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Fast Video Crowd Counting
with a Temporal Aware Network

Xingjiao Wu, Baohan Xu, Yingbin Zheng, Hao Ye, Jing Yang, Liang He

Abstract—Crowd counting aims to count the number of in-
stantaneous people in a crowded space, and many promising
solutions have been proposed for single image crowd counting.
With the ubiquitous video capture devices in public safety
field, how to effectively apply the crowd counting technique to
video content has become an urgent problem. In this paper, we
introduce a novel framework based on temporal aware modeling
of the relationship between video frames. The proposed network
contains a few dilated residual blocks, and each of them consists
of the layers that compute the temporal convolutions of features
from the adjacent frames to improve the prediction. To alleviate
the expensive computation and satisfy the demand of fast video
crowd counting, we also introduce a lightweight network to
balance the computational cost with representation ability. We
conduct experiments on the crowd counting benchmarks and
demonstrate its superiority in terms of effectiveness and efficiency
over previous video-based approaches.

Index Terms—Crowd counting, video analysis, dynamic tem-
poral modeling, spatiotemporal information.

I. INTRODUCTION

The rapid development of surveillance devices has led to
an explosive growth of images and videos, which creates
a great demand for analyzing visual content. In addition to
object recognition, crowd counting, which focuses on esti-
mating the number of people from the visual contents, has
received increasing interests in recent years. Many researchers
have explored crowd counting task on still images, while
limited efforts have been focused on videos. Nevertheless,
crowd counting in videos has many real-world applications,
such as video surveillance, traffic monitoring, and emergency
management.

Counting crowd robustly and efficiently under different
pedestrian distribution, illumination, occlusion, and camera
distortion is nevertheless challenging. Although recent pro-
gresses such as multi-branch network are introduced to learn
more contextual information and achieve excellent perfor-
mance, most of existing methods still ignore the temporal
relations between nearby frame since crowd counting data
often collected by surveillance videos. Temporal relation is an
important factor in video tasks comparing with still images.
There is a certain overlap between video frames, so that
there is a certain law between continuous data. Exploring and
using temporal relations can correct some errors caused by
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noise. From the results, our experiments show that considering
temporal relations performs significantly better than most
current methods which ignore the relationships. Furthermore,
the predicted density maps, which may be the most common
intermediate element in a modern crowd counting system, is
also with a strong correlation with the neighboring maps in
the video sequence.

To cope with these difficulties, we employ a novel frame-
work to take advantage of temporal information extracted by
continuously video frames. The Temporal Aware Network
(TAN) is proposed to dynamically simulate the temporal
characteristics of continuous frames for crowd counting and
the architecture is shown in Fig. [l The TAN consists of
two main parts, an lightweight convolutional neural network
(LCN) unit capable of processing counting tasks quickly,
and a multiple block architecture for temporal modeling.
The LCN unit can guarantee the network response speed
while keeping a certain accuracy. Then we focus on modeling
the relationship in time dimension and construct a group of
dilated residual blocks between the adjacent features. Within
each dilated residual block, we employ an expanded set of
temporal convolutions to update the frame-level prediction
with the help of its neighboring frames. Different from the
existing works, we also introduce the density map as another
branch of our architecture. Our observation is, while the
adjacent video frames may have different visual content due
to the background and occlusion, the neighboring density
maps still demonstrate more similar content with each other.
The density map reports the distribution of people, which
can be regarded as attention map. The contextual information
between consequent frames and density maps would benefit
the current counting state. Comprehensive experiments on
the public datasets show the improvement with the help of
temporal and contextual information.

The main contributions of this work are summarized as
follows.

o The proposed Temporal Aware Network dynamically
model the temporal features from continuously video
frames for crowd counting. Utilizing information from
density maps helps to overcome the changing back-
grounds and occlusion and boosts the performance.

o We also design a lightweight convolutional network to
achieve a comparable result while keeping the compact-
ness of the model.

o Extensive evaluations on the benchmarks demonstrate
the superior performance of our proposed method. No-
tably, we achieve the state-of-the-art results on the video
datasets comparing with the existing video-based meth-
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Fig. 1. The Architecture of proposed TAN. A lightweight convolution network is used to produce density map for each frame efficiently. Then the dilated
residual blocks explore both short-term and long-term context information gain from adjacent density maps as weight vectors. The final output is computed

by multiply the frame features with weight vectors.

ods. Furthermore, our network achieves 25 FPS crowd
counting speed on a moderate commercial CPU.

