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Abstract. A self-adaptive Hidden Markov Model (SA-HMM) based
framework is proposed for behavior recognition in this paper. In this
model, if an unknown sequence cannot be classified into any trained
HMMs, a new HMM will be generated and trained, where online training
is applied on SA-HMMs to dynamically generate the high-level descrip-
tion of behaviors. The SA-HMMs based framework consists of training
and classification stages. During the training stage, the state transition
and output probabilities of HMMs can be optimized through the Gaus-
sian Mixture Models (GMMs) so the generated symbols can match the
observed image features within a specific behavior class. On the classi-
fication stage, the probability with which a particular HMM generates
the test symbol sequence will be calculated, which is proportional to the
likelihood.

1 Introduction

Recognizing human behaviors in a video stream is critical in many applications,
such as video surveillance, video indexing, video annotation, and video summa-
rization. Behavior recognition is difficult since the mapping between the video
signal data and event concepts is not always one-to-one. Among various behav-
ior recognition applications, the automatic abnormal behavior/event detection
has recently attracted attention in computer vision and multimodal processing
under different names, such as abnormal, unusual, or rare events [1], [2], [3].
This is a challenging problem since events of interest occur much less frequently
than normal behaviors and occur unpredictably, such as alarm generation in
surveillance systems, and extractive summarization of raw video events.

Due to the difficulty for supervised learning, more methods have been pro-
posed recently for unsupervised learning of abnormal behavior models [6], [4],
[3], [5]. Some approaches [4], [6] conduct clustering on observed patterns and
label those forming small clusters as being abnormal. Another approach pro-
posed in [3] defines the abnormal behaviors as those patterns which cannot be
fit into any normal pattern from a database of spatial-temporal patches using
only normal behavior. The approach proposed in [6] cannot be applied to online
abnormal behavior detection since it cannot handle previously unseen behavior
patterns. Most recently, Xiang and Gong [5] proposed an online video behavior
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profiling framework for anomaly detection, where a Dynamic Bayesian Network
(DBN) is proposed to model each behavior pattern, and a runtime accumulative
anomaly measure is introduced to detect abnormal behaviors based on an online
Likelihood Ratio Test (LRT) method.

Although it is unrealistic to obtain a large training data set for abnormal
behaviors, it is conversely possible to do so for normal behaviors, allowing the
creation of a well-estimated model of normal behaviors. In this paper, in order to
overcome the scarcity of training material for abnormal behaviors, a self-adaptive
Hidden Markov Models (SA-HMMs) based framework is proposed. This is an
on-line learning method which can dynamically generate a number of abnormal
behavior models in an unsupervised manner. This SA-HMMs based method is
able to learn from current data and generates new models, which differs from
previous work on abnormality detection through a number of training data.

On the other hand, in the traditional HMMs, only key features are generally
of interest. However, for behavior recognition, focusing on key postures are not
enough due to a large number of transition postures in human motion. Since
the emission distribution of the HMMs is difficult to be evaluated accurately,
a single model solution may be insufficient. Therefore, to reduce the influence
of transition postures, Gaussian Mixture Models (GMM) are developed in this
paper to represent the emission distribution, which allows the model to be more
effective at capturing the variability in behavior patterns.

Note that our proposed SA-HMMs based framework is a fully unsupervised
learning method, where manual data labeling can be avoided in both feature
extraction and classification of behavior patterns. Manual labeling of behavior
patterns is tedious and sometimes even infeasible given a large amount of the
surveillance video data to be processed. It is worth to mention that the proposed
SA-HMMs based framework is a general one which can be applied to any type of
scenarios. In particular, the proposed approach is able to be self-adaptive, and
the models will become much stronger with the consecutive behavior patterns
input.

2 The SA-HMMs Approach

A video sequence V is ideally considered as a kind of behavior including N tem-
porally ordered patterns V = {v1, . . . , vn, . . . , vN}. For example, the behavior of
“going to bed” contains several elementary patterns such as walking, sitting and
lying. Moreover, each pattern vn consisting of Xn image frames is represented as
vn = [In1, . . . , Inx, . . . , InXn], where Inx is the xth image frame. Before dealing
with the video, we need to effectively process all of frames in order to obtain
useful information.

