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Recent years have witnessed a remarkable proliferation of applications in smart cities. Crowd analysis is a crucial subject, and
it incorporates two subtasks in smart city systems, i.e., crowd counting and crowd localization. Nevertheless, the presence
of adverse intrinsic factors, i.e., scale variation and background noise severely degrades the performance of counting and
localization. Although great efforts have been made on separate research on counting and localization, few works are capable
of performing both tasks at the same time. To this aim, the scale attentive aggregation network (SA2Net) is proposed to solve
the problems of scale variation and background noise in crowd counting and localization tasks synchronously. Specifically, the
SA%Net has two vital modules, namely multiscale feature aggregator (MFA) module and background noise suppressor (BNS)
module. The MFA module is designed in a four-pathway structure, and it aggregates the multiscale feature so as to facilitate the
correlation between different scales. The BNS module utilizes the contextual information between the input keys matrix and
self-attention matrix to suppress the background noise. Furthermore, a global consistency loss combined with the Euclidean
loss is utilized to optimize the network in counting and localization tasks. Extensive experimental results prove that the
SA%Net outperforms the state-of-the-art competitors both subjectively and objectively.

CCS Concepts: « Networks — Network architectures; - Human-centered computing — Visualization.

Additional Key Words and Phrases: Smart city, Crowd counting, Crowd localization, Self-attention mechanism, Convolutional
neural network.

1 INTRODUCTION

In the past decades, the emergence of Internet of Things devices and miniaturized sensing technologies have
promoted the progress of smart cities [49, 50]. Crowd analysis is a hot topic and crucial task in smart city systems,
e.g., smart city planning, video surveillance, and public security [51, 52]. It contains many sub-tasks, e.g., crowd
tracking, crowd segmentation, crowd counting and crowd localization, and crowd behavior analysis [9, 25, 44].
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Among them, crowd counting and localization have gained comprehensive attention in recent years, because
they are applied in numerous areas, i.e., public safety, congestion avoidance, and flow analysis [5, 12, 43].

The solutions to crowd counting and localization are mainly categorized as detection-based method, regression-
based method, and convolutional neural network (CNN)-based method. The detection-based counting methods
can be viewed as a simultaneous crowd counting and localization solution, since the bounding box is able to
generate the location information of people and sum the bounding box to get the number of people. Nevertheless,
there are some drawbacks to this approach, e.g., the scale variation is caused by camera perspective distortion
in congested scenarios to deteriorate the counting performance seriously, and the background noise can guide
the model to recognize the heads incorrectly, which results in an overestimation or underestimation of the
count. In order to alleviate the above defects, the regression-based method directly learns the mapping from an
image to count. It turns out that this method is indeed superior to the detection-based method. Even so, they
fail to produce the head location and size information, and only depending on manual features is difficult to
generate a high-quality density map [5]. Thanks to the feature extraction capability of convolutional neural
network (CNN), lots of scholars have proposed the density estimation methods [23, 35] to realize the counting
task. For crowd localization, apart from the detection-based methods, the map-based approaches [3, 25] have
become the mainstream methods. It aims to regress a high-quality density map and discover the local maxima as
the head point. Therefore, generating an accurate ground truth density map is essential to precisely determine
the head location.

Despite all the efforts, the performance is still unsatisfactory due to the challenging factors in crowd scenarios [4,
11, 15]. Among them, the scale variation and the background noise are the two most challenging factors that
inhibit the performance. Some methods employed the multicolumn structure or dilated convolution layer to
address the problem of scale variation [23, 48]. Meanwhile, many approaches adopted attention mechanisms as
guidance to restrain the background noise [10, 45]. These two issues are far from resolved in the tasks of crowd
counting and location. To this aim, a scale attentive aggregation network (SA”Net) is proposed in this work.
The SA?Net has two vital modules, namely multiscale feature aggregator (MFA) module and the background
noise suppressor (BNS) module. The MFA module is designed in a four-pathway structure with diverse dilated
convolutional filters and aggregates multiscale information from the upper-level path to the lower-level path to
enhance the scale diversity of features. The BNS module extracts the contextual information via the value of the
key to instruct the dynamic attention matrix, which can effectively restrain the background noise. Meanwhile,
a novel global consistency lossis proposed to allow the estimated maps to reflect the correlation of the space
between pixels and the consistency between pixels. In a nutshell, the main contributions of the paper are as
follows.