The rest of this paper is organized as follows. Section [[T] in-
troduces background of crowd counting in images and videos.
Section [II]] discusses the model design, network architecture
and training process in detail. In Section [V} we demonstrate
the qualitative and quantitative study of the proposed frame-
work. We conclude our work in Section [Vl

II. RELATED WORK
A. Crowd Counting in Still Images

Over the past few years, researchers have attempted to solve
crowd counting in images using a variety of approaches. Early
works focused on detection methods to recognize specific
body parts or full body using hand-crafted features [1], [2].
While detection based methods are difficult to deal with dense
crowds because of occlusion, some studies investigated to
learn a mapping function between features to the number of
peoples [3]]. Furthermore, Lempitsky et al. [4] proposed local
features for the density map to exploit spatial information.
However, the hand-crafted features are not good enough when
facing the clutter and low resolution of images.

Recently, the convolutional neural network has shown great
success in computer vision fields. Inspired by the promising
performance of the neural network, many researchers have
explored CNN-based methods in crowd counting (e.g., [S]-
[27]). Zhang et al. [6] proposed a multi-column CNN with
different sizes of filters to deal with the variations of density
differences. Sam et al. [8] and Sindagi et al. 9] have achieved
remarkable results in a multi-subnet structure. To address the
problem of limited training data, Liu er al. [12] investigated
enhance data such as collect scene datasets from Google
using keyword searches and query-by-example image retrieval
and then applying a learning-to-rank method. Shi e al. [11]
considered that the adaptation of the previous method to
the crowd relying on a single image is still in its infancy.
Sam et al. [[13|] proposed the TDF-CNN with top-down feed-
back to correct the initial prediction of the CNN that is very
limited for detecting the space background of people. These

methods are all designed for image crowd counting, thus
treating videos as image sequences would ignore the important
temporal information in videos. Wang et al. [25]] proposed
a crowd counting method via domain adaptation. The data
collector and labeler can generate the synthetic crowd scenes
and simultaneously annotate them without any manpower. Gao
et al. [26] proposed the perspective crowd counting network to
overcome the deficiency of traditional methods that only focus
on the local appearance features. Recently, a novel structural
context descriptor was designed to characterize the structural
characteristics of individuals in crowd scenes and make better
use of context information [27]].

B. Crowd Counting in Videos

There are fewer researchers studied on video crowd
counting compared with still images. Brostow et al. [2§]]
and Chan et al. [29] proposed to use the Bayesian func-
tion to detect individuals using motion information. Ro-
driguez et al. [30] further proposed optimization of energy
function combining crowd density estimation and individual
tracking. Chen et al. [31] proposed an error-driven iteration
framework aiming to cope with the noisy input videos.

Although these methods based on motion or hand-crafted
features showed satisfactory performance on the pedestrian
or football datasets, they are still lack of the generalization
ability when applying them to extremely dense crowds. More
recently, Xiong et al. [32] proposed the convLSTM frame-
work to capture both spatial and temporal dependencies. The
CNN-based method demonstrated the effectiveness of bench-
mark crowd counting datasets, such as UCF_CC_50 [5]] and
UCSD [3]]. However, due to the limited training data of videos
and various scenes, it is usually difficult to train the complex
and deeper networks for effective crowd counting. In this
paper, we propose a novel framework considering temporal
information and density maps as well. Even though using
a lightweight network architecture, our method can achieve
promising results on multiple datasets, with the help of the
auxiliary information extracted from temporal dependencies
and density maps.
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Fig. 2. The architecture of dilated residual layer.

III. FRAMEWORK

In this section, we will introduce the temporal aware model-
ing with the convolutional network for the crowd counting task
in the video. We describe architecture of temporal modeling in
Section and the basic unit of the temporal aware network
in Section The implementation details will be described
in Section [MI=Cl

A. Temporal Aware Network

The selection of a temporal modeling approach is important
to the success of the video crowd counting system. Ideally,
we want a comprehensive collection of both long-term and
short-term frame correlations so that we can have accurate
counting under any scene settings. However, video processing
is time-consuming and the training video dataset for crowd
counting is also limited. With these in mind, we design the
Temporal Aware Network (TAN) with the dilated convolution
to fully utilize the context and content information of the
video. The architecture of TAN is shown in Fig. [1| Different
from the existing works, we mainly focus on investigating the
relations between combination density maps rather than only
considering the temporal information of original frames.

