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INTRODUCTION 
1. Motivation 

Population aging is one of the phenomenon affecting all countries 
and regions all over the world, including Vietnam. The negative side of 
population aging is the increasing number of elderly-related diseases. 
Therefore, a globally urgent issue is to early detect such diseases for 
timely medical intervention. 

Nowadays, the development of HMSs (Healthcare Monitoring 
Systems) using IVA technique (Intelligent Video Analytics) has been a 
critical research subject and has achieved notable achievements. 
However, there are apparent problems that are extremely challenging to 
IVA technique such as human object segmentation, viewpoint 
dependence, occlusions, action description, etc.  

This motivates us to choose the problem “Intelligent video analytics 
to assist healthcare monitoring systems” for the doctoral dissertation.  
2. Objectives, subjects and scopes of the research 
+ Objectives of the research: to improve IVA-based system (also called 
IVA system) to be applied to:  
- Monitoring fall events, including detecting the fall events and 
predicting the fall risk caused by abnormal gaits. 

- Detecting abnormal actions to assist cognitive impairment prediction. 
+ Subjects of the research:  
- Signal processing modules in the IVA system.  
- Applications of IVA technique to assisting the HMS.  
+ Scopes of the research: 
- Conventional approach to IVA system: the system includes feature 
extraction and recognition modules. 
-  Fixed 2D camera to capture the video of single moving human in in-
home environment with static background. 

- Scenarios: interested object is (1) falling down while doing activites, 
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or (2) walking in specified abnormal types, or (3) doing one single 
action during the entire shoot. 

2. Research methodologies 
Combination of theoretical study and empirical study. 

3. Dissertation outline 
- Introduction 
- Chapter 1 presents an overview of HMS systems, sensor and IVA 
technique used in HMS systems, feature extraction and recognition. 

- Chapter 2 presents the structure of the proposed IVA-based HMS 
systems and the computation in every module of systems. 

- Chapter 3 shows the experimental results for the evaluation of 
proposed HMS systems in the applications of fall detection and fall risk 
prediction. 

- Chapter 4 shows the experimental results for the evaluation of the 
proposed HMS systems in the application of abnormal action detection. 

- Conclusions. 
4. Contributions 

Scientific contributions of the thesis are as follows, 
- We survey the recent works on IVA, particularly focusing on IVA to 
assist the HMS systems [1], [2], [6]. 

- We propose the 3D GRF (Geometric Relation Features) descriptor to 
overcome the issues caused by viewpoint dependence and occlusion [3]. 

- We propose the CHMM model (Cyclic HMM) to recognize the quasi-
periodic actions [5]. 
- We combine the 3D GRF and CHMM to build the action recognition 
system [4], [7], [8]. 

Besides, the following systems are built, 
- Practical fall detection system [9]. 
- Abnormal gait detection system [10], [12]. 
- Abnormal action recognition system [11]. 
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Chapter	1:	LITERATURE	REVIEW	
The main content of chapter 1 includes (1) overview of HMS system 

and (2) sensor technique and IVA technique for data acquisition in 
HMS, focusing on IVA.  

The part of literature review on IVA and its applications to HMS are 
published in [1]-[2], [6] in the list of publications.  
1.1 Healthcare Monitoring Systems (HMSs) 

HMS is the system to constantly observe and monitor patients from 
the distance to collect the information of patients’ health status and to 
detect the accident and/or the health-related anomaly.  

1.1.1. Applications of HMS systems 
1.1.2. Structure of HMS systems 

A typical HMS system includes three main modules as in Fig. 1.1. In 
the module of data acquisition, two kinds of techniques are used. They 
are sensor technique and camera (i.e., visual sensor).  

 

Fig. 1.1. Diagram of a typical HMS system. 
1.2. Sensor techniques 
1.2.1. Structure of sensor node  
1.2.2. Applications of sensor techniques 
1.2.3. Issues of applying sensor techniques to HMS  

- Complex operating and maintaining the multi-sensor networks. 
- Uncomfortableness for patients while wearing sensors. 
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1.3. IVA technique 
The video of interested object is analyzed to get the recognition 

results of events going on in the video. The measument of intelligence is 
based on the recognition rate of system. 

1.3.1. Structure of IVA system  
The IVA system studied in the thesis includes feature extraction and 

action recognition modules as in Fig. 1.2.  

 
Fig. 1.2. Diagram of a typical IVA system. 

1.3.2. Applications of IVA techniques 
1.3.3. Literature review on the applications of IVA to assisting the 
HMS 
1.3.3.1. Literature review in the world 
1.3.3.2. Literaturr review in Vietnam 
1.3.4.  Issues of applying IVA techniques to HMS  

Camera viewpoint, dynamic background scene, shadow, occlusion, 
variation of the object appearance and action appearance, etc.  
1.4. Feature extraction in the IVA system 

Feature extraction is equivalent to condensing each input video 
frame into a feature vector. Good feature vectors have to encapsulate the 
most effective and unique charactericstics of an action, no matter by 
whom, how, when and at which viewpoint this action is performed. 
1.4.1. Object segmentation 

For static camera, the most popular object segmentation is background 
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subtraction based on GMM1 (Gaussian Mixture Model). The object 
segmentation produces a binary silhouette including white object area 
(foreground) and black background area. 
1.4.2. Feature description 
1.4.2.1. Numeric features 

The numeric features are all presented as continuous-valued real 
numbers. There are shape-based and flow-based numeric features. 
1.4.2.2. Boolean features 

Boolean features take either 0 or 1 to express the binary geometric 
relations between certain points of the body in a pose. 