(1) An MFA module is built to aggregate the multiscale features so as to promote correlation at the different
scales.

(2) A BNS module is established to suppress the negative effects of background noise.

(3) A global consistency loss is proposed, and it is cooperated with the Euclidean loss function to promote
network convergence.

(4) A novel scale attentive aggregation network (SA?Net) is built, and it achieves a competitive performance in
tasks of crowd counting and localization.

The remainder of the paper is organized as follows. In Section 2, the related literature is reviewed. In Section 3,
we detail the proposed SA2Net model. In Section 4, comprehensive comparison and ablation studies are conducted
to evaluate the proposed method. The conclusion is drawn in Section 5.
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2 RELATED WORK

Recently, benefiting from the powerful feature representation ability of CNN [25, 44], CNN-based methods have
widely developed and have been the mainstream in crowd counting. In this section, the two types of tasks related
to the proposed SA?Net are reviewed, i.e., crowd counting and crowd localization.

2.1 Crowd counting

Crowd counting aims to estimate the number, density, or distribution of people in the images or videos [48].
Many approaches have been proposed to cope with the challenges of scale variation and background noise in
crowd counting tasks [10, 47].

The scale variation is the limiting factor which is caused by the perspective distortion in crowd scenarios [13, 46].
Some methods attend to solve this problem. For instance, Zhang et al. [48] built the multicolumn structure with
various convolutional filters to acquire the multiscale feature. Cao et al. [2] utilized four parallel convelutional
filters to extract the scale features and aggregated the multiscale feature to generate high-resolution density maps.
Sam et al. [33] employed the three CNN regressors with different column structures, which facilitate networks to
pay more attention to scale information. Li et al. [23] used the dilated convolutional filter to enlarge the receptive
fields in congested scenes, which facilitates the extraction of the detailed feature. Jiang et al. [20] incorporates
hierarchical aggregated features into different encoding stages, which facilitates the representative capability of
the network.

The background noise is similar to the pixel value of the pedestrian head area, which is not conducive
to crowd counting performance. The attention mechanism can guide the network to distinguish foreground
information [14, 42]. Zhai et al. [46] proposed dual-aware attention to suppress the background noise, which
combined with channel attention and spatial attention to distinguish the foreground region. Liu et al. [27] built
the attention map and multiscale deformable convolution to focus on the head region. Guo et al. [14] proposed
the multi-spectral channel attention unit to identify the foreground via discrete cosine transformation (DCT)
formulation. Miao et al. [29] build the attention model to extract the most representative feature of the crowd,
which can accurately address background-pixel detection.

2.2 Crowd localization

Crowd localization is equally significant for obtaining the location of each person, rather than just inferring the
total number of people in the image. It requires the location of head areas to be marked with boxes or dots, which
makes the task of crowd localization even more challenging [6]. The task of crowd localization can be performed
using detection-based methods and map-based approaches.

Many approaches detect the head with the points or bounding boxes to locate the head position. Liu et al. [26]
proposed a localization branch to predict the points near annotations. An average pooling is first performed to
emphasize the peak point and suppress the background noise. The non-maxima suppression strategy is then
adopted to avoid points that are very close to each other. Cheng et al. [3] proposed a probability map that is
capable of reflecting the peak probability of each head. On this basis, an algorithm named local-count-guided peak
point detection is introduced, which can accurately locate the head position of each person. Sam et al. [32] built a
top-down feature module possessing four terminals, in which the fourth terminal is responsible for distinguishing
a pixel from a background or a detected head. Finally, the module outputs a localization map with bounding
boxes.

More and more methods designed exclusive density maps to locate the head region. For instance, Idress et
al. [19] discovered people through a greedy association, then matched the estimated location and the ground
truth. Gao et al. [7] designed a binarization module to produce a threshold map, which can select the high-
confidence response. The chosen responses are classified as the heads and generate an independent instance
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map. Abousamra et al. [1] proposed a topological map to realize the localization task. Specifically, the topological
map is a binary mask, which is able to connect the predicted points and the target dots. Wan et al. [38] proposed
an unbalanced optimal transport loss to supervise the density map generation. For the localization task, a 3 x 3
window is used to slide on the density map without overlapping, and the point whose local maximum value
is greater than a threshold value is selected as the head. Liang et al. [24] first applied the transformer to the
crowd localization and built crowd localization transformer (CLTR) framework. The CLTR outputs a set of points
and confidence scores, in which point is a pair of predicted coordinates and confidence score reflects whether a
prediction point can be classified as a head.