Vectors from several neighboring video frames are concate-
nated as the inputs of the first dilated block. Particularly, for
the t-th video frame, we suppose k frames before and after the
frame are considered and the input feature for the ¢-th frame
is vo(t) = [Uglkv T vtT T 7UtT+k]T~

The first part of TAN is a set of LCN unit for extracting
each frame density maps, which will be described in Section
Formally, let X = (x1,...,77) be a video with T
frames. Each frame x; go through the LCN unit to produce the
corresponding density map f(z;). In order to match the data
dimension from the density map to the timing block group, we
set the Reshape & Concatenation unit. This unit transforms
the density map f(x;) with size of (M,N) to into a one-
dimensional vector v; with size of (1,M N).

The feature vectors are sent to a series of dilated residual
blocks. The group of dilated residual block use the previous
stage initial the next stage and use the next stage refines the
previous stage. We define the frame orientation characteristics
of the input video of the first stage as follows:

Yo =217
Y =F(Ys1),

where Y is the output at s stage and F is a dilated residual
block. Each dilated residual block contains multiple dilated
residual layers and the architecture of dilated residual layer

(D

is shown in Fig. 2] The first is a dilated convolution with
a receptive field, which helps in preventing the model from
overfitting. Let wy; and by ; be the filter weights and bias
associated with the i-th dilated residual layer and v; be the
input, the output for location [ after the 1D dilation is defined
as

\71' m = Z Wlﬂ[Al] -V [l + Al] + bl,ia (2)
AlER

where Ry = {—d,0,d} construct the 1D filters with kernel
size of 3 and d = 2¢1.

Then ReLLU and 1 x 1 convolution are used to superimpose
the weights and offset the output. The output of the whole
dilated residual layer is

Viy1 = Vi +wa; - ReLU(¥;) + by, (3)

where v;,q is the output of layer i, wo,; and by; are the
weights and bias of the dilated convolution filters. The recep-
tive field at the i-th dilated residual layer is 2! —1. A dilated
residual block consists of three dilated residual layer, and we
use this architecture to help provide more context to predict
the result at each frame.

There are a few alternative choices to model the context with
dilated convolution, such as dilated temporal convolution [33]],
dilation with densely connection [34], and dilated residual
unit [35]]. In this paper, our design is based on the dilated
residual unit for its computation efficiency. Our model aims
to capture dependencies between current frame and the other
video sequences, which helps smooth the prediction errors in
the same video sequences.

To utilize the context information gain more effectively, we
normalize the output of the last block and obtain a set of
weight vectors. For the ¢-th video frame, the output of the
last block is v(t) = [v;%,, -, v/ -+, v;T,]7 and the vector
v} represents the feature of i-th frame. We extract the weight
from the normalization of the continuous frame features, i.e.,
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We consider the original density map f(z;) again and the final
density map f’(x¢) is done by

k

f/(xt> = Z wAtf<xt+At) @)
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The final counting result for frame ¢ is computed by simply
accumulating the density map f’(x;).

Loss function. Learning of the parameters in each block is
with two terms in the loss function, i.e.,

»Cblack: = »Cmse + )\ESle (6)

where A is a model hyper-parameter to determine the contri-
bution of the different terms.
The MSE loss is defined as

1 N

Emse = N Z (Cp - Cgt)2a (7)

i=1



where NN is the total amount of video frames, C), is the
predicted counting value, and Cy; is ground-truth.

While the MSE loss already performs well, we observe that
the predictions for some of the videos contain a few over-
segmentation errors. To further improve the quality of the pre-
dictions, we use an additional smoothing loss to reduce such
over-segmentation issue. Here a Smooth-L; loss is employed:

if |£CZ — yi| <1
otherwise

L —yi)?
|33i - yi| - %

1
Lspi(z,y) = i { (®)
Several blocks will be applied in the TAN framework, and
the loss function is the sum of Ly;,c1 in each block.

