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Abstract—In recent years, modeling of human actions and 

activity patterns for recognition or detection of the special 

situation has attracted a significant research interest. We present 

our approach for abnormal human action recognition as a 

sequence of intermediate states. We propose to decompose each 

action into a sequence of discrete intermediate states and to 

present state transitions as a stochastic process. Each state is 

described with the joint locations of a human skeleton. Actions 

are described with Hidden Markov Model based on the found 

states and its interconnections. As a result, we combine our 

stochastic model of human actions with intermediate states 

described via skeleton joints. Convolutional Neural Network is 

employed to learn skeleton features for intermediate state 

recognition. Viterbi algorithm is employed to find model 

parameters. We implemented proposed methods in a framework 

for human abnormal action recognition and tested our approach 

on two samples: MPII Human Pose Dataset and exam footages. 

Keywords—behavior modeling, human action recognition, 
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I. INTRODUCTION

The dynamic object recognition problem is a widely 
studied topic. It has many important applications such as 
systems for moving object tracking, congestion of city 
infrastructure, description of dynamic objects, movement 
modeling. Of particular importance is the study of recognition 
and diagnosis problems of the object actions in the video [1-3] 
associated with the creation of interfaces for human-computer 
interaction, automated gesture recognition systems, intelligent 
video surveillance systems. In particular such systems ment to 
detect abnormal situations. 

Surveillance system data describing different situations 
during the exam are the material of this study. In this case, we 
define abnormal situations as exam process rules violations 

such as cheating, using prohibited items, violations by the 
teachers. 

Researchers usually develop models of expected situations 
via probability methods [4, 5] and machine learning algorithms 
[6, 7] for situation recognition. In this case, those situations 
that do not fit into the models are considered abnormal. We 
assume the types of situations violating the exam process rules 
are known. So, we need to recognize these particular situations 
in the footages. Thus, recognition is formulated as the 
classification problem. 

In this work, we develop the combined method for 
abnormal action recognition using the skeleton model and the 
stochastic approach for actions describing. The main objective 
of the study is to examine the effectiveness of our method in 
terms of recognition accuracy of abnormal situations. 

II. RELATED WORK

Researchers define two main approaches to solving the 
abnormal actions diagnostics problem [1-3]. The first approach 
assumes that abnormal actions belong to one of the classes 
defined by experts. It reduces the abnormal actions diagnostics 
to solving the multiclass classification problem [8, 9]. The 
second approach assumes that abnormal actions are different 
from the normal actions. It reduces the abnormal action 
diagnostics to solving the one-class classification problem [6, 
7]. It includes the problem of exploration of normal action 
features distribution [5]. 

A lot of object action models rely on low-level features 
such as optical flow. Wang and Snoussi [6] propose a 
histogram of optical flow orientation as a descriptor of 
movements. Yuan, Fang, and Wang [10] use selective 
histogram of optical flow to get the difference between object 
movements in crowded scenes. The integral optical flow is 
used in [11] for construction of motion indicators to describe 
the motions at a regional level. Moreover, other low-level 
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models are used such as the bag of visual words [4], the models 
describing patterns of neighboring points trajectories for 
human action recognition [12], motion autoencoders computed 
by Motion DeepNet [7], and Gaussian Mixture Variational 
Autoencoder [5]. 

A number of models uses high-level features such as 
interest points features to describe actions. Particularly, Chelli 
and Pätzold [13] use acceleration and angular velocity data for 
falling detection. C. Wang, Y. Wang, and Yuille [8] present 
spatio-temporal model describing the actions with the bag of 
visual words. In this case, each word presents relationships 
between motion of the interest points. In [14] Niebles, Chen, 
and Fei-Fei also extract interest points describing object 
actions, but they propose to decompose the actions into the 
simple segments. This idea is used in stochastic and Recurrent 
Neural Networks modeling. Particularly, in [15, 16], 
researchers use Multimodal Decomposable Models to encode 
intermediate states, and Hidden Markov Models to classify 
actions. Du, W. Wang, and L. Wang [17] developed the action 
model using Hierarchical Recurrent Neural Network. 

There are different types of methods to solve action 
diagnostics problem. The first type of methods includes the 
classic machine learning methods such as Support Vector 
Machine (SVM) [8, 6], Decision Trees, K-Nearest Neighbors 
Classifiers [13]. The second type of methods is the deep 
learning methods. Particularly, Simonyan and Zisserman [9] 
propose Two-stream Convolutional Network. In this network 
the first stream processes trajectories of moving objects. The 
second stream processes static images extracting the context in 
which objects perform the actions. Feng, Yuan, Lu [18] 
propose PCANet for extraction of the actions features, and 
Mixture Gaussian Model for actions classification. Researchers 
also use combined models. Xu, Yan, Ricci, and Sebe [7] 
extract actions features using Motion DeepNet and apply the 
ensemble of SVM for abnormal action recognition. We 
propose combined method for solving action diagnostics 
problem. Deep learning methods [19, 20] are used to extract 
interest points describing intermediate states of objects. Hidden 
Markov Model is used to describe human actions and to solve 
the diagnostics problem. 

