi) =

k
∑

j=1

γjdij (9)

We use the k nearest neighbors’ distance dij weighted by a coefficient γj to determine
g (σi). the variance of Gaussian kernel. Different values of γj and k are set for different
datasets according to the average crowd density.

4.2. Training details. We train the proposed model on a single machine with a GTX-
1080Ti GPU using Pytorch for implementation. We adopt a sample-based strategy for
data augmentation, which is to randomly crop the subimage from the original image and
resize it by different ratios ranging from 0.9 to 1.1. Here, our intention is to increase the
number of images in the dataset and perform simple cropping and scaling operations on
the images in the original image set. The ratio of the scaling operation should not deviate
too much from the cropped image size, so the range of 0.9-1.1 is used. Similar operations
are conducted on the ground-truth density maps. This strategy for data augmentation
is effective for training a better model of the proposed MSDNet since it provides dif-
ferent scale information of the training images, which can further reinforce the model’s
adaptation to different scales.
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Similar to other works [10, 27], we choose the Euclidean distance between the ground-
truth and the estimated density map regressed by our MSDNet to define the loss function.
Specifically, the loss function is defined as

L(Θ) =
1

2B

B
∑

b=1

∥

∥Y (Xb; Θ)− Y Groundtruth
b

∥

∥

2

2
(10)

In the above loss function, B is the batch size of training and Xb is the input image.
Y (Xb; Θ) is the output density map generated by the proposed MSDNet with parameters
represented as Θ while Y Groundtruth

b is the ground-truth density map of the input image
Xb.

4.3. Testing and evaluation. For testing the well-trained model, raw images can be
fed into the network. The final output feature map of the network is the estimated density
map. Some visual results of the output density maps and the counting results are shown in
Figure 4. From top to bottom, the scale of pedestrians is decreasing and the crowd density
is increasing. It shows the superior adaptation ability to different scales and densities of
crowded scenes. The estimated crowd count C can be calculated by integrating over the

Figure 4. Some examples of the estimated crowd counts with different
crowd densities and scales using the proposed method
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estimated density map:

C =

W
∑

w=1

H
∑

h

Pw,h (11)

where W and H represent the width and height of the density map, respectively. pw,h is
the pixel value at (w, h) of the generated density map.

For evaluation and comparison of the proposed approach and other methods, the widely
used Mean Absolute Error (MAE) and the Root Mean Squared Error (RMSE) are adopt-
ed. Lower MAE and RMSE indicate a better model. The MAE and RMSE are defined
as follows:

MAE =
1

M

M
∑

i=1

∣

∣Ci − CGT
i

∣

∣ (12)

RMSE =

√

√

√

√

1

M

M
∑

i=1

∣

∣Ci − CGT
i

∣

∣

2
(13)

Here, M is the total number of images in the test datasets. i is the image indicator of
the test dataset. CGT

i represents the ground-truth crowd count and Ci represents the
estimated crowd count of the ith image.

5. Experiments. In this section, we will make a general introduction to the four different
public datasets and make comparisons on the performance between the proposed approach
and the previous state-of-the-art methods on all of the four benchmark datasets. To further
verify the effectiveness of different components of the proposed crowd counting approach,
we make an extensive ablation study on different variants of the proposed multi-scale
dilated convolutional neural network.

5.1. Experimental results on benchmark datasets. We evaluate our approach on
four different public datasets: ShanghaiTech [6], UCF CC 50 [7], WorldExpo’10 [8], and
UCSD [9]. ShanghaiTech dataset [6] is a large-scale dataset for crowd counting, which
includes 1,198 annotated images with a total amount of 330,165 pedestrians. The proposed
approach is evaluated and compared to other twelve recent works including one traditional
method LBP + RR (using manual feature Local Binary Pattern) and eleven CNN-based
deep learning methods [2, 6, 8, 10-12, 24, 27-30]. The results are presented in Table 1.
As shown in Table 1, all the deep learning methods outperform handcrafted features and
our approach achieves the lowest MAE in both of Part A and Part B subsets. Compared
to CSRNet which uses a single-column dilated architecture with fixed dilation rate, our
multi-scale dilated block architecture shows a superior performance on crowd counting.
The UCF CC 50 dataset [13] is collected from the Internet and contains 50 images with
different resolutions and densities. We evaluate and compare our approach with ten recent
works and the result is shown in Table 2. As illustrated in the table, our approach achieves
the lowest RMSE and competitive MAE among the recent works. Compared to the single-
column dilated CSRNet with fixed dilation rate, the proposed multi-scale dilated block
architecture achieves an obviously higher accuracy by 36.4 in terms of the MAE metric
and 86.2 in terms of the RMSE metric.