B. The LCN Unit

The basic network in our framework is a convolutional
neural network for crowd counting of a still image or a
single video frame. In previous works, networks with multiple
subnets and single branch are usually employed. Since we
focus on video crowd counting problem in this paper, the
inference speed is an important issue in real-world application
and our goal is to use a small enough architecture to achieve
a comparable result. Therefore, the single branch network
with few parameters is preferred. We design a lightweight
convolutional neural network (LCN) with 9 convolutional
layers and 3 max pooling operations. The overall structure of
LCN is illustrated in Table[l] In our preliminarily experiments,
we find that using more convolutional layers with small kernels
is more efficient than using fewer layers with larger kernels for
crowd counting, which is consistent with the observations from
recent research on image recognition [36]. Max pooling is
applied for each 2 x 2 region, and Rectified linear unit (ReLU)
is adopted as the activation function for its good performance.
The network only consists of convolutional blocks with 3 x 3
kernel and max-pooling layers instead of more sophisticated
architecture, which aims to accelerate computational speed.
We also limit the number of filters on each layer to reduce
the computational complexity. Finally, we adopt filters with
a size of 1 x 1 to generate the features vector. The end-to-
end architecture makes the training procedure easier. The loss
function of LCN is defined as

1 N
Liow =55 S lf@) ~F@l,  ©)
i=1

where N is the number of training images, and F(z;) is
the ground truth density map of image x;, and f(z;) is the
estimated density map for x;. The overall network parameter
size of LCN is less than 5 x 10%, and the network can obtain
real-time speed under a CPU environment. As will be shown in
the experiments, within a small size of parameters, our model
can still achieve a competitive result compared with previous
approaches.

C. Implementation Details

Ground truth generation. There is significate diversity
among different crowd counting datasets and thus we use the

TABLE I
CONFIGURATION OF LCN.

Layer Kernel size | Channel | Dilation rate | Output
convl 3x3 8 1 1
max-pooll 2% 2 - - 172
conv2 3x3 16 1 172
conv3 3x3 16 1 172
max-pool2 2x2 - - 1/4
conv4 3 x3 32 1 1/4
convS 3 x3 32 1 1/4
convo 3 x3 32 1 1/4
max-pool3 2x2 - - 1/8
conv/ 3 x3 16 1 1/8
conv8 3 x3 8 1 1/8
conv9 1x1 1 1 1/8

Mall

UCSD

WorldExpo’10

Fig. 3. Ground-truth density map for different datasets.

geometry-adaptive kernels to generate density maps from the
ground truth. The geometry-adaptive kernels are defined as

Ny
F(z) =) 6(z—0;) x Go, (). (10)
i=1
Given object o; in the target set {01, 02, ..., 0n, }, we calculate
k nearest neighbors to determine d;. For the pixel position ¢
in the image, we use a Gaussian kernel with a parameter of
0; = f3d; to generate the density map F(z).

In our experiments, we create density maps with the fixed
kernel of 17 for UCSD dataset and 15 for others. We also
follow the previous work [37] to create density maps using
Region of Interest (ROI) and the perspective map to deal with
the WorldExpo’10 dataset.

Data augmentation. We consider data augmentation based on
the original information of the data. For the training of LCN,
the insufficient number of training samples is one important
issue. Thus, we follow the data enhancement method in [[10]
to deal with image data. Nine color patches are cut from
each image in different positions and the size is % of the
original image. The first four tiles contain three-quarters of
the images without overlapping, while the other five tiles
are randomly cropped from the input image. After that, we
mirrored the patches to double the training set. We do not
apply any data enhancement for the video dataset, as we would
like to consider more context information of the video frames
by using our model.

Training details. Our temporal model is implemented using
PyTorch. To train the LCN, we first initialize the layers of the
network using a Gaussian distribution from standard deviation



TABLE I

STATISTICS OF THE DATASETS. NUM: THE NUMBER OF VIDEO FRAMES OR
IMAGES; AVG: THE AVERAGE LABELED PEDESTRIAN NUMBER IN THE

TABLE IV

THE MAE OF DIFFERENT SCENES ON THE WORLDEXPO’ 10 DATASET.

DATASET; TOTAL: THE TOTAL LABELED PEDESTRIANS NUMBER.
Dataset Type  Resolution Num  Avg Total
UCSD Video  158x238 2,000 249 49,885
Mall Video  640x480 2,000 31.2 62,315
WorldExpo Video  576x720 3,980 502 199,923
ShanghaiTech A Image Varied 482 501 241,677
ShanghaiTech B Image 768x1024 716 123 88,488
UCF_CC_50 Image Varied 50 1279 63,974

TABLE III

CROWD COUNTING RESULTS ON MALL AND UCSD. THE PERFORMANCE
OF [13]], [139]], [40]] ARE FROM [32].

