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Abstract In this paper, a novel probabilistic topic model is proposed for mining activities
from complex video surveillance scenes. In order to handle the temporal nature of the video
data, we devise a dynamical causal topic model (DCTM) that can detect the latent topics and
causal interactions between them. The model is based on the assumption that all temporal
relationships between latent topics at neighboring time steps follow a noisy-OR distribution.
And the parameter of the noisy-OR distribution is estimated by a data driven approach based
on the idea of nonparametric Granger causality statistic. Furthermore, for convergence anal-
ysis during model learning process, the Kullback-Leibler between the prior and the posterior
distributions is calculated. At last, using the causality matrix learned by DCTM, the total
causal influence of each topic is measured. We evaluate the proposed model through exper-
imentations on several challenging datasets and demonstrate that our model can identify the
high influence activity in crowded scenes.
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1 Introduction

Probabilistic topic models(PTM) are originally proposed for text processing, such as Prob-
abilistic Latent Semantic Analysis (PLSA) [11], Latent Dirichlet Allocation (LDA) [2],
Hierarchical Dirichlet processes(HDP) [23] and their extensions. More recently they have
been shown to be successful in video surveillance [13], especially for complicated scenes.
The topic model can work directly on low-level motion features, e.g., optical flow. This
strategy offers a practical way of bypassing the problems of unreliable detection and track-
ing in complex scenes. For instance, Wang et al. [25] presented a hierarchical topic model
based on optical flow features to detect activities and their interactions in crowded scenes,
while Li et al. [16] proposed a hierarchical PLSA model for abnormal behaviors detection
by using spatio-temporal features.

Although such approaches offer an advantage in discovering scene activities, most
topic models fail to represent the temporal information contained in video streams. Cur-
rently, there are two main categories of approaches for including temporal information in
the model. The first category is based on word sequences representation [4, 6, 24]. For
instance, Varadarajan et al. [24] proposed a novel model to discovering dominant activity
motifs from multivariate temporal sequences by introduction of latent variables repre-
senting the motif start times. The second category has focused on higher level variables
[12, 14, 26]. In these cases, the dynamics of topic distributions over time are mod-
eled. For instance, Hospedales et al. [12] introduced a Markov clustering topic model
for scene level behaviors learning, which can dynamically identify irregular spatiotempo-
ral patterns in video. But each activity is still considered as co-occurring of unordered
words.

Different from the above mentioned models, we propose a dynamic causal topic model
to consider temporal features by introducing a dynamic concentration parameter. This
model can mine visual event structures and their temporal relationships simultaneously. The
contribution of this paper is threefold:

— We propose a dynamic causal topic model, that not only can detect the activities by
capturing co-occurrence of words, but also can obtain the causal interactions between
them by utilizing noisy-OR distribution to model the transition of topics over time. For
estimating the parameter of the noisy-OR distribution, we adopt a data-driven algorithm
based on the idea of nonparametric Granger causality statistic [20].

—  For convergence analysis of the model inference process, we develop a new method
based on the Kullback-Leibler (KL) divergence between the expected posterior distri-
bution and the expected prior distribution.

— By using the measure of total causal influence, it is possible to identify the high
influence topic in a matter of scenes and context.

The rest of this paper is organized as follows. In Section 3.2, the principle of the proposed
model is introduced. Section 3.3 gives a detailed description of the parameter estimation.
Experimental results are analyzed in Section 4. In this section, the application of the DCTM
model to the mining of activities in crowded surveillance videos is explained. We conclude
this paper and give future work in Section 5.
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2 Related work

Topic models were originally proposed in natural language processing and were designed
to identify the semantic structure or ‘hidden’ structure of a collection of documents con-
taining unordered words. Recently, however, topic models have been frequently used for
activity analysis from surveillance video data. In topic model, each document is a collec-
tion of words. Activities are seen as a cluster of words. The components of document are
activities. For instance, Li et al. [16] proposed a two layer PLSA model for abnormal behav-
iors detection. Wang et al. [25] presented a hierarchical topic model based on optical flow
features to detect activities and their interactions in crowded scenes. Song et al. [22] use a
two-staged LDA model to detect both activity and interaction patterns in the video.