A typical Boolean feature descriptor2 is a set of 0 and 1 to show 
whether the position of a body point is in-front-of/behind, right/left side of 
a body plane, the existence of a bent/stretched pose of a body part, etc. 

1.4.3. Discussion on feature desription methods 
In general, the numeric features have achieved good performance. 

However, they are based on 2D information of the object; therefore, 
they are sensitive to noise and occlusions and are viewing dependent. 

Binary features are derived from 3D coordinates, so they can better 
handle the limitations of numeric features. However, the use of only 0 and 
1 makes them not so discriminative in describing the sophisticated actions.  
1.5. Action recognition in the IVA system 

This step is to statistically identify the sequence of extracted features 
into one of the categories of training actions.  
1.5.1. Static recognition 

Static recognition does not pay attention to the temporal information 
of data but key frames. Two popular methods are K-NN (K-Nearest 
Neighbor) and SVM (Support Vector Machine). 

1.5.2. Dynamic recognition 

                                            
1 Stauffer and Grimson (1999) 
2 Meinard Muller et al. (2005) 
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1.5.2.1. Template matching 
The sequence of feature vectors extracted from the unknown video is 

compared with the sequence of training feature vectors to determine the 
similarity. The typical method is DTW (Dynamic Time Warping). 

1.5.2.2. State-space scheme 
Every human action is represented as a model composed of a set of 

states. Each state is equivalent to a human pose. To recognize the action, 
we calculate the probability that a particular model possibly generates the 
sequence of testing features to determine whether that model generates 
that vector sequence. The typical state-space model is HMM. 
1.5.3. Discussion on action recognition methods 

Performance of static recognition methods depends on key frames. 
Template matching methods are simple implementation but sensitive 

to noise and temporal order of frames.  
State-space methods can deal with these problems but the 

computational cost is higher. Besides, it is necessary to determine the 
optimal structure as well as the suitable parameters of the model. It also 
requires a large number of training samples. 
1.6. Direction of research problems 
1.6.1. Problems of building HMS systems based on IVA 
1.6.1.1. Problem of falling down detection 

Given an arbitrary viewpoint video of interested human living alone 
at home and falling down while doing activites, detect the fall and give 
an alarm.  

1.6.1.2. Problem of fall risk prediction based on abnormal gait detection 
Given a side-view video of interested human living alone at home 

and walking on a line, detect an abnormal gait. The results of abnormal 
gait detection can be used to assist the fall risk prediction because 
studies show that abnormal unsteady gait is one of the conditions of a 
possible fall in future. 
1.6.1.3. Problem of MCI (Mild Cognitive Impairment) prediction 
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Given an arbitrary viewpoint video of interested human living alone 
at home and doing a single action during the whole shoot, detect an 
abnormal action. The result of abnormal action detection can be used to 
assist the MCI prediction, because studies show that MCI affects the 
daily routine and causes anomalies. 

1.6.2. Issuses of proposed HMS systems  
1.6.2.1. Challenges in proposed HMS systems 

- Technical challenges are shown in 1.3.4. 
- Non-technical challenges include video database and privacy policy. 

1.6.2.2. Feature extraction in proposed HMS systems 
Object segmentation is performed by GMM-based background 

subtraction, due to in-home enviroment, static camera and background. 

Feature descriptors are varied in accordance with every application 
in order to exploit the most effective and unique characteristics of each 
recognized action, so as to ensure reasonable recognition rate. 
1.6.2.3. Action recognition in proposed HMS systems  

Based on section 1.5.3, HMM is chosen for use in proposed HMS 
systems, due to the folowing reasons: (1) HMM is action speed 
invariant, (2) HMM supplies reasonable recognition rate, and (3) it is 
able to modify standard HMM for special purposes.  

1.7. Conclusion of chapter 1 
The main contribution of this chapter is the comprehensive review of 

recent works on IVA. Based on the review, the direction of research in 
the dissertation is determined.  

 

Chapter	2:	IVA-BASED	HMS SYSTEMS 	
This chapter presents the structure and computation in proposed 

HMS systems using IVA techniques, for three applications as mentioned 
in section 1.6.1.  

The study results of proposed IVA-based HMS systems are published 
in [9]-[12] in the list of publications. 



 

 
 

8 

2.1. Object segmentation by GMM-based background subtraction  
The rationale of this approach is taking the difference between the 

current frame and a reference frame which is background model, to 
separate image frame into object area and background area. Background 
model is built by modeling each pixel’s intensity value as a GMM. 

After that, morphological operaitons are performed to smooth the 
boundary and fullfill the small holes inside the object area, to produce a 
well-defined binary silhouette for futher processing. 