3 FRAMEWORK OF THE PROPOSED METHOD

The framework of the proposed SA%Net is shown in Fig. 1. It consists of four parts, i.e., feature extractor, MFA,
BNS, and generator. The feature extractor adopts the HRNet [40] to extract the basic features. The MFA module
is proposed to aggregate the multiscale information, and the BNS module is built to suppress the background
noise. The two modules are two critical components that are connected in parallel to improve the performance of
the network. Afterward, the generator employs two transposed convolution layers to generate the estimated
map. A combined loss is proposed to train the network effectively. Benefitting from the Local-Maxima-Detection-
Strategy [25] and KNN strategy [30], the crowd localization maps are generated with bounding boxes.

Input image i
_— " g : Generator

| D-Tran |
—> —>

Conv i :

Feature

BNS L :
extractor X

Fig. 1. Architecture of the proposed SA%Net for crowd counting and localization.

3.1 Multiscale feature aggregator

Some multi-column based methods have a restriction that each column corresponds to one single scale [2]. To
improve the correlation between different scales, the MFA module is proposed. The framework is shown in Fig. 2.

Given an input x € REH*W it is fed into the four pathways. Firstly, the number of channels is split into
quarters of input feature and each feature Fs;(x) is formulated as

Fsi(x) :f;i(x)3 i=1234. (1)
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Conv3

Fout F

Fig. 2. Framework of the MFA module.

Where i presents i-th pathway and f;(-) represents 1 X 1 convolution filters to reduce the channel number. The
feature Fy; € RE/H*XW jg served as input to four pathways. For each pathway, the dilated convolution filters
f2i(+) with various dilation rates of 1, 2, 3, and 4 are utilized to increase the receptive field and maintain robustness
at diverse scales. It is formulated as:

Fdi(x) :f;ii(FSi(x))’ i= 1,2, 3’ 4. (2)

To integrate the information with diverse scales, the concatenation operation transmits scale information
from the upper-level path to the lower-level path. The hierarchically aggregated scale feature information is
represented as,

Fep = Fin @ Fa,
Fe3 = Fy3 @ Feo, ®3)
Fey = Fys @ Fes,

where @ represents the concatenation operation. Then, the 3 X 3 convolutional filter is performed to integrate

’ 7

the parallel features from the four pathways and the transformed feature of each pathway represents F,,, F ,, F;4.
The aggregation feature is fused from the four pathways, and it is formulated as follows,
Fout:Fd1®F;2®F;3®F;4~ (4)

RCXHXW

The output feature Fyy,; € is obtained using 3 X 3 convolution filters to adjust the dimension.

3.2 Background noise suppressor

To suppress the adverse effects caused by background noise, we built the BNS module. It makes full use of the
contextual information between input keys to instruct the learning of the dynamic attention matrix so as to
enhance the foreground characterization. The BNS is depicted in Fig. 3.

First, the input feature map x € REH*W is transformed into three matrices. They are denoted as,

Q=x,K=x,V =xW,, (5)

where Q, K, and V represent queries matrices, keys matrices, and values matrices, respectively. Wy denotes the
parameter metric.
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Fig. 3. Framework of the BNS module.

Afterwards, the contextual information is extracted using the 3 x 3 group convolution filters f; and the learned
contextualized key K is formulated as follows,

Ky = fo(K). (6)

The contextualized key K; and queries matrices Q are concatenated, and an attention metric is generated by
two successive 1 X 1 convolution operations,

Fa = f;(fo(Ky ® Q)), (7)

where @ is a concatenation operation, fp represents the 1 convolutional filter with ReLU activation function and
fy denotes the 1 x 1 convolutional filter without activation function, aiming to generate the attention metric.
F, reflects the self-attention metric, which learns the query feature and the context key feature to suppress
background noise. The self-attention feature map K; is calculated by aggregating values V,

K; =V®F, )

where ® denotes the matrix multiplication. The contextualized key K; and self-attention feature map K are fused
to produce final output F, via the global average pooling operation.