However, the above topic model methods mainly focus on spatial co-occurring of the
words and may not be appropriate for time series data. To overcome this issue, many solu-
tions have been proposed to include temporal information in the modeling. For instance,
Blei and Lafferty [1] propose the Dynamic Topic Model (DTM) for text documents which
uses state space models on the natural parameters of the multinomial distributions that rep-
resent the evolution of topic word distributions. Different from the DTM, Chua et al. [3]
propose a Linear Dynamical Topic Model (LDTM) which utilizes the concepts of Linear
Dynamical System to represent the evolution of document topic distributions. In applica-
tion of activity analysis, temporal extensions of LDA or HDP have also been adapted. For
instance, Hospedales et al. [12] extend LDA to model temporal relationships between top-
ics by introducing a Markov chain. Kuettel et al. [14] integrate hidden Markov models with
an HDP model to identify multiple temporal topics. These models can only detect tempo-
ral interactions at scene level, but the spatial interactions between local activities can’t be
detected.

Different from the above works, attempts have been made to directly model temporal
relationships between topics from the point of causality analysis. McCaffery et al. [19]
integrate pLSA with the causal graphical models to learn visual event structures and their
temporal relationships simultaneously. But this model structure is simple and is not appro-
priate for the complex video scenes analysis. In work [5] the HDP is applied to the video data
to identify a number of topics of activity in the data. And then the activities are represented
as a multivariate point-process. At last the activity temporal dependencies are discovered by
the non-parametric Granger causality analysis. In a similar fashion, Kular et al. [15] com-
bines LDA with partial-Granger Causality to discover the main motion and relationships
between these motions. In these two works, the causal relationships between activities are
layered on top of pre-learned visual topics but they play no role in the mining of the visual
topics themselves. To overcome the above limitations, we propose a dynamic causal topic
model jointly learning of topics and their causal relationships, which can benefit mutually
each other resulting in an optimal solution. And this generative model could be combined
with discriminative model, such as SVM [7-10], to realize classification tasks.

3 The proposed framework
In this section, we first give an overview of the model structure and illustrate the model

principle for including temporal information contained in videos. Based on model assump-
tions, a detailed description of the generative process of the model is provided. In the second
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part, parameter estimation and convergence prediction algorithms are derived, with a special
effort on the causation matrix estimation, the KL divergence between expected posterior
and prior distributions. Finally the algorithm of causality based topic ranking is proposed.

3.1 Motivation

Complex video surveillance scenarios usually contain multiple activities occurring at spe-
cific place and time and many stories chains over time. Therefore, how to use reasonable
model structure and parameter learning method to describe the scene is an important and
challenging issue. In traditional topic model, there is a hidden structure of data, i.e., the
distributions over words and the distributions over topics. For video analysis, words are
quantified video features and documents are video clips. Topics are defined as distributions
over words, i.e., activities. And each document corresponds a topic distribution.

The subject of this work is to discover activities and the temporal interactions between
them. To add the time structure in the topic model, this work introduces the research results
of causal analysis related fields. Videos are time-series data. Thus the discovered activities
are also the multivariate time series. The causal relationship between the activities can be
calculated by the non-parametric Granger method [5]. In the process of topic reasoning,
high-level causal feedback is used as the a priori information, that is, the causal relation-
ship between the activities is used to improve the detection performance of the underlying
activity. The main contribution of this work is the use of a Granger Causality statistic to
explicitly measure the temporal relationships among topics, and code this information into
the model’s parameter learning process by the Noisy-OR hypothesis.

