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ABSTRACT
This paper presents a novel approach to detecting crowd
groups and learning semantic regions with a Gestalt lawsbased similarity. Different from the existing approaches
based on optical flows or complete trajectories, our model
adopts tracklets as the original input, because they carry more
detailed information. Though those tracklets do not appear
in the same duration, they are more robust to noise in crowd
scene. According to the Gestalt laws of grouping, we propose three priors to define a unified similarity measure to
calculate the affinities of pairs of original tracklets and pairs
of representative tracklets in crowd groups. Therefore, the
short-term crowd groups and the long-term semantic paths in
crowded scene can be detected by a bottom-up hierarchical
clustering algorithm simultaneously. Extensive experiments
on hundreds of video clips demonstrate that our approach is
effective and reliable for crowd detection and semantic scene
understanding.
Index Terms— crowd analysis, group detection, semantic regions, hierarchical clustering
1. INTRODUCTION
In most of crowded scenes, people move by following certain
paths to reach their destinations from one location to another,
which can be understood as a number of semantic clusters. In
general, crowd motion can be explained by empirical sociological research [1] where the author found that the crowds
in different scenes share some common spatio-temporal characteristics. For example, pedestrians prefer to walk together
with their friends in order to communicate with each other
conveniently, while they tend to keep distance to others they
are unfamiliar with [2]. Therefore, original small groups appeared according to their intimate relationships.
Inspired by this phenomenon, lots of methods [3, 4, 5, 6]
are proposed to cluster trajectories according to the spatial
affinity and temporal correlation. Zhou et al. [3] applied kNearest Neighbors (K-NN) to find tracklets which are close to
each other in local space and have approximate velocity correlations. Ge et al. [4] found small groups between adjacent
tracklets by using hierarchical clustering method. However,

they did not consider the temporal non-overlap part of tracklets. Zhou et al. [7] extended the Latent Dirichlet Allocation
(LDA) topic model to enforce the spatial and temporal coherence between tracklets with temporal non-overlap. However,
they ignored the temporal overlap part.
Other researchers clustered tracklets based on the Gestalt
laws of grouping [8, 9, 10, 11]. They defined distances or
affinities to obtain a weighted graph, then the spectral clustering was used to aggregate tracklets. In addition, Zhang et
el. [12, 13] applied event rule induction to analyze trajectory series and compared six similarity measures for trajectory
clustering in outdoor surveillance scenes. However, few of
works focus on the relevance of tracklets with both temporal
overlap part and non-overlap part simultaneously, and cluster
tracklets with different lifespans from the whole tracklet set.
The goal of this work is to detect short-term crowd groups
and learn long-term scene paths simultaneously with a unified
Gestalt laws-based similarity. We design a unified similarity measure according to the spatiotemporal relationships of
tracklets, and propose three priors to guarantee our algorithm
more efficient and reasonable based on the temporal overlap
part and non-overlap part during the whole lifespan of pairs
of tracklets. Then we extract representative tracklets from the
detected crowd groups to acquire the scene paths.
This paper is organized as follows. Section 2 describes the
three priors and the proposed similarity measure. The experimental results are shown in section 3, and section 4 concludes
this paper.
2. GESTALT LAWS-BASED SIMILARITY
In this section, we design a unified similarity measure based
on the Gestalt laws of grouping to cluster tracklets.
2.1. Crowd clustering priors
Gestalt laws of grouping are a set of principles to perceive
objects as organized patterns and objects [14, 15]. Inspired
by these principles, we define three priors for more reasonable
tracklet clustering results, as presented in Fig. 1.
(1) The law of proximity states that individuals prefer to
be grouped if they are close to each other [16]. In our work,
we expect that the spatiotemporal adjacent tracklets should
own higher similarity.
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Fig. 2. Temporal relationships of tracklets A, B and C. Tracklet A and B have both temporal overlap and non-overlap parts,
while A and C have temporal non-overlap part only.

Fig. 1. Illustration of the three priors of hierarchical clustering
in different scales according to the Gestalt laws of grouping.
(2)The law of similarity has the tendency to group objects
together if there are similar properties such as shape, direction and shading with each other [16]. We assume that tracklets belonging to one crowd group should own approximative
lifespans and moving directions.
(3)The law of closure prefers to see complete objects even
if parts of the whole objects are missing [17]. Inspired by
this property , we consider a semantic region as a complete
group, and we acquire the group by a hierarchical framework
which prefers to cluster short tracklets in lower levels and then
cluster the long ones in higher levels. This can be achieved by
integrating the spatial similarity and temporal weight.
2.2. Design of similarity
According to the above three priors, The similarity of two
tracklets is defined as Eq. (1).
1