Method MALL UCSD
MAE MSE MAE MSE
Gaussian process regression [3|] 3.72 20.1 2.24 7.97
Ridge regression [39] 3.59 19.0 225 7.82
Cumulative attribute regression [40)] 3.43 17.7 2.07 6.90
ConvLSTM [32] 2.24 8.5 1.30 1.79
Bidirectional ConvLSTM [32] 2.10 7.6 1.13 1.43
ST-CNN [41] 4.03 5.87 - -
TAN 2.03 2.6 1.08 1.41

of 0.01. We then set the learning rate of 10~° for all the
datasets as initial, and use Adam [38|] for training. For the
training of TAN, we use Adam optimizer with the learning
rate of 0.0005.

IV. EXPERIMENTS

We evaluate the Temporal Aware Network on three video
crowd counting benchmarks, i.e., Mall [39], UCSD [3]], and
WorldExpo’10 [37]. Fig. [3] illustrates their typical scenes.
To examine the efficiency of the basic network LCN, we
also conduct the image-level analysis on ShanghaiTech [6]
and UCF_CC_50 [5] datasets, since there are no time-related
information. Basic statistics of the datasets are summarized in
Table

Following existing state-of-the-art methods, we use the
mean absolute error (MAE) and mean squared error (MSE)
to evaluate the performance, which are defined as

1 N

MAE = — ;:1 |Ci — CFT|, (11)
1 N 2

MSE = N?:lmi—cfﬂ. (12)

Here N is the number of testing images, C; and CET are the
estimated people count and ground truth people count in the
i-th image respectively.

There are a few hyper-parameters in TAN, such as the
number of video frames for temporal modeling and dilated
residual blocks. In this section, we use 5 video frames for the
temporal modeling and 3 blocks as the default setting. The
effect of these settings will be evaluated thoroughly in the

Method S1 S22 S3 S4 S5 Avg Params
ic-CNN  [42] 170 123 92 81 47 103 16.82x 10°
D-ConvNet [[11] 1.9 121 207 83 26 9.1 16.26 x 10°
CSRNet [10] 29 115 86 166 34 86 16.26 x 10°
ACSCP [43] 28 141 96 81 29 75 510x10°
ConvLSTM [32] 7.1 152 152 139 35 109 -
Bi-ConvLSTM [32] 6.8 145 149 135 3.1 10.6 -
ST-CNN [41] 52 165 99 84 62 93 -
TAN 28 181 96 75 3.6 83 0.047 x 10°

ablation study. We also report the number of neural networks
parameters (Params) for comparison.

A. Mall Dataset

We first report the results on the Mall dataset summarized
in Table [M}Left. The experiments follow the same setting
as [|39]], in which the first 800 frames are used for training and
the remaining 1,200 frames are used for testing. we compare
the TAN with the methods of using spatialtemporal informa-
tion as well, including the regression-based methods [3]], [39],
[40] and the temporal-based methods [32], [41]. As shown
in the table, using the proposed TAN leads to the MAE of
2.03 and MSE of 2.6, which are significantly higher than the
baseline approaches. We demonstrate some predicted density
maps as well as their corresponding counting results with TAN

in Fig. ffa).

B. UCSD Dataset

Following the convention of the existing works [3[], we
use frames 601-1400 of the UCSD dataset as the training
data and the remaining 1200 frames as the test data. As the
region of interest (ROI) and perspective map are provided, the
intensities of pixels out of ROI is set to zero, and we also
use ROI to supervise the last convolution layer. Results on the
UCSD dataset are presented in Table [[lItRight. Same as the
experiments on the Mall dataset, TAN shows better results than
the LSTM-based crowd counting approaches. Some counting
results with TAN on sample snippets are shown in Fig. @{b).

C. WorldExpo’10 Dataset

The WorldExpo’10 dataset consists of 3,980 annotated
frames from 1,132 video sequences captured by 108 different
surveillance cameras during the 2010 Shanghai World Expo.
The training set includes of 3,380 annotated frames from
103 scenes, while the testing images are extracted from other
five different scenes with 120 frames per scene. Following
the settings of [37]], MAE is used as the evaluation metric.
Table [[V|lists the per-scene performance of TAN and previous
approaches. Among these approaches, the first group is the
state-of-the-art methods with pre-trained models [10]], [[11]],
[42] or more complex network designs [43]. Our results are
comparable with these approaches for four scenes (except
in Scene 2), while the parameter size of the TAN is order-
of-magnitude smaller than all of these methods. And the
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Fig. 4. Qualitative results on the sample snippets of the video datasets.

TABLE V
THE METRICS OF THE LCN COMPARING WITH THE PREVIOUS
APPROACHES ON SHANGHAITECH PART A & PART B (SHA & SHB) AND
UCF_CC_50 (UCF).