3.2 Modeling assumptions

Figure 1 shows the probabilistic graphical representation of DCTM using plate diagram.
In essence, DCTM is a combination of Latent Dirichlet Allocation (LDA) and the noisy-
OR distribution. A temporal correlation measure is needed to compare between the latent
topics. While knowing how topics temporally correlate should help the model make better
predictions for their future adoption behavior in the next time, the topic distribution at each
time step is inferred by the latent topic variable conditioned on the words written in each
time step and the topic-item distributions.

The main assumption of the proposed model is that, the topic-item distribution remains
static over time, while the topic distribution evolves over time through noisy-OR style distri-
bution conditioned on the inferred latent variables in both previous time step and the current
time step. The occurrence of a topic not only depends on the variables in current time step,
but also the variables in previous time step. The noisy-OR distribution is a human causal
learning standard model. It has a simple and generative causal structure. For these reasons,
we use noisy-OR distribution to describe the temporal relationships between latent topics at
neighboring time steps. And the notation of the noisy-OR will be denoted by NOR(-).

The generative process for DCTM is given in the following procedure:

1. For each topic k € {1, ...K}, draw a Dirichlet word-topic distribution,

& ~ Dir(p),

where § is a V dimensional prior vector of ®y.
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Fig. 1 Graphical representation for the proposed model

2. For each document d; at the time step ¢:

—  Generate o, with the previous time step variables,
o X NOR(6;—1, W) + ao,

where o, is a K dimensional prior vector of 6; ; and NOR(6;_1, W) represents
the noisy-OR distribution which depends on the topic distribution at the time step
t — 1 and a causal matrix W.

—  Draw a Dirichlet topic distribution 6; ~ Dir(a;).

3. Foreach word i € {1, ...N;} in document d;:
— Draw an topic z; ; ~ Multi(6;);
— Sample a word conditioned on topic variable x; ; ~ Multi(®Py)

3.3 Parameter estimation

For topic models, the key inferential problem needed to solve is to compute the posterior
distribution of the hidden variables. The approach adopted in this study will be Gibbs sam-
pling algorithm. The causation matrix is estimated by a straight forward approach, directly
derived from the data. The Gibbs sampling algorithm is an iterative process. We repeat these
steps until a KL Divergence is reached.
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3.3.1 Posterior parameters estimation

In this work, we make use of Gibbs sampling algorithm to efficiently obtain an approxi-
mation of the posterior distribution of the latent variables. The Gibbs sampler state is the
set of the z; ; and its update is derived by integrating out the latent variables 6 and ¢ in its
conditional probability given the other variables,

=it =it
nzx + Bv n; +0o;

p(zis =k |Z—\i,t7 D, o, B) x = : — s
Y, By Y +aky)

e))

where D denotes the training documents, and Z—; ; denotes all topics excluding z; ;; n; x
denotes the counts of word x; , associated with topic z; ;; n, ; denotes the counts of topics
z;,; in document d;.

Based on the sampled latent variables, the posterior distributions are derived,

Nk + 0k
k=", 2
' Zk (”z,k + Olz,k)
where n; ; denotes the counts of topic k in the document d;.
nkv + Bu
kv =—=—""""77> 3)
D SHCTEYH)

where ny_, denotes the total counts of word v associated with topic k.
3.3.2 Adaptation of concentration parameter

In LDA, the topic distribution 8 is drawn from a fixed hyperparameter «, without con-
sidering the temporal information. However, in the streaming data setting, the temporal
information is important and should be considered in the generation of 6;. It is well known
that the concentration parameter « has influence on the model. Therefore, we assume that
all relationships between topics at the adjacent moment is subject to noisy-OR distribution.
As shown in Fig. 2, all topics at current time step will be independent conditioned on the
topics at previous time step.

t—1 { o . ’
Wy, Wik Wi

Wi

Tolon

Fig. 2 Temporal relationships between latent topics at neighboring time steps
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Given topic mixture proportion 8;_ at the previous time step , the probability that topic
k will be present at time ¢ is predicted by the following function,

K
pf=PE, 10 Wy =1=T] 0 =0 1w, “)

m=0

where the matrix W = [wy,x] € RE*X is termed as the causation matrix, essentially quan-
tifies the intensity of all possible causal influences within the system, and w,,x denotes the
coefficient relating the topics m and k.

