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a b s t r a c t

Nowadays crowd surveillance is an active area of research. Crowd surveillance is always affected by
various conditions, such as different scenes, weather, or density of crowd, which restricts the real
application. This paper proposes a convolutional neural network (CNN) based method to monitor the
number of crowd flow, such as the number of entering or leaving people in high density crowd. It uses an
indirect strategy of combining classification CNN with regression CNN, which is more robust than the
direct way. A large enough database is built with lots of real videos of public gates, and plenty of
experiments show that the proposed method performs well under various weather conditions no matter
either in daytime or at night.

& 2015 Elsevier Ltd. All rights reserved.

1. Introduction

People always gather in high density at public places, such as
city streets, subway stations or malls. Individual-level analysis
loses its effectiveness in this situation. As a result, more and more
researchers today in video surveillance pay their attentions on
crowd-level analysis, especially on crowd counting [1]. Estimating
the number of people in a surveillance scene is significant for
many applications, such as market analysis or public security.
However, it is still a challenging task because of the heavy
occlusion, variant illumination and weather.

Plenty of methods have been proposed to deal with the
problem of counting people. Most of the previous methods focus
on solving the problem of region of interesting (ROI) counting.
There are two ways for researchers to deal with the ROI counting:
method by human detection or feature regression. The first
method is usually incapable of working in crowed scenes or bad
weather. For example, Lan et al. [2] proposed a background
subtraction which maps the global shape feature to various
configurations of humans directly. The algorithm is speeded up
by MCMC and the experiments in the real scenes show its
efficiency. However, it cannot handle the large crowded scene.
Paul et al. [3] built a human detector, which is trained on adaboost
and utilize both motion and appearance information to detect a
walking person. The contribution of his work is that the method

also works well on low-resolution images under bad weather, like
snowy and rainy, but its effectiveness in real scene setting needs to
be verified. Bo and Ram [4] proposed a part detector based on
edgelet features, the responses of which are combined to form a
joint likelihood model that includes cases of possibly inner-
occluded humans. The experimental results on both previous
datasets and new datasets, on which earlier methods cannot work
well, show its outperformance compared with other human
detection systems. For the feature regression methods, such as
features edges, wavelet coefficients or a feature combination by
some machine learning methods, they have a strong requirement
for large amount of data. And the extracted features are heavily
affected by camera perspective. Another disadvantage of ROI
counting is that most of them cannot get the number of people
with a different flow direction, and it limits its application in real
scenes. Shengfuu et al. [5] combined the wavelet templates and
head contour detectors to get the number of people in a crowded
scene. However, the method is limited to some specific situations
where the contours of head are clear enough. Chan et al. [6]
presented a privacy-preserving system to estimate the size of
regions in homogeneous crowds where pedestrians walking in
different directions. He extracted features from connected regions
and segments the image to get the number of people with
Gaussian Process regression. Its performance is well in training
data, but the generalization ability is quite poor.

Besides ROI counting, some methods focus on solving the
problem of line of interesting (LOI) counting. Current state-of-
the-art LOI counting approaches [7,8] are based on extracting and
counting crowd blobs of the temporal slice of the video. Zheng and
Chan [7] and Yang et al. [8] use the LHI dataset, which includes
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videos with different views, to show that their methods can work
well no matter the scene changing. However, counting large blobs
containing many people is not accurate due to severe occlusion.
Especially in real scene video surveillance, the handcraft feature
can hardly handle the variation of weather, scene or illumination.
As image features play an important role in either ROI or LOI
methods, the recently booming CNN (Convolutional Neural Net-
work), which is well-known by its ability of image feature
representation, could offer an obvious progress in crowd counting.