3.3 Ground truth map

To complete the tasks of crowd counting and localization, the focal inverse distance transform (FIDT) map [25] is
adopted to generate the ground-truth map, in which the head regions are acquired precisely. The FIDT map is
produced as follows,

M(x,y) = (x,rz,i;leN\/ (x—x)2+(@y-y)2 ©)

1
M(x, y) (axM(x,y)+p) + C’
where M(x, y) represents the I, transform map, and it denotes the distance between the pixel and its nearest
head position. N represents the total number of heads. @ and f are hyper-parameters. F(x, y) denotes the FIDT
map and C is set to 1 to avoid division by 0.

F(x,y) = (10)

3.4 Loss function

The loss function of the proposed SA%Nets formulated as:
Le=Lpse + Q)Lgc; (11)
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where L5 and Ly represent the Euclidean loss and the global consistency loss. w = 0.01 represents the weight
to balance the Euclidean loss and global consistency loss.
The Euclidean loss function is adopted to formulate the distance between the ground-truth map and the
estimated map. It is denoted as,
LN
Lmse - N ; ‘

where the N denotes the overall headcount. F# and FY ! represents the estimated and the ground-truth count of

2
, (12)
2

t
F{t — F)

the i-th image. ||-||3 represents Euclidean norm squared.

According to [2, 23], the dependence on Euclidean loss does not ensure the estimated maps reflect the spatial
correlation and consistency between pixels, which are essential factors affecting the quality of density maps. To
improve the global consistency in estimated maps and facilitate the regression of the head position of the crowd,
the global consistency loss function Ly is formulated as,

t
oo SRl
ge = 1=
VY SRz S S (R )2
where F¢/ and F‘gj , denote the pixels of the estimated map and ground truth map. w and h refer to the horizontal

and vertical indexes in the map, and w X h indicates the total amount of pixels. ||-||; represents the Manhattan
distance.

est _ gt
th th

(13)

4 EXPERIMENTAL RESULTS AND ANALYSIS
4.1 Implementation details

The training samples are randomly cropped to 256 X 256 for ShanghaiTech dataset and 512 X 512 for others.
Because the image size of ShanghaiTech dataset is smaller than other datasets. The Adam optimizer trains the
network with the learning rate of 107 and the weight decay rate is 5 x 10™%. The batch size of the training process
is set to 16. The experiments are implemented based on the PyTorch framework and equipped with NVIDIA
3090Ti GPU [25].

4.2 Evaluation protocols

For the counting metrics, the Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) are evaluated for
the counting accuracy. They can reflect the accuracy and robustness of the model, respectively. The counting
metrics are as follows,

M
_1 est gt
MAE—M;C,” —co,
14
— : (19
t
RMSE = | > (Cs' - )

=1

where M denotes the total number of images. C%! and co represent the estimated result and ground truth.
For the localization metrics, the Precision, Recall, and F1-measure (F;_y,) reflect the precision of the location

of the population. Specifically, Precision measures the proportion of correctly localized objects among all the

predicted objects, while recall measures the proportion of correctly localized objects among all the ground-truth
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objects. Fi_p, is the harmonic mean of precision and recall, which balances the trade-off between them. The
localization metrics are as follows,

TP

Precision = ——, (15)
TP+ FP
TP
Recall= ——— (16)
TP+ FN
2TP
Fiop=s ——— 17
"™~ 9TP+FN + FP (17)

where TP, FP,TN, and FN represent the true positive, false positive, true negative, and false negative, respec-
tively.

4.3 Datasets

ShanghaiTech [48] includes Part A and Part B. Part A was crawled from the Internet with 300 training samples
and 182 test samples which have different resolutions and relatively dense population areas. Part B was collected
from the commercial streets of Shanghai with 400 training images and 316 test images. The number of people in
Part A is denser than that in Part B.

UCF_CC_50 [18] consists of 50 images with a total number of 63,974 headcounts, which contains the highly-
congested scenes. The five-fold cross-validation is performed to assess the performance of the proposed method.
The dataset also has a large variation in image quality and resolution, which poses a challenge for feature
extraction and density estimation.

UCF-QNREF [19] includes the 1,535 high-resolution samples crawled from the Internet which the crowd number
ranges from 49 to 12,865 per image. It consists of 1,201 training samples and 334 test samples. It is a large-scale
dataset for crowd counting that covers a wide range of crowd scenes and densities.