III. METHODOLOGY

A. Formulation of the Problem

Object action diagnostics is solved as a classification
problem. 

Given the following sets 

 . 

  where each state 

corresponds to the features . 

  where each action 

corresponds to the sequence of states .  is 

the number of successive states determining the action. 

 is set a priori. 

We need to find two classifiers. The classifier 

which associates each description of object states  with 

the correct object state . And the classifier 

which associates each sequence  with the correct 

object action . 

B. Intermediate States Model

The object intermediate state is described using a skeleton

model. The skeleton model is a vector 

where  is coordinates of the object  interest point, the 

number of interest points  is set a priori for . In this 

representation the model doesn’t represent relations between 

the points, since they a fixed and the same for . We use 

the graphical representation for the recognition, that is the 
picture of the object skeleton. The example of the 
representation is shown in Fig. 1. 

Recognition of intermediate state is performed by the 

classifier  which is the Convolutional Neural 

Network. The purposed network consists of four building units 
including three convolutional units and a fully connected unit. 

Each convolutional unit consists of the following sequence 

of layers  where  is the convolutional 

layer,  is the batch normalization layer, is the pooling 

layer. After every convolutional layer the 

activation function is applied. At each convolutional layer, we 

use nine filters with size  pixels. As a pooling strategy, 

we use max polling with a kernel size of two by two pixels. 

The fully-connected layer consists of the following 

sequence of layers  there  is the hidden 

layer of twenty neurons,  is the output layer. We use 

as the activation function. 

, , , and  layers contain learnable parameters. 

C. Object Action as a Sequence of States

We present the object action as a stochastic process. In the
process the observed object changes his current state to the 
next one with some probability. 

Then we could present the action using Markov Model 

defined by tuple  where 

 is a set of object states.

 is a set of object actions.

 is a probability distribution of an action

which is performed by an object in a state . 

 is a probability distribution of an object transition

from a state  to a state .

 is a probability distribution of an initial state . 
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 is a classifier associating each description of

object states  with the correct object state .

Finding a classifier  means finding model parameters , 

, ,  with given , . 

It is important to note the constraints for this model. 

 It is sufficient to use the same and fixed discretization
step of actions for various actions describing.

 We don’t consider situations in which observed objects
interact with each other.

 At every moment, we have a full object description
sufficient for object state recognition. The sufficiency is
dermined by an expert.

D. Action Recognition Algorithm

The combined method using the described models is
implemented by the following algorithm. 

 An intermediate states classifier  is constructed. 

 In step , a classifier with the given a classifier , 

and initial state . 

 In step  do the following. 

o The classifier , by description,  finds a set 

 from which it chooses a next possible state 

. 

o The classifier chooses a next state 

. 

o The classifier chooses an action

performing by an object.

o The classifier returns an action class  as a 

result.

Fig. 1-2 depict the examples of situations, which we need 
to recognize based on the proposed model. According to expert 
rules, when detecting cheating, we have to fix that before 
lowering his hand for the cheat sheet, the student raises his 
head in order to look around and check if someone is watching 
him. 

Fig. 1. Storyboard of the first situation. In this case the person is trying to cheat. Frames are ordered from left to right. In the first frame the head is down, and the 
hands are lying at the desk. In the second frame the head is up, and the left hand is under the desk. In the third frame the head is down, and the left hand is under the 
desk. 

Fig. 2. Storyboard of the second situation. In this case the person doesn’t cheat but behaves in a similar way. Frames are ordered from left to right. In the first frame 
the head is down, and the hands are lying at the desk. In the second frame the head is down, and the left hand is under the desk. In the third frame the head is down, 
and the both left and right hands are under the desk. 
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IV. EXPERIMENTS

We conduct two experiments to evaluate practical 
applicability of the proposed method. In the first one, we 
compare the accuracy of objects intermediate states 
classification based on the different data representations. The 
experiment is conducted on MPII Human Pose Dataset [21]. 
This dataset consists of images of people performing different 
actions. In the second one we compute the parameters of 
Hidden Markov Model presenting the state sequences of the 
interest point on the footages. For this experiment we use exam 
footages. From the footages we extract the object interest point 
movement data during the performing of various actions. 

A. Comparison of the Data Representations for Object States

Classification

We compare three different data representations for solving
the objects intermediate states classification problem. 