CNN has enjoyed a great success in large scale visual problems,
such as object detection and classification [9–13], image segmen-
tation [10,14], face recognition [15,16] and others related problems
[17–19]. As the development of large image dataset, such as
ImageNet [20], and large scale distributed clusters [21], CNN
becomes a panacea in computer vision field, a number of attempts
have been made to improve the original architecture. For instance,
Pierre et al. [9] introduced a novel deep learning approach to
localize object by learning and predicting object boundaries. He
used a single shared network to easily integrate recognition,
localization and detection together and won localization task in
the ImageNet Large Scale Vision Recognition Challenge 2013
(ILSVRC2013). Ross et al. [10] proposed a detection algorithm
called Regions with CNN features (R-CNN). The detection algo-
rithm improves the mean average precision by more than 30%
compared with the previous best result on VOC2012. The 3D CNN
also plays one of the main roles in computer vision task. Shuiwang
et al. [22,23] proposed a framework of 3D CNN for human action
recognition. This method extracts features from both spatial and
temporal dimensions and has a competitive performance on the
TRECVID dataset and KTH dataset. But 3D CNN needs much more
time and memory in computing.

Taking advantages of CNN in image feature representation, we
propose a crowd flow estimating method using LOI with few
parameters, and this method can distinguish the number of
entering and exiting people even in crowding scenes in various
real environments. By obtaining the temporal slices of original
images and optical flow images, we get redundant data containing
entering and exiting people information, which is then inputted
into a classification CNN and a regression CNN to compute the
crowd flow types and statistics of crowds respectively. With all
these outputs of CNNs, the method gives out the specific number
of entering and exiting people in real time.

The contribution of this paper lies in these aspects:
1. We propose a novel method to estimate the number of

entering and exiting crowd flow with three CNN models. Com-
pared with traditional methods, it shows robustness under various

real scenes and hardware settings. Furthermore, the approach
takes an indirect strategy of combining classification CNN (for
crowd flow types) with regression CNN (for crowd flow quality),
instead of directly exploiting a regression CNN model to obtain the
number of entering and leaving people. This framework performs
much better than the direct approaches in lots of experiments.

2. We build a database with about 140 thousand temporal slice
images, which are captured under 7 real scenes and ranging from
several to dozens of people. The database is growing as the new
applications are deployed.

3. We tested our method under all weather conditions of
7 scenes, which are caught from various unrestrained gates of
Public Parks. These experiments show a promising prospect of the
method even under the condition of crowded people flow or mal-
weathers.

The rest of the paper is organized as follows. In Section 2, the
details of the method including model designing are introduced.
The dataset is presented in Section 3. In Section 4, experiments are
conducted to display the effectiveness of the proposed method.

2. Architecture of the algorithm

As shown in Fig. 1, there are four modules in our crowd flow
estimating system. Temporal slice module extracts slice images
from original images (all the original images are processed with
mosaic for the privacy protection) and optical flow images. Two
regression CNN modules are trained on these temporal slices to
predict the overall number of people and the ratio of entering to
leaving people respectively. In order to improve the estimation
performance under all conditions, we propose to adopt a classifi-
cation CNN module to classify input optical flow images into four
different types for further processing. By fusing the output of these
three CNN models, we can obtain robust and accurate estimation
of both the number of entering and leaving people.

2.1. Temporal slice module

Given an input video sequence, a temporal slice is formed by
sampling the LOI over the original images or the optical flow
images. The LOI is a fixed-width line, as shown in Fig. 1, and each
column in the slice image corresponds to the LOI at a given frame.
The temporal slice of original image is made up of the RGB pixel
value of LOI, which has three dimensions and ranges from 0 to
255. The temporal slice of optical flow image is made up of the

Fig. 1. Framework of the proposed algorithm.
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optical flow value, which is one-dimensional and calculated by
Berthold and Brian [24] method.

Obviously, the temporal slice of original image contains abun-
dant image information about the overall situation of crowds, and
it is used for the regression of overall number of people. The
temporal slice of optical flow image contains the information of
entering and leaving people, and it is used to predict the entering
or leaving state of crowd.

2.2. Regression CNN module for overall number of people

A dataset that contains over 140 thousands of temporal slices of
original image and optical flow image is collected, and the labels of
dataset include the number of people entering or leaving the gate,
as shown in Fig. 2. The detailed information of this dataset is
introduced in Section 3. After the temporal slice of original image
is extracted, the overall number of people in the temporal slice is
obtained by a regression CNN.

Following the previous works on ImageNet Chanlleges [25], we
train a CNN model on the ImageNet 2013 dataset. This dataset
contains about 1.2 million images with 1000 classes. The CNN
architecture we designed is based on Alex's work [26], as is
detailed in Table 1. Basically, our CNN contains 5 convolutional
layers and two fully connected layers. In classification task, we

append a softmax classifier to the end of the network, while in
regression task, mean square error (MSE) is taken as the loss
function.