Our system aims at detecting abnormal behaviors, which consists of two major
steps. The first step matches the input postures with the templates trained for
normal behaviors, and the second step identifies sequences of the discrete pos-
tures through a trained HMM and decides whether the behaviors are abnormal.
The block diagram of the proposed system is shown in Fig. 1. When an unknown
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sequence arrives, firstly, the sequence is processed through the templates match-
ing. Since our approach is based on the silhouette of the postures, we employ
the Hausdorff distance to measure the similarity between the test frame and
templates. The smaller the distance, the higher the similarity is. Then, we will
work with HMMs, where the ‘observations’ of HMMs are drawn from a Gaussian
mixture model. The SA-HMMs system can recognize the similar behavior pat-
tern in the recognition process, which includes learning phase and recognizing
phase. In the learning phase, the similarity between a new sequence and exis-
tent models will be calculated through HMMs. Basically, the decided pattern
depends on the threshold for all HMMs. In other words, if the new likelihood
dramatically exceeds the threshold, the new sequence will be clustered into a
new behavior. In this sense, a new HMM will be generated. The major issue
is how to identify appropriate behavior patterns that can enable both behavior
recognition and generation. One single sample is obviously insufficient to pro-
vide a good estimate of the model parameters. To overcome the lack of training
samples, we propose an online learning model, where every test sequence can be
considered as a training sample, and the model will be updated after the input
sequence.

In this paper, a state space approach is used to define each static posture as a
state, where these states are associated with certain probabilities. Each behavior
sequence can be mapped into a sequence of states. According to the similarity of
the silhouette shapes, the human behavior sequence can be classified into several
groups of similar postures. Each group is treated as a model state, and a human
behavior can be described by a sequence of model states. In other words, in
order to recognize human behaviors, we first recognize postures frame by frame,
and the motion sequence can be represented by the recognition results of each
frame.

Since it is easy to obtain a well-estimated model for normal behaviors, we
start with one state for a normal behavior. A set of parameters Θ∗ of the normal
behavior HMM is learned by maximizing the likelihood of observation sequences
X = {X1, X2, . . . , Xn} as follows:

Θ∗ = argmax
Θ

n∏

i=1

P (Xi|Θ) (1)

The probability density function of each HMM state is assumed to be a Gaus-
sian Mixture Model (GMM).

When a new HMM is generated, a set of parameters can be evaluated through
the Baum-Welch algorithm [7], [8], which is a generalized expectation-
maximization algorithm. Baum-Welch algorithm can estimate maximum likeli-
hood and posterior mode for the parameters (i.e. transition and emission
probabilities) of an HMM, given emissions as the training data. Then, a Viterbi
algorithm [9] is applied to calculate the likelihood, which is a dynamic program-
ming algorithm for finding the most likely sequence of hidden states.
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Fig. 1. The block diagram of the SA-HMMs based system

2.1 Shape Matching with Hausdorff Distance

The use of variants of the Hausdorff distance [10] has recently become popular
for image matching applications, which is defined as the maximum distance of a
set of points to the nearest point in the other set. Generally, Hausdorff distance
from set A to set B is a maximum function, which is defined as

dAB = max
a∈A

{min
b∈B

{l(a, b)}} (2)

where a and b are points of sets A and B, respectively, and l(a, b) is a metric
between these points. Since we are interested in using the Hausdorff distance to
identify similarity of a testing frame with a template frame, the distance vector
can be defined as Di = {di1, di2, . . . , din}, wherei denotes the ith frame of the
sequence, and n denotes the number of templates pre-stored in the system.

2.2 Hidden Markov Models

A Hidden Markov Model (HMM) [11] is a statistical model in which the system
being modeled is assumed to be a Markov process with unknown parameters, and
the challenge is to determine the hidden parameters from the observed param-
eters. The appealing feature of HMM is that no priori assumptions are needed
about the statistical distribution of the data to be analyzed. The HMM consists
of a finite set of states, each of which is associated with a probability distribu-
tion. Transitions among the states are governed by a set of probabilities called



Abnormal Behavior Recognition Using SA-HMM 341

Fig. 2. Probabilistic parameters of a hidden Markov model. S represents states, X
represents possible observations, a represents state transition probabilities, and b rep-
resents output probabilities.

transition probabilities. In a particular state, an outcome or observation can be
generated, according to the associated probability distribution. The probabilistic
parameters of a hidden Markov model are shown in Fig. 2. Here, we apply HMM
for abnormal behavior recognition.