To correlate the current parameters o, with the previous time step variables, «; is defined
as

oy = Py + ap, (5)

where ag € RX represents the initial prior parameter, p, = [p¥] € RX represents the prior
topic distribution. This step distinguishes our model from all other topic models.

3.3.3 Causation matrix estimation

In this section, the causation matrix W is estimated by a straightforward approach, directly
derived from the data. Causal relationships among all topics are established via the Non-
parametric Granger causality statistic. During the Gibbs sampling process, each visual word
is assigned a topic identification. Therefore, a multivariate point-process can be constructed
by considering each topic as a point event. The amount of occurrence of topic z in the time
interval (¢; ¢t + §t) is then defined as follows:

dN;(t) = N;(t + 8t) — N; (1), (6)

where &t denotes the time resolution; N;(¢) is the number of words associated with
topic z' accumulated in the interval (0; ¢). The mean intensity of the process is defined
as E{dN;(t)} = AX;6t, and the zero-mean process P;(t) = N;(t) — A;8t is consid-
ered as a point process. Therefore, a K-dimensional multivariate point-process P(t) =
(P1(2), P2(2), ..., P ()T is created for representing the dynamics of topics. The causation
matrix will be estimated by the multivariate point-process using Nonparametric Granger
causality statistic. First, the spectral matrix of the multivariate point-process is computed
using multi-taper method. And then based on spectral factorization, Granger causality from
topic z/ to z' at frequency f is obtained by:

Sii(f)
$ii(f) = (Bj; — 52/5i)| T ()]

GPj*)P[ (f) = ln (7)

where S;; (f) represents auto-spectrum, 7' (f) denotes the transfer function between pro-
cesses, and ¥ denotes the noise process covariance. The causal score between processes
P;(t) and P;(t) can be obtained by integrating (7) over frequency,

W=>"Gpp(f)Vi#j. (8)
-

@ Springer



10676 Multimed Tools Appl (2018) 77:10669-10684

At last, the causal matrix will be normalized to have a value between 0 and 1.
3.3.4 Convergence analysis

The use of Markov chain Monte Carlo (MCMC) methods has made topic model inference
tractable. However, the convergence of this method can be tough to detect. Since the model
is updated in every iteration, we propose a new method based upon the divergence between
the expected prior and expected posterior distribution and take it as an indication of itera-
tion convergence. Different from the previous works that use topic model on static data, it
is more important to distinguish between the posterior and prior distributions in temporal
data.

As the posterior topic distribution 6,1 of time step  — 1 becomes the prior parame-
ters oy by noisy-OR distribution. Therefore, to justify the convergence, Kullback-Leibler
divergence is deduced to measure the distance between the expected posterior topic distri-
bution 6y, and expected prior topic distribution 6;;_1 . The KL Divergence between the two
distributions is defined as follows,

Dk LLE i) | E@ni—1) 1. (€))

The expected prior distribution is defined as

&%
EOi—1) = , 10
©r11=1) S (10)
k
and the expected posterior distribution is defined as:
o +n
E@p) = = ——— an

Z (Olz,k + nz,k) '
k

where n; x denotes the number of the topic & in the document at time . Based on the assump-
tion that the performance of the model is improved along with the learning iteration, the
KL divergence will be reduced. So the iteration process is repeated until the average KL
divergence threshold is reached.