Then we train the regression CNN on the temporal slices dataset
following Alex's work. The training is conducted using mini-patch
stochastic gradient descent [27] with momentum. The batch size was
set to 128, momentumwas set to 0.9. The training was regularized by
weight decay (the L2 penalty multiplier set to 0.0005) and dropout
regularization for the first two fully connected layers (dropout ratio
sets to 0.5). The learning rate was initially set to 10�5, and then
decreased by a factor of 10 when the validation set accuracy stopped
improving. At last, the learning rate decreased 4 times, and the
learning stopped after 50 thousand iterations.

2.3. Classification CNN module for crowd flow types

As we have mentioned above, the number of entering and
leaving people in the temporal slices dataset is labeled by
annotators. Since entering and leaving people in temporal slice
have distinguished feature in optical flow image, we divide the
temporal slices into four types: either leaving or entering, leaving
and entering both, no people. And the classification CNN is trained
on temporal slices of optical flow image to classify the crowd flow
into these four types.

Fig. 2. Temporal slice of original and optical flow image, the color of the right image means moving direction and the value is the magnitude of optical flow. (a) Original
image and (b) optical flow image.

Table 1
Architecture specifics for CNN for regression.

Layer 1 2 3 4 5 6 7 8(output)

Stage convþmax convþmax conv conv convþmax full full full
Channels 96 256 384 384 256 4096 4096 1
Filter size 11n11 5n5 3n3 3n3 3n3 – – –

Conv. Stride 4n4 2n2 1n1 1n1 1n1 – – –

Pooling size 3n3 3n3 – – 3n3 – – –

Pooling stride 2n2 2n2 – – 2n2 – – –

Zero-padding size – 2n2n2n2 1n1n1n1 1n1n1n1 1n1n1n1 – – –

Spatial input size 224n224 27n27 7n7 7n7 7n7 3n3 1n1 1n1
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Noting that the CNN architecture used in Section 2.2 is too
much complex compared with the amount of data we have.
Moreover, the optical flow images are distinct from the natural
images used in the pretraining of the CNN models. To improve the
classification performance and alleviate the over-fitting in training,
we designed a much smaller convolutional network for the CNN
models of optical flow images, as shown in Table 2.

2.4. Regression CNN module for ratio of entering to leaving people

This CNN module is trained on all the samples with entering
and leaving both, and the objective output is the ratio of entering
number to leaving number. The network structure is same like the
classification CNN.

2.5. The real-time entering and leaving number of crowd

The temporal slice is extracted from original image and
corresponding optical flow image in real-time. The entering
number of people is the overall number of temporal slice (for
the temporal slice with entering only) or the multiplication of the
ratio and overall number (for the temporal slice with both leaving
and entering), and the leaving number can be get by the same way.

3. Dataset

The training dataset is always a key for training an effective
CNN model. The dataset requires large enough data and enough

diversity. We collect 31 days videos in real application, which
include six locations and seven scenes. At last, a dataset with 140
thousand sample images is established, temporal slice of original
images and optical flow images both are included. These sample
videos contain different illuminations and various mal-weather
such as cloudy, windy, rainy and snowy. The density of crowd flow
has a great diversity. Since the camera locations are the gates of
public parks, and these cameras capture all kinds of social
activities and have various crowd flow ranging from several people
per minute to nearly 200 people per minute. The ground truth of
entering and exiting people is manually labeled. Fig. 3 shows some
example of the actual videos.

We have analyzed the data distribution in our dataset from the
point of scenes, weather and people density. In Fig. 4, the
horizontal axis represents the scenes, and the vertical axis repre-
sents quantity of the data. The amount of data in different scenes
is from 5000 to 25,000. Data distribution from weather and
density are shown in Figs. 5 and 6 respectively. The data are
divided into four types of weathers including sunny, cloudy, rainy
and snowy. As the time of data collecting is random, the weather
types of the training dataset are distributed like real, and the
testing data also have four types of weather, because we want to
comprehensively test the all-day and all-weather performance of
the method. The density of people is roughly split into five types
by the number of people, as shown in Fig. 6. Most of the data are
less than five people and the distribution of training dataset by
density is similar to the testing dataset.