S = (λ · F ) W

(1)

where F and W are the spatial similarity and temporal weight
of two tracklets respectively, λ is a scale parameter. Then we
will illustrate how this similarity incorporates the three priors
of Gestalt laws.
Spatial similarity: We treat a tracklet as a series of observations A = {~ai }, where ~ai = (xai , yia , tai ), (xai , yia ) is the
spatial coordinate and tai is the moment of the ith observation. We define T A = {tastart , tastart+1 , · · · taend−1 , taend } as
the temporal indices set of A.
According to the first two priors, adjacent tracklets with
similar moving direction will prefer to be perceived as a group
than those disordered. We apply the distance function similar
to [6] to measure the spatial similarity. Consider two tracklets
A = {~ai } and B = {~bi }, for each observation in A, we search
the nearest observation ξ (i) in B as follows:

ξ(i) = arg min xai − xbj , yia − yjb
(2)

where NA is the number of observations in A, and vi and
vξ(i) are the velocities of ~ai and ~bξ(i) . In order to balance the
two items of Eq. (3), the width and height of the input image
are normalized to be from 0 to 1. Then the spatial similarity
is defined as:
F (A, B) = exp (−f (A, B)/σ)
(4)
where
f (A, B) = min (d (A, B) , d (B, A))
(5)
However, we find that not all the observations in tracklets are helpful to measure the similarity. For example, if two tracklets have large temporal gap, only the adjacent parts of the two tracklets (in dotted box of Fig. 2) are useful
to measure the similarity. Thus, we will find an appropriate
temporal range for similarity calculation. For two tracklets,
f irst
second
, and
we denote the first tracklet as A if Tstart
<= Tstart
A
B
∆d = Tend − Tstart , where a positive ∆d indicates that there
is a temporal overlap part between two tracklets and vice versa. We also define Ω as a temporal moment set related to ∆d
as shown in Fig. 2, then we have:


max{LT A , LT B }
dt = min{
, min{LT A , LT B }} (6)
f (∆d)
where dt is the number of observations for calculating similarity in each tracklet, d·e means up to the nearest integer,
f (∆d) = γ ∆d is a monotone decreasing function of ∆d, and
we set γ=0.8. LT A and LT B are the length of T A and T B .
Ω
We define Γ = {tΩ
start − dt, tend + dt} as a set of temporalTmoments, then
T the temporal range of tracklet A and B are
Γ T A and Γ T B as shown in Fig. 2. For A and B, the red
parts are the temporal ranges, and the temporal ranges for A
and C are indicated by the dotted box.
Temporal weight: The temporal information is used to
weight the spatial similarity to ensure the tracklets can be
clustered from small scale to large scale hierarchically. Then
the weight is defined as:
W = 1/(1 + exp(−C))

j∈B

Then the distance function is:

C = ∆d · (η − η threshold ) / (max{LT A , LT B })
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where η is the tracklet lifespan ratio of the short one to the
long one. According to the second prior, η can make tracklets with equal length have larger weight. As interpreted in

Fig. 3. (a) denotes the wight function of C. (b) is the mapping
function from F to S with different W , where λ = 0.95.
the middle column of Fig. 1, tracklets with equal length and
same moving direction will be grouped together. k is a scale
parameter. According to the third prior (the last column in
Fig. 1), the tracklets will be clustered in multi-scales hierarchically, which is supported by the denominator of Eq. (8).
The tracklets with smaller lifespan will obtain large weights. Furthermore, the increase of C will bring higher temporal
weight as shown in Fig. 3 (a), which conforms to the first
prior that tracklets with spatiotemporal proximity will have
higher similarity, as shown in the first column of Fig. 1.
Eq. (1) maps F and W into a new similarity space as
shown in Fig 3 (b). A small temporal weight will lead to
small similarity, no matter how large F is, which is reasonable
since tracklets with large temporal gap should have smaller
similarity based on the first prior. A larger S means that the
pair of tracklets are spatially and temporally close, as well as
similar moving direction so that they have precedence to be
clustered together.
Finally, the hierarchical clustering method is applied to
cluster tracklets, where the agglomeration of clusters is constrained by an intra-group tightness measurement [4], which
enables the number of groups to be determined automatically.
2.3. Path Modeling
According to section 2.2 we obtain some clusters firstly, then
we extract representative tracklets from each cluster based on
Algorithm 1. We need to give a threshold number about how
many representative tracklets should represent a cluster in advance. Then these representative tracklets will be clustered
into specific groups as previous in a higher level, and the unified similarity will be applied again to measure the affinity
between representative tracklets. On account of representative tracklets containing high level information of crowd with
similar attributes, we can obtain the main representative tracklets as the center of scene paths from the clustered groups.
3. EXPERIMENTAL RESULTS AND APPLICATION
We evaluate our method on the new CUHK Crowd Dataset
[18], which consists of 474 video clips collected from many
different environments and some existing crowd datasets,