3.3.5 Outline of parameter estimation

Algorithm 1 summarizes the procedure to estimate all parameters of the DCTM model
depicted in Fig. 1. It begins by randomly initializing the latent variables, followed by Gibbs
sampling iterations which consist of several steps. First, prior parameter is estimated. Then
the latent variable is sampled by conditioning on the prior parameters, sufficient statistic
from previous iterations and the constant parameters. Based on the sampled latent variables,
the posterior parameters are derived. Finally, we estimate the causation matrix. For conver-
gence analysis, the KL between the prior and posterior distributions is calculated. We repeat
these steps until a value of KL is reached.
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Algorithm 1 Dynamic causal topic model

Input: data stream d; including totally V unique words
Output: estimated topic-word distribution ¢, topic distribution 6; of each document and
causation matrix W.
I: initialize g, B, 0 , ¢ and W with the constraint Y ¢ 6, = 1,3V, ¢, = 1 and
W=0.
2: define the total number of topics K
//Gibbs sampling iterations

3: repeat

4: for t+ > 1 to the data stream run out do

5: Estimate concentration parameter o; by (5);
6: Sample topic by (1);

7: Update posterior distribution 6; by (2);

8: end for

9:

Update posterior distribution ¢ by (3);
10: Update causality matrix W by (8);

11: Calculate average KL divergence by (9);
12: until Convergence

3.4 Causality based topic ranking

In the above definition, the ith row in the causation matrix W is comprised of the causal
influences of the corresponding topic i on the other topics. Therefore, the total causal
influence of the topic i is measured as the /;-norm of the it/ row in the causation matrix W,

K K
Ti:Z|wij|:Zwij' (12)
=1 =1

This quantifies the single topic’s total causal influences within the system. It may con-
tribute to identify the high influence topic in crowded scenes. Based on the measured causal
influence {T;} lK , the topic can be ranked in the form,

Lowest Ty < Tjp < ... <T;x Hightest. (13)

4 Experiments
4.1 Datasets and setting

The experiments were performed on Intel Core 17-2600 machine with 3.4GHz CPU and 4G
RAM, and implemented in hybrid programming with C and Matlab. Experimental results
are demonstrated on two traffic video sequences selected from the QMUL dataset at 25fps
with a resolution 360 x 288. As shown in Fig. 3, both two scenes are junctions with traffic
lights. Thus, the sequence of activities exhibits spatial-temporal periodicity. Typically, there
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(a) intersection dataset (b) roundabout dataset

Fig. 3 Dataset

are several flows at a time, and each flow may last for a period. We assess the proposed
method with both qualitative and quantitative evaluations.

In this study, low-level motion feature is adopted to represent video. To apply the topic
model on video data, we need to establish a bag-of-words representation. Firstly, we spa-
tially divide the scene into a 36 x 29 grid with a spacing of 10 pixels, and then, the
motion direction is quantized into 8 orientations for each cell. Therefore, a codebook with
36 x 29 x 8 visual words is constructed. For the input video sequences, they are tempo-
rally segmented into 3-s-long non-overlapping video clips. TV-L1 algorithm [27] is used to
extract optical flow vectors from each frame. Optical flow vectors with the magnitudes less
than 0.8 are ignored. By spatial and directional quantization, the denoised flow vectors are
indexed to one of the visual words in the codebook. The visual document is composed by
the words accumulated over the corresponding video clip. The dataset sizes are detailed in
Table 1. The proposed model is an extension of LDA, so it is used as the baseline model. For
both models, we set 22 topics for the intersection scene, and set 26 topics for the roundabout
scene. And set g = 0.5, 8 = 0.04.

4.2 Convergence of log likelihood

We evaluate the convergence of the log likelihood for the proposed DCTM and the LDA
model. Figure 4a and b show how the log likelihood varies with the number of iterations for
both sequences. Due to the intractable of sum over correlated z, the importance sampler is
adopted to approximate the likelihood. As can be seen from Fig. 4, DCTM model achieves
the higher likelihood compared with LDA. This indicates that the proposed model can bet-
ter model the activities contained in the test video. It is obvious that the high-level causal
feedback can improve the low level topic prediction.