More specifically, in our system, the parameters of a HMM can be represented
as Θ = {π, S,A,B}, where each parameter is defined as follows:

1. States: S = {S1, S2, . . . , SN}, where N is number of states. State of HMM
at time t is denoted as qt. In our system, the states are defined as postures,
such as walking, sitting, falling, and so on.

2. State transition probability distribution: A = {aij}, where aij denotes the
transit probability from state Si to Sj , which is defined as:

aij = P (qt+1 = Sj |qt = Si), 1 ≤ i, j ≤ N (3)

3. Observation symbol probability distribution: B = {bj(Xt)}, where bj(Xt)
defines the probability of observing X at state Sj at time t.

bj(Xt) = P (Xt|qt = Sj), 1 ≤ j ≤ N (4)

4. Initial state distribution: π = {πi}, where πi represents the probability of a
HMM being at state Si at time t = 1.

πi = P (q1 = Si), 1 ≤ i ≤ N. (5)

2.3 Gaussian Mixture Model

Observations are emitted on transitions in HMMs and can also be emitted from
states. As defined in the above section, B = {bj(Xt)} is a set of emission proba-
bilities, where bj(Xt) is the probability of observing X on state Sj at time t. In
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order to transform the observed Hausdorff distance D into output elements, a
Gaussian Mixture Model (GMM) [12] is applied to construct emission functions
in our approach.

GMM is an effective tool for data modeling and pattern classification, which
is a type of density model comprising a number of component functions, usu-
ally Gaussian. GMM assumes that the data under modeling is generated via
a probability density distribution which is a weighted sum of a set of Gaus-
sian probability density functions. Due to the flexibility of GMM, it has been
successfully applied to numerous applications of data modeling and pattern clas-
sification [12]. The single Gaussian function is defined as:

f(d;μ,Σ) = 1/
√

(2π)dim|Σ| · exp
[−1/2 · (d− μ)T Σ−1(d− μ)

]
(6)

where μ is the mean value, Σ is the covariance matrix, and dim denotes the
dimension.

The distribution of a random variable D ∈ R
dim is a mixture of k Gaussians

if:

f(D = d|θ) =
k∑

j=1

ωj · 1/
√

(2π)dim|Σj | · exp
[−1/2 · (d− μ)T Σ−1

j (d− μ)
]

(7)

where the parameters of GMM is defined as θ = {ωj, μj ,Σj}k
j=1 . ωj is the

weights for each Gaussian distribution, and it is constrained by
k∑

j=1

ωj = 1 and

ωj > 0, j = 1, . . . , k. μj ∈ R
dim is a mean vector and Σj is a dim× dim positive

definite covariance matrix. The dimension of μ and Σ is the same with D, the
Hausdorff Distance vector.

In our system, by using an Expectation Maximization (EM) method, an op-
timal set of parameters for GMMs can be identified in an iterative manner. By
generating such a Gaussian mixture model for classification, the influence of
transition postures can be reduced significantly, which leads to more robustness
in recognition.

2.4 Viterbi Algorithm

The Viterbi algorithm is a dynamic programming algorithm for searching the
most likely sequence of hidden state, called the Viterbi path, which results in a
sequence of observed events in the context of hidden Markov models. The idea
of the Viterbi algorithm is to find the most probable path for each intermedi-
ate state, and finally for the terminating state in the trellis. At each time n,
only the most likely path leading to each state si survives. A reasonable opti-
mality criterion consists of choosing the state sequence (or path) that has the
maximum likelihood with respect to a given model. This sequence can be deter-
mined recursively via the Viterbi algorithm, which is called the state dynamic
programming.
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This algorithm makes use of two variables:

1. δn(i) is the highest likelihood of a single path among all the paths ending in
state Si at time n, which is defined as:

δn(i) = max
q1,q2,...,qn−1

p(q1, q2, . . . , qn−1, qn = si, x1, x2, . . . , xn|Θ) (8)

2. ψn(i) allows to keep tracking the “best path” ending in state Si at time n,
which is defined as:

ψn(i) = arg max
q1,q2,...,qn−1

p(q1, q2, . . . , qn−1, qn = si, x1, x2, . . . , xn|Θ) (9)

In our system, δn(i) determines the most possible route to next posture, and
ψn(i) remembers how to get there. This is done by considering all of the prod-
ucts of transition probabilities with the maximum probabilities derived from the
previous step. The largest product is remembered, together with the one that
provoked it.

3 Experimental Results

To evaluate the performance of the proposed SA-HMM based framework for
abnormal behavior recognition, we capture 35 unlabeled video sequences includ-
ing both normal and abnormal behaviors, which are used for both testing and

(a)

(b)

(c)

Fig. 3. Examples of normal behaviors patterns. (a) walking; (b) walking-sitting; (c)
walking-sitting-walking.
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(a)

(b)

(c)

Fig. 4. Examples of abnormal behavior patterns. (a) falling down; (b) jumping; (c)
shaking.

Fig. 5. Templates of behavior patterns

on-line training purposes. A set of images representing normal and abnormal
human behaviors are shown in Fig. 3 and Fig. 4, respectively. The interested
regions are obtained by the background subtraction with fixed color difference
threshold. We consider a normal routine consisting of three human activities:
(1) walking, (2) walking-sitting, and (3) walking-sitting-walking. The abnormal
routine follows the rule of weird actions other than “walking” and “sitting”. Fig.
4 shows three abnormal behavior patterns used in our experiments.

We perform three Gaussian probability density functions on each template
image, and consider each template as one state in HMMs. In our experiments,
templates consist of six images, as shown Fig. 5, representing “walking”, “stand-
ing”, “sitting”, “falling down”, “jumping” and “shaking”, respectively. All of
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the estimated Gaussian Mixture Models (GMMs) corresponding to each state
are presented as:

μi = (μi1, μi2, . . . , μik)

Σi = (Σi1,Σi2, . . . ,Σik)

where i is the index of GMMs, and k=6 denotes the number of states in HMMs.
The HMMs adopted in the experiment are left-to-right type, and each HMM is

used to represent one class of behaviors. Suppose that the system has recognized
that the current sequence doesn’t belong to any of the existing HMMs. Then, a
new HMM will be constructed for this sequence, which can be used for training
purpose. In this manner, the database can be updated by appending new exam-
ples. Initially, the system has no HMM model. After all of 35 random sequences
have been trained through our framework, four HMMs have been generated, in-
cluding one normal classification and three abnormal classifications. The results
are listed in Table 1. It can be seen from Table 1 that in 35 sequences, only two
normal and three abnormal sequences are incorrectly identified. As expected, our
experiments show that our framework can successfully deals with this scenario
without any database or priori information.

Table 1. Recognition Results

Behaviors N Nr

Normal 20 18
Abnormal(Falling down) 5 5

Abnormal(Jumping) 5 5
Abnormal(Shaking) 5 2

N: Number of input behaviors
Nr: Number of correctly recognized behaviors.

4 Conclusions and Future Work

This paper proposed a SA-HMMs based framework for abnormal behavior detec-
tion. Initially, no prior knowledge of possible combinations of valid behaviors in the
past and no prior knowledge of what kind of abnormal behaviors may occur in the
scene are given. The proposed framework has an inherent flexibility to allow the
model to be automatically updated from the testing data, and the online abnormal
behavior detection in video sequences can be conducted. In addition, the novel use
of the Gaussian Mixture Models in modeling emission probabilities has solved the
problem that the emission function is difficult to be evaluated as unknown distri-
bution. Furthermore, the method reduces the influence of many trivial transition
states significantly. The experimental results demonstrate the effectiveness of the
model for online abnormal behavior detection with good recognition rates.

However, the SA-HMMs based system currently has some limitations. For ex-
ample, a good shape matching algorithm is required for the system performance.
The computational cost of Hausdorff distance is quite high. We will investigate
these issues in the future work.
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