The manual marking of the data is very time-consuming, and
the dataset takes about 800 h of ten clerks to label the ground
truth. Since the objectiveness of the clerks when counting, the
accuracy of the labeling is about 0.2 people per temporal slice. It
should also be pointed out that the dataset is manually labeled by
three times to revise the artificial error, and parts the data are still
in revising.

4. Experiment

Both the training data and the testing data are selected from
our database. The training data contains 120 thousands temporal
slice of original images and optical flow images of 7 scenes. As far
as the testing data, it contains almost 20 thousands temporal slice.

Table 2
Architecture specifics for CNN for classification.

Layer 1 2 3 4 5(output)

Stage convþmax convþmax convþmax full full
Channels 32 32 64 10 4
Filter size 5n5 5n5 5n5 – –

Conv. stride 1n1 1n1 1n1 – –

Pooling size 3n3 3n3 3n3 – –

Pooling stride 2n2 2n2 2n2 – –

Zero-padding size 2n2n2n2 2n2n2n2 2n2n2n2 – –

Spatial input size 96n96 48n48 24n24 12n12 1n1

Fig. 3. Actual images of different weather and density of crowd. (a) Snowy Scene 3, (b) Snowy Scene 2, (c) Sunny Scene 1, (d) Sunny Scene 6, (e) Cloudy Scene 4, (f) Cloudy
Scene 5, (g) Rainy Scene 2, and (h) Rainy Scene 6.
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These temporal slices come from 60 h video data of these 6 camera
location, and contains various weather condition, such as rainy
and snowy. The severely crowed people flow is also included in
every scene.

Since the temporal slices are sampled by the lines with
different length in 12 s, the width of these slices is different, and
the height is same. For example, the temporal slices of Scene 1 are
215n300, and 66n300 for Scene 2. As the direct resizing image will
change the original scale of people in different scenes, we extend
the original temporal slices with certain color. All the temporal
slices of original images and optical flow images are extended to
336n300 by filling with black and blue respectively, then the
former is resized to 224n224, the latter is to 96n96. All the

temporal slices are flipped and we get a doubled dataset with
280 thousand images. Fig. 7(a) shows an example of the extended
slices of Scene 1.

We use open caffe-windows to train our CNN models. The
structure of regression CNN model for overall number of people is
the same with our previous work on ImageNet [25]. So we just use
a fine-tuning train procedure to get the regression model. As to
alleviate overfitting mentioned in Section 2.3, the structure of
classification CNN model for crowd flow types and regression CNN
model for ratio of entering to leaving people use a not so deep
network, which has only 5 layers. We train the two nets in our
dataset, and all the experiments are evaluated on a PC with a
3.40 GHz 8-core Rtm i7 CPU. All the experiments are detailed next.

Fig. 5. Data distribution of weather. (a) Data distribution in train dataset and (b) data distribution in test dataset.

Fig. 4. Data distribution of the scenes. (a) Data distribution in train dataset and (b) data distribution in test dataset.

Fig. 6. Data distribution of density of crowd. (a) Data distribution in train dataset and (b) data distribution in test dataset.
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4.1. The performance of the CNN models of the proposed method

As far as training of the regression CNN for overall number of
people, we use the model of our previous work [25] with a fine-
tuning procedure. The basic learning rate is 10�4 with momentum
0.9 and is decreased every 6 epochs. To alleviate over-fitting, a
weight decay of 0.0005 is used for each layer, and the first two full
connected layers are regularized with dropout ratio 0.5. After
training about 24 epochs, we get the optimal CNN model with a
loss of 0.2. Net of classification CNN for crowd flow types is similar
to structure of regression CNN for ratio of entering to leaving
people. The difference of the two structures exists in the Loss
Layer: classification CNN uses “SoftMax Loss”, and regression CNN
uses “Euclidean Loss”. The initialized parameters for training the
two kinds of model are also the same. They start with a basic
learning rate of 10�2 with momentum 0.9 and the learn rate is
decreased every 4 epochs. We use a weight decay of 0.0005 to
avoid over-fitting. After 15 epochs of iteration, the classification
CNN for crowd flow types is converged to a loss of 0.3 with a
classification accuracy of 95.06%. And after 12 epochs of iteration,
we get the optimal regression CNN for ratio of entering to leaving
people with a loss of 0.0188.