1) Raw images of the objects.

2) Images of the objects with the skeleton model in
graphical representation.

3) The skeleton model in graphical representation only.

Convolutional Neural Network is used as intermediate 
states classifier . The classification accuracy is used for 

comparison of the representations. 

We use MPII Human Pose Dataset [21] for the experiment. 
All the images are divided into action categories. Every 
category is divided into activity types. We choose the five 
following action categories: fishing and hunting, lawn and 
garden, water activities, dancing, music playing. We use near 
4200 images. We divided the dataset in the following way: 
70% are train images, 15% are validation images, 15% are test 
images. Table 1 shows the results of the experiment. The 
skeleton model in graphical representation always achieves the 
lowest accuracy. The images of the objects with the skeleton 
model get the less accuracy for the fishing and hunting, and 
music playing categories. At the same time the skeleton model 
let us improve the accuracy for the water activities category. 
The accuracy matrices at Fig. 3 show the relationship between 
the classification accuracy using skeleton model only and the 
classification accuracy dynamics which we gain by combining 
the skeleton model with the raw images. Particularly, we can 
watch that skeleton model doesn’t allow us to classify the 
fishing and hunting, and music playing categories with the 
necessary accuracy. It takes place because the context of the 
image is more important for classification than the object 
position. Therefore, in this case we get decrease of the 
classification accuracy shifting the classifier attention to the 
object position with the skeleton model. But for the water 

activity category, the use of the skeletal model allows us to 
more accurately distinguish the actions of this category from 
the actions of the hunting and fishing category. It takes place 
because a subset of the images in these categories have the 
same context (i.e. the water activity). 

B. Seraching for Action Model Parameters

In this experiment, we find the parameters of the action

model . The parameters are presented by the Markov Model 

transition matrix. 

To find out the parameters we use exam footages. From the 
footages, we obtain the interest point movement data in the 
following way. 

1) The one interest point of the object is selected.

2) The conventional gravity center  is determined 

based on the position all interest points of the object. 

3) The point trajectories are obtained during the object
performing actions.

4) The key positions of the interest point are selected.
These positions define five classes: 0 – the point is
above the conventional gravity center, 1 – the point is
the left of gravity center, 2 – the point is below the
gravity center, 3 – the point is the right gravity center,
and 4 – the point is in the neighborhood of the gravity
point.

The sequences of object states from the interest point 
positions are the input data for determining the model 
parameters. Viterbi algorithm [22] is employed to find model 
parameters. Fig. 4 presents transition matrix of the trained 

model. The intersection of a row  and a column  contains the 

transition probability from a state  to a state . 

We assume the selection of the point  is important but this 

issue requires additional research. 

TABLE I. ACCURACY CLASSIFICATION OF THE INTERMEDIATE STATES 

State Type 
Raw 

Images 

Raw 

Images with 

Skeleton 

Model 

Skeleton 

Model Only 

Fishing and Hunting 0.62 0.543 0.161 

Lawn and Garden 0.887 0.909 0.381 

Water Activities 0.659 0.818 0.506 

Dancing 0.843 0.885 0.5 

Music Paying 0.809 0.607 0.36 

Total 0.751 0.808 0.414 
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Fig. 3. The confusion matrices for intermediate states classification are ordered left to right. 1 — matrix of classification with the raw images. 2 — matrix of 
classification with the raw images with the skeleton model in graphical representation. 3 – matrix of classification with the skeleton model in graphical 
representation only. 

Fig. 4. The transition of the trained model. 

V. CONCLUSION

The exploration of the stochastic method for recognition of 
abnormal human actions described using skeleton model show 
certain patterns. 

 We get low classification accuracy using the skeleton
model only. The result can be explained by the fact that
the object context makes significant impact. An object
environment and used tools are define the context. We
assume that in the case of being objects in the same
context, the skeleton model can help to improve the
recognition accuracy. In the case of the exam process
rules violations recognition problem, the context
doesn’t have much impact. So, probably, we can use the
skeleton model for object states recognition.

 Convolutional Neural Network allows us to use interest
points coordinates for solving intermediate states
recognition problem without normalization.

 The position of the conventional gravity center of an
object depends on the characteristics of recognizable
abnormal actions. Therefore, it is necessary to further
study the methods for a given point to obtain
representative reference point trajectories.

The proposed method relies on a combined model alloying 
skeletal and stochastic approaches. This fact determines the 
model flexibility. In particular, it is allowed to use another type 
of intermediate states classifier or another representation of the 
source data. At the same time, we can’t say that the model is 

universal, and its use for specific cases requires preliminary 
research. Of particular interest is the development of the 
proposed method for identifying abnormal situations associated 
with the interaction of objects. 
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