The WorldExpo’10 dataset [8] is a highly congested crowd counting dataset including
3,980 annotated frames with a total of 199,923 labeled pedestrians from 1,132 video
sequences captured by 108 different surveillance cameras. Experimental results are shown
in Table 3. It illustrates the proposed MSDNet achieves the highest accuracy on average.
The average MAE decreased 1.2 compared to CSRNet [2], which uses fixed dilation rates.
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Table 1. Results on ShanghaiTech dataset

Methods
Part A Part B

MAE RMSE MAE RMSE

LBP+RR 303.2 371 59.1 81.7

Zhang et al. [8] 181.8 277.7 32.0 49.8

MCNN [6] 110.2 173.2 26.4 41.3

NetVLAD [27] 107.6 169.3 21.4 33.9

StackPooling [24] 93.98 150.59 18.02 35.64

Switch-CNN [10] 90.4 135.0 21.6 33.4

CP-CNN [11] 73.6 106.4 20.1 30.1

ACSCP [12] 75.7 102.7 17.2 27.4

CSRNet [2] 68.2 115.0 10.6 16.0

MC-CNN [29] 96.1 150.5 17.8 27.7

IA-DCCN [28] 66.9 108.4 10.2 16.0

MLCNN [30] 71.2 112.5 12.1 19.3

MSDNet (ours) 62.9 96.1 7.5 12.1

Table 2. Results on UCF CC 50 dataset

Methods MAE RMSE

Zhang et al. [8] 467.0 498.5

MCNN [6] 377.6 509.1

Swith-CNN [10] 318.1 439.2

NetVLAD [27] 311.3 401.8

CP-CNN [11] 295.8 320.9

AMDCN [13] 290.8 /

ACSCP [12] 291.0 404.6

CSRNet [2] 266.1 397.5

MC-CNN [29] 295.0 443.7

IA-DCCN [28] 264.2 394.4

MLCNN [30] 242.4 317.8

MSDNet (ours) 229.7 311.3

The UCSD dataset [9] includes 2,000 frames with a relatively sparse density of crowd
scenes captured by a surveillance camera on the UCSD campus. The annotation in each
frame ranges from 11 to 46, which is obviously sparser than the aforementioned three
datasets. The experimental results are listed in Table 4. As presented in the table, our
approach achieves the best accuracy on UCSD dataset with lowest MAE and RMSE.

5.2. Ablation experiments. In addition to comparing with other methods, we also
made an extensive ablation study on different variants of the proposed multi-scale dilated
convolutional neural network to further verify the effectiveness of different components of
the proposed crowd counting approach.

5.2.1. Multi-scale dilated block. To further understand the benefits of the proposed multi-
scale dilated block, we design an extensive comparison experiment. Specifically, we study
the number of branches of the proposed multi-scale dilated block. We set the number
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Table 3. Results of MAE on the WorldExpo’10 dataset

Methods Scene 1 Scene 2 Scene 3 Scene 4 Scene 5 Average

Zhang et al. [8] 9.8 14.1 14.3 22.2 3.7 12.9

MCNN [6] 3.4 20.6 12.9 13 8.1 11.6

NetVLAD [27] 3.7 15.9 10.2 15.2 6.7 10.3

Switch-CNN [10] 4.4 15.7 10 11 5.9 9.4

D-ConvNet [28] 1.9 12.1 20.7 8.3 2.6 9.1

CP-CNN [11] 2.9 14.7 10.5 10.4 5.8 8.86

ic-CNN [26] 17 12.3 9.2 8.1 4.7 10.3

CSRNet [2] 2.9 11.5 8.6 16.6 3.4 8.6

MLCNN [30] 2.7 13 13.4 17.1 3.5 9.94

MSDNet (ours) 2.7 10.6 8.1 12.9 2.8 7.4

Table 4. Results on the UCSD dataset

Methods MAE RMSE

Zhang et al. [8] 1.6 3.31

MCNN [6] 1.07 1.35

Switch-CNN [10] 1.62 2.1

ACSCP [12] 1.04 1.35

CSRNet [2] 1.16 1.47

MSDNet (ours) 1.01 1.21

Table 5. Results on different architectures for MDB on UCF CC 50

Setting of dilation rates MAE RMSE

[1, 3] 269.1 396.3

[1, 3; 3, 5] 251.6 355.9

[1, 3; 3, 5; 5, 7] 243.1 332.7

[1, 3; 3, 5; 5, 7; 7, 9] 264.7 393.2

[1, 3; 3, 5; 5, 7; 7, 9; 9, 11] 289.5 401.3

of branches to be 1, 2, 3, 4, and 5. We do not use any feature fusion methods to only
verify the performance of the MDB. Then we observe the counting results respectively. We
conduct this experiment on the most challenging UCF CC 50 dataset. The experimental
results are shown in Table 5.

As illustrated in the table, the estimation accuracy becomes higher with the increase of
branches at first, and then becomes lower later. The multi-scale dilated block achieves the
best accuracy when the number of dilated branches is 3, that is L = 3. Excessive branches
of dilated convolution also bring harm since it makes the model difficult to converge. This
accounts for that we design the multi-scale dilated block with 3 columns. Compared to
the architecture with single branch and fixed dilation rate, like CSRNet [2], the proposed
multi-scale dilated block architecture achieves a superior performance on both MAE and
RMSE.

