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Fig. 12. Example density estimation results (red = dense, yellow = medium, green = sparse) by our data-driven framework (odd columns) and by the
regression-based method LBP+KRR (even columns), which is the best regression-based method.

TABLE IV
MSE OF CROWD DENSITY ESTIMATION BY REGRESSION-BASED

METHODS AND OUR PROPOSED DATA-DRIVEN METHODS ON

THE UCSD DATASET AND MALL DATASET

Method UCSD [11] MALL [15]

Lempitsky [37] 1.07 1.16
GLCM+GPR [11] 0.73 0.91
LBP+KRR [15] 0.62 0.84
Data-driven (Ours) 0.54 0.77

density level annotations can be generated from the position
labels. Both regression-based methods and our data-driven
method are only trained from the training set of our World-
Expo’10 dataset. Following, the same test partition as in [11] and
[15]. Most of the regression-based methods are scene-specific,
and our proposed method outperforms all the compared meth-
ods in these two datasets as shown by the results in Table IV.
The results demonstrate that our proposed method is able to
handle unseen target scene with our large-scale training dataset.

TABLE V
MSE OF CROWD DENSITY ESTIMATION BY THE DATA-DRIVEN FRAMEWORK

WITH DIFFERENT GLOBAL AND LOCAL CROWD FEATURES

HOG LBP GLCM HOG3D DT HOGHOF LCF (UW) LCF

GIST 1.08 1.08 1.21 1.15 1.10 0.96 0.98 0.94
GIST+MRF 0.93 0.95 1.08 1.00 0.93 0.84 0.88 0.82
GCF 1.06 1.01 1.19 1.16 1.02 0.93 0.94 0.89
GCF+MRF 0.90 0.88 1.05 0.98 0.85 0.80 0.82 0.78

Evaluation of individual components. The effects of differ-
ent local features are first investigated by using them in the
proposed data-driven framework. Notice that spatio-temporal
features, such as DT and HOGHOF [35], have better perfor-
mances than texture features because of the additional motion
information. Our LCF outperforms all other compared features.
In addition, our LCF feature with uniform weights was com-
pared as a baseline to demonstrate the necessity of the rele-
vance feedback scheme as Eq. (5). We then compare our GCF
for candidate scene retrieval with the GIST feature (Table V).
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We observe that our GCF based on the mid-level crowd filters
generate more accurate candidate scenes for label transfer with
different local features. We also test the effect of the multi-scale
MRF. Obviously, the MRF effectively improves the estimation
accuracy because it enforces smoothness on the resulting label
maps.

Parameter selection. The proposed data-driven system re-
trieves M most similar scenes for the query clip, and further
selects K nearest neighbors for each query patch to estimate
the crowd properties. We investigate the performance of our
data-driven system by varying the parameters M and K.

Fig. 11(c) shows the MSE by setting different M and K. The
performance improves as the number of candidate scenes (larger
M ) increases. The performance drops as K increases since
more candidate patches may introduce noise to label transfer,
especially when M is small. Although by conducting local patch
matching in all training frames (equivalent to M = 7000), we
obtain lower MSEs (as shown by the results in Table III). The
computational time is proportional to M and using such large M
is not practical for real-world applications. We also fix M = 30
and calculate the MSE of density estimation with varying K
using different local features as shown in Fig. 11(d). Smaller K
incorporates less information and larger K might result in more
noise. We observed that K = 20 achieves the best performance
for most types of local features. The balanced performance and
computational cost are achieved when M = 30 and K = 20.

Computational cost. Our implementation is in MATLAB and
is mostly parallelized. All our tests ran on a PC with a Core-i7
3.4 GHz quad core processor and 16 GB RAM. Our compu-
tational cost is mainly dominated by the extraction of global
and local crowd features, which costs nearly 100 s for every
query clip. But it can be easily sped up by utilizing more power-
ful hardware and better parallelization. Labeling one query clip
with candidate scene retrieval and local patch matching takes
less than 10 s. The main bottleneck of our implementation is
file I/O for loading retrieval set features from hard disk. More
appropriate data structure and larger RAM would improve the
effectiveness of our implementation.