JHU-Crowd++ [36] has 4,372 images with a total of 1.51 million annotations, including 514 images (136,000
annotations) in bad weather such as snow, rain, and haze. It is divided into 2,722 training samples, 500 validation
samples, and 1,600 test samples. The dataset also has many distractor images that contain no people or only
partial people, which makes it a very challenging dataset for crowd counting.

4.4 Experimental results and analysis

4.4.1 Experiments on crowd counting. The quantitative counting results are shown in Table 1. In general, the
SA%Net has favorable robustness to crowd scenarios with dense and sparse data sets in ShanghaiTech dataset. On
the ShanghaiTech Part A, the score of the proposed method achieves the best MAE of 58.6 and the competitive
RMSE. On the ShanghaiTech Part B, the SA2Net achieves the lowest MAE and RMSE. Compared with DUBNet [17]
which resolves uncertainty caused by background noise, the SA’?Net decreases the MAE and RMSE by 3.9% and
6.4%, respectively.

The UCF-QNRF is a challenging dataset that contains a wider variety of scenarios. The SA*Net scores the
best MAE of 92.2 and the second-best RMSE of 169.9. It has improvements of 20.5% and 12.9% in MAE and
RMSE compared with RAZ [26], which also adopted the attention mechanism to tackle the two tasks, i.e., crowd
counting and localization.

The UCF_CC_50 dataset includes congested scenarios which degrade the performance of the crowd counting
method. The SA%Net has performed more competitiveness, which achieves the best score with an MAE of 153.1
and the best score with an RMSE of 275.4. Compared with the CSRNet [23] which utilized the dilated convolution
to solve the scale variation, the SA?Net of performance has the improvement of 42.5% and 30.7% in MAE and
RMSE.

ACM Trans. Sensor Netw.
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Table 1. Objective comparison results on crowd counting. The best results are highlighted in bold.

hod Part A Part B UCF-QNRF UCF_CC_50 JHU-Crowd++
Metho

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
MCNN/[48] 110.2 173.2 26.4 41.3 277.0 426.0 377.6 509.1 188.9 483.4
SFCN[41] 64.8 107.5 7.6 13.0 102.0 171.4 214.2 318.2 77.5 297.6
A-CCNNJ[21] 85.4 124.6 19.2 31.5 367.3 - - - 171.2 453.1
LSC-CNN[32] 66.4 117.0 8.1 12.7 120.5 218.2 225.6 302.7 112.7 454.4
CSRNet[23] 68.2 115.0 10.6 16.0 - - 266.1 397.5 85.9 309.2
PCCNet[8] 73.5 124.0 11.0 19.0 148.7 247.3 240.0 315.5 - -

MUD-iKNN[30]  68.0 117.7 13.4 21.4 104.0 1720 237.7 305.7 4 -

CG-DRCN[36] 64.0 98.4 8.5 14.4 112.2  176.3 - - 71.0 278.6
SANet[2] 67.0 104.5 8.4 13.6 - - 258.4 334.9 91.1 320.4
MBTTBF[34] 60.2 94.1 8.0 15.5 97.5 165.2  233.1 300.9 81.8 299.1
PaDNet[37] 59.2 98.1 8.1 12.2 96.5 170.2 185.8 278.3 = -
KDMG[39] 63.8 99.2 7.8 12.7 105.6  180.5 - - 69.7 268.3
RAZ[26] 65.1 106.7 8.4 14.1 116.0  195.0 - = - -
HA-CCN[35] 62.9 94.9 8.1 13.4 118.1 180.4 256.2 348.4 - -
DUBNet[17] 64.6 106.8 7.7 12.5 105.6  180.5 243.8 329.3 - -
CAN[28] 62.3 100.0 7.8 12.2 107.0  183.0 212.2 301.3 100.1 314.0
Ours 58.6 108.6 7.4 11.7 92.2 169.9 153.1 2754  66.5 276.5

Table 2. Objective comparison results on crowd localization: The best results are highlighted in bold.