5.2.2. Methods for feature fusion. In Section 3.2, we analyzed the commonly used methods
for feature fusion and designed a global attention feature fusion module to merge features
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from different levels. To further illustrate the effectiveness of the GAFM on this crowd
counting task, we make a comparison experiment using the commonly used feature fusion
methods and the GAFM.
We keep the other architecture the same and explore the influence of different feature

fusion methods. For element-wise addition, element-wise maximization, and the GAFM,
the channel numbers of the output fused feature are the same as the input feature which
is not encoded by the MDB. While for concatenation, the channel numbers of the output
fused feature are doubled. So the corresponding channel number of convolution kernels
for concatenation is also doubled. The experimental results are shown in Table 6. As
shown in the table, the GAFM achieves better performance than other commonly used
fusion methods. It demonstrates the superiority of the GAFM over other feature fusion
modules on this crowd counting task.

Table 6. Results of different methods for feature fusion on UCF CC 50

Fusion methods MAE RMSE
Without fusion 243.1 332.7

Element-wise addition 240.9 323.2
Concatenation 236.6 315.6

Element-wise maximization 249.9 338.3
GAFM (ours) 229.7 311.3

It can be also concluded from the table that concatenation performs better than
element-wise addition and element-wise maximization. This can be explained to some
extent from the analysis in Section 3.2. In Section 3.2, we have analyzed the relationship
between element-wise addition and concatenation and pointed out that elementwise addi-
tion is a special case of concatenation when the convolution parameters of concatenated
features satisfy certain conditions. Concatenation can provide more presentation diversity
than element-wise addition and it can cover the case of element-wise addition. Therefore,
concatenation can at least achieve similar performance to element-wise addition as long
as the convolution parameters are updated to satisfy this condition during the training
process. However, it does not mean that concatenation is always better than element-wise
addition. The fact cannot be ignored that concatenation often requires more parameters
than element-wise addition, which will increase the computation. Therefore, sometimes
element-wise addition may be a good complement to concatenation for reducing parame-
ters. As for element-wise maximization, it selects the max value across different channels
to form the new feature. However, it can hardly model the correlation between different
dimensions of heterogeneous features since different channels often represent different se-
mantic information. In terms of this crowd counting task, it seems to make little sense
to simply select the max value across different semantic information. The experimental
results also show the performance of element-wise maximization is inferior to other fusion
methods, even inferior to without any feature fusion strategies.

5.3. The advantages of our work. For the problem of target scale change, MCNN
[6] uses multi-branch convolutional neural networks to extract multi-scale features to
improve the robustness of the model to target scale changes. However, the introduction of
traditional multi-branch convolutional neural networks will greatly increase the amount
of model parameters and then will greatly reduce the inference efficiency of the model
while increasing the computational complexity of the model and the risk of overfitting.
CSRNet [2] uses a dilated convolution kernel with a fixed dilation rate to process image
features and regress the density distribution. Due to the limited ability of the dilated
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convolution kernel with a fixed expansion rate to aggregate multi-scale information, its
counting accuracy also needs to be improved. Therefore, based on the characteristics
that dilated convolution can reduce the network parameters while expanding the network
receptive field, this paper proposes to use dilated convolutions with different dilation rates
to build a multi-scale dilated convolution module to aggregate multi-scale information and
improve the model’s accuracy. Adaptability to target scale changes. At the same time,
this paper also introduces a new feature fusion method, global attention fusion, to further
improve the representation ability of the model and greatly improve the accuracy of dense
target counting in complex scenes. The algorithm can improve the dense target counting
performance in the scene of target scale change and target density uneven distribution,
which is of great significance for practical applications.

It can be seen from the visualization result that the density distribution map predicted
by the scheme described in this paper is very close to the real density distribution map of
the scene image, and the predicted number of targets is also less different from the actual
number of targets, indicating that the scheme can more accurately predict the number of
objects in the scene image. At the same time, it can be seen from the comparison of the
decreasing target scale and the increasing density distribution from top to bottom that
the scheme described in this paper can better adapt to target scenes of different scales
and densities, which reflects the high robustness of the scheme described in this paper to
scale and density changes.

6. Conclusion. In this paper, we proposed an efficient CNN-based approach for accurate
crowd counting in complex crowd scene. We designed a deep convolutional neural network
with multi-scale dilated block and channel attention feature fusion module to achieve an
accurate estimation of the crowd count. A group of corresponding experiments were con-
ducted on the benchmark datasets to evaluate the superior performance of the proposed
approach for crowd counting. We designed ablation experiments to further study the ar-
chitecture of the multi-scale dilated block and the global attention fusion module. We
also specifically analyzed other popular methods for feature fusion and experimentally
verified the superiority of the global attention fusion module. Remarkable improved re-
sults on four different challenging datasets with different crowd densities and much less
parameters established the superiority of the proposed model over other state-of-the-art
approaches. Future work will focus on using some other ideas [31] to further improve our
method.
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