Algorithm 1 Extract representative tracklets
1: N is the number of tracklets which is similar to tracklet i
in certain cluster.
2: for cluster k in cluster set do
3:
for i in cluster(k) do
4:
L ← T (k) . sort the lifespan of cluster(k) and
reserve for T(k)
5:
calculate N of all tracklets in L based on S
6:
if N of L(i) > σthreshold then
7:
repre trks ← L(i)
8:
end if
9:
end for
10: end for
11: return repre trks

and the crowd videos cover various densities and perspective
scales. The quantitative evaluations are performed on 300
manually annotated videos clips.
3.1. Group Detection
We regard the group detection problem as a clustering process. Before clustering, outliers are removed firstly. Here
static tracklets and too short tracklets are removed.
In order to evaluate our method quantitatively, we compare our result with four outstanding algorithms: mixture of
dynamic texture (DTM) [19], hierarchical clustering (HC)
[4], coherent filtering (CF) [3], and collective transition priors (CT) [18], and apply three useful evaluation criterions
adopted in [18], i.e., Purity [20], Rand Index (RI) [21], and
Normalized Mutual Information (NMI) [22]. The results are
shown in Table 1. The NMI is lower than CT because our
method clusters tracklets on the tracklet-level instead of frame
by frame, so it is more sensitive to noise tracklets. Moreover
CT designs a set of group property descriptors based on CF.
Thus the CT is more suitable for most collective scenes in the
dataset. However, our method achieves more comprehensive
detection results.
For qualitative evaluation, we compare our method with
two state-of-the-art approaches: Coherent filtering (CF) [3],
and collective transition priors (CT) [18]. Fig. 4 shows the
ground truth and the comparison results of group detection.
CF detects coherent motions with neighbor invariance of spatiotemporal relationships and velocity correlations. However, it is sensitive to tracking failure since it cannot model
the dynamics shared by the whole group. CT adopts a set of
group-property visual descriptors through learning the collective transition prior base on CF approach. It discovers seeding
tracklets to learn CT prior of group and refine the group detected by CF. Therefore, it shows more complete detection
results in Fig. 4, but it also loses some groups due to the
refinement process. Moreover, those two approaches cluster
tracklets frame by frame, which are different from cluster-
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Fig. 4. The results of crowd group detection comparison.
Groups are distinguished with colors, and red color indicates
outliers.

Fig. 5. (a) and (c): the original crowd scenes. (b) and (d): the
main crowd moving paths distinguished with colored regions.

Table 1. Quantitative Comparison with Four Outstanding
Methods
Methods
NMI Purity
RI
DTM [19]
HC [4]
CF [3]
CT [18]
Ours

0.3
0.27
0.42
0.48
0.46

0.68
0.62
0.73
0.78
0.80

0.71
0.73
0.78
0.83
0.84

ing tracklets by the complete tracklets that contain the whole
crowd dynamics. The result shows that our method can find
more implicit groups as well as deep-seated relationships of
tracklets as shown in the bottom left pictures in Fig. 4.
3.2. Path Modeling and Abnormal Tracklets Detection
The representative trackelts extracted from crowd groups will
be used to learn the long-term scene paths. Following the
previous procedure, we use the unified similarity measure to
cluster the representative tracklets. Then, according to the
cluster results, we could find the appropriate representative
tracklets which describe the scene paths correctly. As shown
in Fig. 5, the colored areas are the main crowd moving paths
along which most of tracklets pass through this region. The
brighter lines denote the representative tracklets in the paths.
Abnormal detection is also a significant issue in intelligent surveillance. Our method can learn the crowd paths in
different crowded scenes based on the procedure presented in
section 2. After the scene structure is learnt, those tracklets
not belonging to the main paths are considered as abnormal
behaviors. As shown in Fig. 6, some abnormal behaviors in
two typical scenes are presented, where the abnormal tracklets are obviously different from the learnt paths. The tracklets
which own a long temporal duration and differ from the learnt
crowd paths obviously are detected as abnormal tracklets.

(a)

(b)

Fig. 6. The anomalous tracklets of dynamic scene are represented. The arrows indicate the direction of main crowd path.
4. CONCLUSIONS
In this paper, we propose three priors based on the Gestalt
laws of grouping to describe crowd properties with the spatial proximity and temporal relevance. Then a unified similarity measure is applied to cluster tracklets at multiple spatiotemporal scales, which are useful and practical to detect crowd groups and learn long-term representative tracklets.
Finally, the proposed method is demonstrated for group detection, path modeling and abnormal tracklets detection in a
large video sets.
In the future work, we will find out more attributes or priors to make it more robust to noise such as drifting tracklets.
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