Part A Part B UCF-QNRF
Method
Precision(%) Recall(%) F;_(%) Precision(%) Recall(%) F;_n(%) Precision(%) Recall(%) Fi_n(%)

MCNN[48] - - A - - - 59.9 635 616
TinyFaces[16] 43.1 85.5 57.3 64.7 79.0 71.1 36.3 77.3 49.4
LCFCNJ[22] 75.1 45.1 56.3 - - - 77.9 52.4 62.7
LSC-CNN[32] 63.9 61.0 62.4 71.7 70.6 71.2 76.6 73.5 74.0
TopoCount[1] 74.6 72.7 73.6 82.3 81.8 82.0 81.8 79.0 80.3
Ribera et al.[31] 67.7 44.8 53.9 - - - 75.5 49.8 60.1
SA?Net (Ours) 85.1 82.9 84.0 84.0 83.3 83.7 83.5 84.5 84.0

The JHU-Crowd++ dataset has a variety of crowd scenes, which have background cluster images and bad
weather scenarios. The proposed method SA%Net outperforms all other counting approaches in MAE and achieves
the second-best scores in RMSE. Particularly, compared with KDMG [39] which utilized a density map generator
and density map estimator to produce density maps, the SA?Net demonstrates the relative improvements of 4.6%
in MAE. The remarkable improvement of SA%2Net implies the effectiveness of the multiscale feature aggregator
and background noise suppressor.

The visualization results on crowd counting are illustrated in Fig. 4. The scenario of the ShanghaiTech Part A
is challenging due to scale variation. The estimated maps of SA?Net and headcounts perform well on congested
crowd scenes with large-scale variations. The scenarios of the ShanghaiTech Part B and UCF-QNRF contain
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cluttered background noise. The samples prove that the proposed method implements a satisfying result that
suppresses the cluttered background effectively. The crowd distribution in the images of the UCF_CC_50 and
JHU-Crowd++ is uniform, but the scale variations are large, and the crowd density is dense. The experimental
results show that the density map predicted by the proposed method can reflect the population distribution.

Part A Part B UCF-QNRF UCF_CC_50 JHU-Crowd++
i — .. T =

GT: 1589.0

Fig. 4. Subjective results on crowd counting. The first row represents the four datasets samples. The second row shows the
corresponding ground truth maps with real values. The last row illustrates the estimated maps with predicted values. The
estimated density maps and the counting number are close to the ground truth in extremely dense crowd scenarios.

4.4.2  Experiments on crowd localization. The quantitative crowd localization results are depicted in Table 2. The
SA2Net scores 85.1% and 84.0% in Precision and F1-measure, and achieve the second-best score of 82.9% in Recall
on ShanghaiTech Part A. Compared with the TopoCount [1], the SA%Net ranks the best in Precision, Recall, and
F1-measure by 84.0%, 83.3%, and 83.7%, respectively. Compared with the LSC-CNN [32] which predicts the crowd
localization via the bounding box in dense crowd scenes of huge diversity, the SA%Net improves the Precision,
Recall, and F1-measure by 17.2%, 18.0%, and 17.6%, respectively.

On the large-scale UCF-QNRF dataset, the proposed method outperforms the other competitors. Especially, it
improves the performance of 2:1%, 7.0%, and 4.6% in localization metrics over the TopoCount [1] which adopts
the topological constraint to predict the crowd localization.

The visualization graph on crowd localization is depicted in Fig. 5, which provides three sets of image examples.
The subjective results of ShanghaiTech Part A and Part B show that the SA*Net can effectively perceive head
regions of different scales and improve counting accuracy. The subjective images of UCF-QNRF not only include
the scale variation of pedestrians, but also more complex background regions. It can be seen that the proposed
method can fully extract head regions of different scales, and effectively suppress the influence of background
regions such as billboards and buildings.

4.5 Ablation studies

To evaluate the impact of the critical components and effectiveness of loss function for crowd counting and
localization, ablation studies are conducted on ShanghaiTech Part A. The comparative results are depicted in
Table 3. The configuration information and analysis are described as follows,

ACM Trans. Sensor Netw.
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UCF-QNRF

Fig. 5. Subjective results on crowd localization. The first, third, and fifth rows represent the two dataset samples with real
values. The second, fourth, and sixth rows show the corresponding localization maps with estimated values. The estimated
localization maps and the counting number are close to the head regions in extremely dense crowd scenarios.
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e “baseline" is the model without any critical components. Also, it simply employs the Euclidean loss £ ,s.
The counting scores of MAE and RMSE are 72.1 and 124.7, respectively. Meanwhile, the localization scores
of precision, recall, and F1-m denote 76.9%, 71.8%, and 74.2%, respectively.