Table 1 Dataset sizes

Dataset Documents Topics Words Period(min)
intersection 1199 21 6821431 60
roundabout 1246 26 2136908 62.3
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Fig. 4 Log likelihood versus the number of iterations

Fig. 5 Top 4 topics for intersection scene
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Fig. 7 Total mixture proportion and total causal influence for topics
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Fig. 8 Total mixture proportion and total causal influence based topic ranking for the intersection scene

4.3 Causality based topic ranking

For the intersection scene, the motion distributions of the top four topics are selected as
shown in Fig. 5. Topics 15 and 3 indicate the horizontal traffic flow with different directions,
respectively. Topic 5 indicates upward vehicles traffic flow. Topic 8 indicates right-turning
traffic flow. For the roundabout scene, the motion distributions of the top four topics are also
selected as shown in Fig. 6. Topics 22 and 16 indicate left to right traffic flows at different
zones. Topic 13 indicates right-turning traffic flow. Topics 21 indicates left-turning traffic
flow in the far field.

Compared with the LDA model, the structure of the proposed DCTM is complicated with
more parameters. So it could provide more semantic information. Based on the causation
matrix W, the total causal influence of each activity is computed. For comparison, the total
mixture proportions(TMP) of topics are given by,

. Zt:nt,k
Prop(?") = =—=— (14)
Zt: Zk:”lt,k

I S B R E o e B ) B m e 0.08
0.10 Il Topic Proportion
I Causal Influence L 0.07
0.08
- 0.06
5 8
= 5
O 0.06 1 F0.05 S
Q =
DE_ IS
©
o -
g_ 0.04 0.04 %
= (6]
- 0.03
- 0.02

Fig. 9 Total mixture proportion and total causal influence based topic ranking for the roundabout scene
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(a) intersection scene (b) roundabout scene

Fig. 10 Causal graph

where n; ; denotes the counts of the topic k in the document at time ¢, which can be obtained
from the sufficient statistics. As shown in Fig. 7, the total mixture proportions and total
causal influence over topics are represented by curves. It is obviously that there are some
differences in trend in the two series.

To provide further insights on the difference, topics are ranked based on the TMP and
TCI respectively. As can be seen from Figs. 8 and 9, the ordered topics are represented by
bars, where the labels on top of the bars denote topic IDs. A large number of topic mixture
proportions does not always mean high influence. This is in line with common sense. There-
fore TCI-based topic ordering is more helpful for video surveillance. The video surveillance
system could pay more attention on the high-impact activity to avoid some anomalies.

To demonstrate the interaction between activities, the causality matrix is represented by
a directed graph, where nodes denote topics and edges denote the causal relations between
them. Figure 10 shows the causal graphs corresponding with the top 4 activities.

5 Conclusions

Activity analysis for complex scene is a challenging problem, especially in situations where
multiple activities are occurring simultaneously. In this study, a novel topic model is pro-
posed to mine activities and their causal influence in the complex scenes. The concentration
parameter of the Dirichlet distribution is updated at every time step through the noisy-OR
distribution. To estimate the causal parameter of the noisy-OR distribution, the topics are
deemed as multivariate point process. Then the causal parameter is obtained by performing
the non-parameter Granger causal analysis on the pairs of point process. Additionally, we
can take usage of the total causal influence to identify the high influence activity. This is
useful for video surveillance.

In future studies, we will carry out more experiments on different sequences to evaluate
the performance of the proposed model. Moreover, causal grouping algorithms will be stud-
ied to mine the temporal rules among the activities. And how to use this model to identify
the leader in the crowd based on the trajectory features is also a question that will be con-
sidered and investigated. Except for behavioral analysis, the promising applications of this
model include under water image classification [17, 18], video streaming [28] and social
event analysis [21] etc.
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