Method SHA SHB UCF Params
ic:CAN MSE 1162 160 3653 1682 10°
pemve () WA 31731
cwam  MAE G2 108 2]
scrgy  MAE BT 1R B0 oy
T SRS RV
orew @y MAE 75 AT BT
wowg  MAE 02 24 me
o mEE

results of TAN is also better than that of the temporal-based
methods [32]], [41]]. The qualitative results on one of the testing
scenes are illustrated in Fig. [@c).

D. Ablation Study

In this section, we evaluate some parameters and alternative
implementations of the proposed framework.

LCN. We first evaluate the performance of LCN and compare
it with several approaches. As most of the previous approaches
report results on ShanghaiTech and UCF_CC_50, here we also
conduct the comparison on these datasets and Table [V] reports
the metrics. Among these approaches, the first group are also
the state-of-the-art methods with more complex networks [10],

(T1], [42]), [43]. Our results are comparable with these ap-
proaches, while our model size is much more compact. The
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Fig. 5. Density maps and predicted counting by the basic network.

second group contains several networks with compact struc-
ture, including MCNN [6]], BSAD [44]], and TDF-CNN [13].
From the table it is clear that LCN outperforms all these
approaches. Fig. [3] illustrates some examples using LCN on
both datasets, including crowd images, predicted density maps,
and the counting results.

Number of video frames for temporal modeling. As shown
in Table [VI, we compare the performance of our framework
with a varying number of video frames for the temporal
modeling. We observe performance gains when the number of
considered video frames increases from three to five. Using



TABLE VI

EVALUATION OF COUNTING RESULTS W.R.T. THE NUMBER OF VIDEO

FRAMES.
Method Dataset MAE MSE
Lo MALL 22 o
TAN (3 frames) h[/][[iji ;(1)2 ;g;
TAN (5 frames) ﬁiSL]i §j8§ éﬁé‘;
TAN (7 frames) ﬁi‘?ﬁ iﬁgg é:g
LCN (5 frames average) h[flii]])d ;;g ;2(5)
TABLE VII

EVALUATION OF COUNTING RESULTS W.R.

T. THE BLOCK NUMBER.

TABLE VIII
COMPARISON OF DIFFERENT TEMPORAL MODELING APPROACHES.

Method Dataset MAE MSE
LCN + LSTM TS 3o
LCN + BI-LSTM 1{\}4&5& ;:(l)é éj?ﬁ
TN MALL 203 260

V. CONCLUSIONS

We proposed the Temporal Aware Network with the LCN
unit toward fast video crowd counting. The novel lightweight
architecture is able to produce good performance with the
compact network. We showed that by leveraging contexture in-
formation of the video contents, promising results are achieved
for video crowd counting benchmark. We also achieved the
real-time inference on a moderate commercial CPU by 25 FPS.

Method Dataset MAE MSE
UCSD .09 143

TAN (1 block) MALL 2.03 2.58
] UCSD 1.08 141

TAN (3 blocks) MALL 203 2.57
UCSD 1.08 141

TAN (5 blocks) MALL 208 265

more frames does not improve performance since the number
of crowds varies along the time pass. Another intuitive way to
add the temporal information is to smooth the density maps or
counting numbers of neighboring frames. However, as shown
in the table, this strategy improves the performance of the
single frame model, but is not as good as the proposed TAN
approach.

Number of dilated residual blocks. We also evaluate the
effect of dilated residual block numbers in the TAN model.
As shown in Table the best trade-off is obtained by
using three dilated residual blocks. Compared to using a single
block, more blocks can boost performance. However, when
the number gets larger, in some case the performances are
decreased. This is probably because complex neural networks
lead to underfitting when the scale of training data is limited.

Temporal modeling. We compare our temporal aware network
with previous LSTM based approaches by incorporating LCN
with them. As shown in Table the results of TAN are
better than LCN with LSTM or Bi-directional LSTM. This
also proves that our temporal modeling can capture temporal
relations better than LSTM.

Timing. Recall that our goal is to build a compact model
for fast crowd counting in the videos based on the proposed
lightweight network. The parameter size of LCN and TAN
are 0.032M and 0.047M respectively. For a video with the
resolution of 320 x 240 pixels, the TAN model achieves 120
FPS detection speed on an Nvidia TITAN X GPU and during
inference it only consumes less than SO0MB GPU memory.
Our approach can provide real-time (25FPS) crowd counting
speed with a moderate Intel Core 15-8400 desktop CPU.
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