o “baseline+MFA" denotes that the MFA is combined with the baseline utilizing the single MSE loss. Compared
with the baseline, the scores of MAE and RMSE are improved by 6.8% and 4.7%, and the scores of precision,
recall, and F1-m increase by 3.0%, 4.7%, and 4.0% benefiting from the MFA module.

o “baseline+BNS" denotes that the BNS module is embedded into the baseline with single Euclidean loss £ ,s.
The scores of MAE and RMSE are improved by 4.8% and 3.7%, which is favourable to inhibiting background
clutter information to promote the robustness of the network. The scores of precision, recall, and F1-m are
increased by 3.5%, 3.9%, and 3.9%. With the help of the BNS, the accuracy of localizationis upgraded.

e “baseline+MFA_BNS" indicates that the BNS and MFA are embedded into the baseline by cascading operation.
This type of connection provides little performance improvement in boosting the count and location. The
Euclidean loss .L;s. is utilized to optimize the network.

o “baseline+BNS_MFA" denotes that the BNS and MFA are embedded into the baseline by cascading operation
with the Euclidean loss L;s.. This type of connection has minimal effect on improving the performance of
the counting and localization.

e “baseline+BNS|MFA" indicates a parallel connection type employing the Euclidean loss to train the network.
It indicates that the performance outperforms the other connection types. This connection type facilitates
the performance of counting and localization.

e “baseline+BNS||MFA+L s + L," represents that the MFA and BNS modules are parallelly connected. It
employs the combined loss L. including the Euclidean loss L. and the global consistency loss function
Ly to train the network which exhibits the best performance in counting metrics and localization metrics
compared with all the aforementioned configurations.

Table 3. Ablation studies on the critical modules in the proposed SA?Net.

Method

Counting Localization

MAE RMSE Precision(%) Recall(%) Fi—m(%)

baseline+.L 5 72.1 124.7 76.9 71.8 74.2
baseline+MFA+ L e 67.0 118.9 79.2 75.2 77.2
baseline+BNS+ L ,5e 62.1 116.1 79.6 74.6 77.0
baseline+MFA_BNS+.L,.se 63.4 119.0 79.9 74.1 76.9
baseline+BNS MFA+L ;5 63.6 118.7 80.8 74.8 77.7
baseline+MFA||BNS+.L .se 62.6 110.1 80.6 76.0 78.2
baseline+MEA|[BNS+ L ,se + Lge 58.6 108.6 85.1 82.9 84.0

4.6 Failure cases

Although the proposed SA%Net is capable of achieving superior counting performance against other counting
methods, it still has some failure cases. Some failure cases are visualized in Fig. 6. One can see that there is a
large gap between the estimated value and the ground truth, especially for crowd counting and localization in
low-light scenarios. Crowd counting in low-light environments is challenging, as the features of the head region
are much closer to those of the background region than in low-light environments. The density maps estimated
by the algorithms are contaminated with some unnecessary background interference when the crowd scenes
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are acquired in low-light. Therefore, we consider that there is still a large room for crowd counting in low-light
scenes.

Est: 626.0

GT: 1191.0

Fig. 6. The failure cases. The first column, the second column, the third column, and the fourth column depict the exemplars,
the ground truth, the estimated counting results, and the localization results, respectively.

5 CONCLUSION

In this paper, we present the SA2Net to tackle the problems of scale variation and background noise in crowd
counting and localization tasks. The proposed SA2Net is characterized by two critical components, i.e., MFA module
and BNS module. The MFA module is employed to aggregate multiscale features to promote correlation between
different scales via a four-pathway structure. The BNS module is built to improve foreground characterization by
instructing the relationship between the input keys and self-attention matrix for suppressing the background
noise. Meanwhile, a global consistency loss combined with the Education loss facilitates the SA?Net to collaborate
on the task of crowd counting and localization. Extensive experiments and ablation experiments have proved the
superiority of the SA%Net in both crowd counting and localization. In the future, more attention and effort are
expected to be devoted to research on handling low-light counting problems, as the head region has less detailed
information and is highly susceptible to background interference in low-light.
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