C. Collectivness and Cohesiveness Estimation

Our proposed method can also be extended to estimate collec-
tiveness and cohesiveness. The MSE (1) is used as the evaluation
criterion. Since it does not make sense to estimate collective-
ness or cohesiveness on background, we only estimate annotated
crowd regions for evaluation. We compared with the collective-
ness measurement method proposed by Zhou et al. [70]. Since
collectiveness and cohesiveness describe the motion informa-
tion of crowds, we only compare our LCF feature with two
spatio-temporal features, HOG3D [31] and HOGHOF [35].

Table VI reports the results of collectiveness and cohesiveness
estimation by different methods. For collectiveness estimation,
[70] does not work well if feature points cannot be well de-
tected and tracked, especially when the video resolution is low.
Our data-driven method performs robustly and does not rely on
any detection and tracking. The experiment results show that
our proposed crowd feature achieves better accuracy on collec-

TABLE VI
MSE OF COLLECTIVENESS AND COHESIVENESS ESTIMATION

MSE

Zhou et al. [70] for collectiveness 0.71
Data-driven (HOG3D) for collectiveness 0.67
Data-driven (HOGHOF) for collectiveness 0.52
Data-driven for collectiveness (our LCF) 0.49
Data-driven (HOG3D) for cohesiveness 0.78
Data-driven (HOGHOF) for cohesiveness 0.66
Data-driven for cohesiveness (our LCF) 0.64

tiveness estimation than the other two spatio-temporal features.
For cohesiveness estimation, there is no previous work on this
topic. We only report the results by our data-driven framework
with different local features. The data-driven method with our
proposed crowd features also achieves the best performance.

VI. DISCUSSION AND FUTURE WORK

The WorldExpo’10 dataset is a large-scale benchmark dataset
for crowd understanding and covers a large variety of scenes
with sufficient training data. Such training data would benefit
learning algorithms specifically designed for big data, such as
deep learning, data-driven approaches etc. Therefore, we hope
the WorldExpo’10 dataset would become an important resource
for more crowd video surveillance applications and can play a
critical role in advancing the research on understanding crowds.
We envision the following possible potential challenges:

Crowd counting. Most of existing crowd counting algorithms
and datasets are scene-specific and focus on low density crowd.
In comparison, the WorldExpo’10 dataset contains a large num-
ber of scenes with high variation of density. In the most crowded
scenes, the number of pedestrians in a frame is close to one thou-
sand. The crowd density also varies in a large range. Therefore,
it is much more challenging and realistic to real-world surveil-
lance applications. The baseline method of density estimation
proposed in this paper would offer an important prior for crowd
counting.

Abnormal event detection. Anomaly detection is an important
problem in crowd understanding with extensive applications. In
our high quality, diverse and large-scale WorldExpo’10 dataset,
plenty of abnormal events can be observed and defined to eval-
uate and advance related research. The universal properties,
density, collectiveness and cohesiveness, might be helpful for
anomaly detection.

Crowd scene classification. We roughly summarize the crowd
scenes in the WorldExpo’10 dataset into four categories. How-
ever, it can be further classified into many more categories based
on different crowd behaviors, such as crowd gathering, crowd
dispersing, crowd queuing, rushing, and loitering.

Deep learning has achieved great success in computer vi-
sion during recent years. However, so far little work has been
done on deep learning for crowd understanding due to the lack
of large-scale training data with annotation. This new dataset
would significantly advance deep learning research in this area,
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and more effective and discriminative crowd features and rep-
resentations can be learned.

VII. CONCLUSION

In this paper, we contribute a large-scale annotated bench-
mark dataset including 245 scenes for cross-scene crowd under-
standing. Four challenges are proposed for this dataset based on
their importance in scientific studies and crowd video surveil-
lance applications. Benefiting from the large-scale training set,
a data-driven approach with new global and local crowd features
is proposed to solve crowd understanding tasks. It serves as a
baseline for the proposed dataset and outperforms state-of-the-
art approaches.
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