The performance of the regression CNN module for overall
number of people is evaluated using the mean absolute error
(MAE) of the people number, the CNN module for ratio of people is
evaluated using MAE of the ratio, and the classification CNN is
evaluated by classification accuracy. The MAE, emae, is calculated by
(1), where n is the quantity of the samples, gi is the ground truth of
the temporal slice, and ci is the outputs of the CNN modules. The
test results of the three CNN modules are in Table 3. Take the MAE
of overall number of Scene 7 as an example: there is error of 0.209
per temporal slice, which means there are about 1 people of
wrong counting per minute:

emae ¼ 1
n

Xn

i ¼ 1
gi�ci
�� �� ð1Þ

Considering that our method is designed for real application in
video surveillance, the time cost is quite important. The three CNN

modules need less than 850 ms per temporal slice with our
configuration. As one temporal slice is sampled within 12 s, the
amount of calculation is quite small for the real system. Actually,
the 7 scenes can be processed at the same time in one PC.

4.2. Temporal slice regularization

The sampling line of Scene 1 is 215 pixels, but Scene 2 is
66 pixels, the difference of the sampling lines makes the temporal
slices have variant width, as Fig. 8 shows. Direct resizing the
temporal slices to a fixed size will take in extra changing of people
scale. In order to get the normalized temporal slices, we supple-
ment the temporal slices to a fixed width. There are two ways of
regularizing, one is simply adding black and the other is putting
several slices copies together. The first way is direct expansion the
original temporal slice to a fixed width by adding black borders,
like Fig. 9(a), and this method is easy to implement, but not
natural. The second way is to put several copies of same temporal
slice together like Fig. 9(b), which can expand a thin temporal slice
to a wider one. From Table 4 we see although putting copies
together seems much natural than adding black, experimental
results of adding black borders get higher accuracy.

Scenes 2, 3, and 7 have much shorter sampling lines, there-
fore the temporal slices of these scenes are normalized by the
second method, and the rest of these scenes are by adding black
borders. The contrasting test is adding black borders to all
temporal slices. Experimental results show that the second
normalization method can increase the accuracy in Scene 7,
but the direct adding black performs better in Scene 2 and Scene
3. The overall statistical accuracy of the second method is not as
good as the way of adding black borders, and we just add black
borders in all experiments.

4.3. The generalization ability of the model

As the real scenes are different, the generalization ability of
the model is the key in an effective application. There are little
methods, especially in video surveillance, which can perform

Fig. 7. An example of the extended image from Scene 1. (a) Temporal slices of original image and (b) temporal slices of optical flow image.

Table 3
Result of the three nets on the testing dataset.

Scene 1 Scene 2 Scene 3 Scene 4 Scene 5 Scene 6 Scene 7

Regression CNN for overall number of people 0.751 0.138 0.170 0.075 0.339 0.323 0.209
Classification CNN for crowd flow types (%) 82.680 94.140 94.150 98.400 86.170 89.700 93.900
Regression CNN for ratio of entering to leaving people 0.106 0.125 0.104 0.117 0.092 0.112 0.099
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well in the new scene without parameter fine tune. Since the
well performance of CNN in image description, generalization
ability of our model could be much better. The experiment is
designed as follows: choose the data of six scenes as the
training data to get the model parameters, and then test the
left one scene. There are seven groups of results, and each of
them can show the performance of our method, when the test
data is from a new scene. The experiment results are compared
with the model trained using all data of seven scenes. As
shown in Table 5, the error of model, which is not using data
of testing scene to train, is larger than models using all scenes
data, but the errors are still in the reasonable range (the errors
raise about 0.17 on average compared with model trained with

all data). Considering having only 7 scenes and the difference
of these scenes, the error of the model would be gradually
reduced by increasing new scenes and the generalization
ability of the model would be increased.

4.4. MSE of the entering or leaving number of temporal slice

We compare our method with Ma's method [7], direct regression
CNN, and two-stream CNN to validate the effectiveness of the
proposed method and the MSE (mean squared error of entering or
leaving number of people in every temporal slice) of each method is
compared, as shown in Table 6. Ma's method [7] is realized by
ourselves, trained and tested using our own dataset. Direct regression
CNN method is that training a module of entering number of people
by the temporal slice of optical flow image, and a module of overall
number of people like Section 2.2, and the leaving number is got by
simply subtraction of these two outputs of modules. Two-stream CNN
takes both temporal slices of original image and optical flow image as
the input, and the outputs are overall number and the entering
number of people. The framework of the two-stream CNN is detailed
in Fig. 10. We start the two-stream CNN training using a basic learning
rate of 10�3 with momentum 0.9, and decrease it every 8 epochs.

Fig. 9. An example of regularization methods from Scene 2. (a) An original image with black borders and (b) the same image got by the second method.

Table 4
Results compared between two regularization methods.

Regularization method Scene 2 Scene 3 Scene 7

Adding black border 0.138 0.170 0.209
Copy method 0.157 0.193 0.190

Fig. 8. Samples from different scenes. (a) Scene 2, (b) Scene 3, (c) Scene 5, and (d) Scene 7.
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Considering over fitting, we use a weight decay of 0.0005 for all the
layers. After 18 epochs of iteration, the optimal two-stream CNN is
with a loss of 0.47.

The results of these methods are showed in Table 6. Ma's
method [7] performs worst for it cannot handle the crowded
people flow or variation of scenes and weather. The proposed
method gets the best performance among the three methods
using CNN. The most possible reason of the results is that the
temporal slice of optical flow image contains little texture infor-
mation, and is not appropriate for direct regression process to get
the number of people. On the contrary, the temporal slice of
optical flow image is suitable for classification, which also can
filter out the noise of natural environment.

5. Conclusion

Taking advantage of the impressive ability of feature descrip-
tion of CNN, this paper proposes a method to estimate the number
of crowd flow, which is a real challenging application for the
various outside conditions, and the variety of crowd itself. Tradi-
tional methods can only perform well in limited scenes or with
sparse flow of people. This proposed method takes an indirect
strategy of combining classification CNN with regression CNN,
which is more robust than the direct way. A large enough database
is built with lots of real videos of public gates, which are set at
different views and the flow of crowd has high density, even
human cannot easily count out the real number of people. Plenty

Table 6
Results compared with other methods.

Scene 1 Scene 2 Scene 3 Scene 4 Scene 5 Scene 6 Scene 7

The proposed method
Entering 0.457 0.064 0.110 0.019 0.192 0.227 0.127
Leaving 0.476 0.084 0.076 0.022 0.197 0.192 0.122

Direct regression model
Entering 0.486 0.181 0.604 0.051 0.319 0.426 0.509
Leaving 0.951 0.388 0.974 0.104 0.781 1.348 1.034

Ma's method [7]
Entering 0.531 6.025 8.643 15.285 10.015 9.257 4.672
Leaving 0.986 14.987 20.016 10.381 15.671 18.635 12.383

Two-stream CNN
Entering 0.476 0.069 0.107 0.026 0.221 0.229 0.128
Leaving 0.617 0.128 0.094 0.081 0.286 0.275 0.171

Bold values denote the best result of the four methods.

Fig. 10. Framework of the two-stream CNN.

Table 5
Results of the generalization ability of the model.

Scene 1 Scene 2 Scene 3 Scene 4 Scene 5 Scene 6 Scene 7

Trained by all scenes 0.751 0.138 0.171 0.075 0.339 0.323 0.209
Trained without the testing scene 1.072 0.225 0.312 0.151 0.508 0.466 0.356
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of experiments show that the proposed method performs well
under these variant real scene data.

6. Future work

Since the database is a key in our method, the collecting of data in
various views is still going on. The labeling of the people number,
especially the crowd with high density, is a time-consuming work.
Another laborious work is collecting and labeling the temporal slice
with entering and leaving people, because both the happening in a
same slice is not very much (less than ten percent). The experiments
under various weather or other condition need to be more specific,
and the performance on certain condition needs to be more clear. As
the deployment location increasing, these works will be carried
forward step by step.
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