An example of GMM background subtraction is shown in Fig. 2.1. 

 
Fig. 2.1. Object segmentation by GMM background subtraction. 

2.2. Feature description in falling detection system 
2.2.1. Characteristics of fall 
2.2.2. Computation of fall feature vector  

There is apparent difference on shape and motion rate between 
“fall” and “non-fall”. Therefore, the combination of shape and motion 
rate3 should be chosen for fall description: 
Step 1: Defining an ellipse surrounding the object in the silhouette image.  
Step 2: Computing the shape-based features from the ellipse. These 
features contain the information of human poses as below, 

- Current angle, 
- Deviation of 15 angles of 15 consecutive frames,  
- Current eccentricity, 
- Deviation of the centroids of 15 consecutive frames.   

                                            
3 Ngo et al. (2012) 
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Step 3: Computing the motion rate feature based on the MHI (Motion 
History Image) built from 15 consecutive frames. This feature is to 
show whether the object moves slow or fast. 
Step 4: Combining the shape-based and the motion rate features. 

2.3. Feature description in abnormal gait detection system 
2.3.1. Characteristics of gait 
2.3.2. Computation of gait feature vector 

The  shapes of objects extracted from different types of side-view 
pathological gaits are different. Therefore, we choose Hu’s moments4 as 
the gait features. Since the values of moments are extremely small, we 
take the logarithm of moments to map the so-closed feature vector 
points in original space into the new space, where these feature points 
are kept far enough from each other to be reliably processed. 

2.4. Feature description in abnormal action detection system 
Abnormal action detection system is proposed based on the action 

recognition system as in Fig. 2.2. 

 
Fig. 2.2. Structure of abnormal action detection system.  

2.4.1. Principles of proposed 3D GRF feature descriptor  
3D GRF descriptor is proposed mainly based on the idea of Boolean 

features in describing the geometric relation between body points. 
Instead of using binary numbers, 3D GRF descriptor uses signed real 

                                            
4 Huang et al. (2010) 
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numbers for presenting such relations to exploit the strength and 
overcome the limitation of Boolean features as discussed in 1.4.3. 

2.4.2. Input data of the 3D GRF descriptor  
The input data is the set of 3D coordinates of 13 body points as in 

Fig. 2.5 and is estimated based on markers’ position or video.  

 
(a)                   (b)                   (c) 

Fig. 2.3. Body model  
(a) Original image, (b) 13-point model, (c) 3D model 

Marker-based methods achieve high accuracy but are expensive and 
complex implementation. Video-based methods are cheaper and easier 
implementation. The video-based method5 is chosen to use due to the 
smallest distance between estimated and ground-truth 3D coordinates.  
2.4.3. Computation of 3D GRF feature vector 

Six actions available in public database to be recognized are box, wave, 
jog, walk, kick, and throw. By observing and analyzing the body motion 
while doing these actions, we propose Table 2.1 for 3D GRF descriptor. 

2.4.3.1. Computation of distance-related features 
These features are the distances between interested body parts. Their 

variation is significant during the movement of body.  

A feature in Set 1A is the signed distance between an interested point 
and the coronal plane. The sign +/- indicates the point is in-front-
of/behind the body. The coronal plane is defined by three points {left 
pelvis, right pelvis, right/left shoulder}, or {left shoulder, right shoulder, 
                                            
5 Shian-Ru Ke et al. (2011) 
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right/left pelvis}; the interested point is right/left hand, or right/left foot, 
corresponding to F1/F2 and F3/F4, respectively. Thus, a feature in Set 1A 
is calculated as the signed distance between a point and a plane defined 
by other three points. 

Feature in Set 1B is the signed distance between hand and sagittal 
plane. The sign +/- shows the hand in right/left side of body. 

Table 2.1. Set of 3D GRF descriptor 

 
2.4.3.2. Normalization of distance-related feature 

The normalization is to ensure that the distance-related features F1-F6 
are invariant to human-camera distance. 

2.4.3.3. Computation of angle-related features 
Angle-related features are the angles between the two body 

segments. Their variation is significant during the body movement. 
Thus, a feature in Set 2 is calculated as the angle between two vectors 
pointing from the same origin to two other destination points. 

2.4.4. Improved 3D GRF feature descriptor 
In case the actions to be recognized are check watch, cross arm, 

scratch head, sit down, get up, turn around, walk, wave, punch, kick, 
and pick up, we propose the improved 15-dimension GRF feature 
descriptor, in which we maintain 8 old features, add 5 new features and 
modify 2 old features, in order to more effectively describe the actions. 
2.5. Action recognition based on HMM  
2.5.1. Introduction to HMM 

An HMM is completely defined by λ = {A, B, π} and N, M; where A 
is the transition matrix, B is the observation matrix, π is the initial 
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probability, N is the number of hidden states and M is the number of 
observation symbols. Among different kinds of HMM, left-right HMM 
is found to be most suitable to model the human action in video. 
2.5.2. Application of HMM to action recognition 

In the training phase, we need to train one HMM model for each 
action, from the corresponding training vector sequence. 

In the testing phase, we compute the likelihood that every trained 
HMM model genarates all the testing vector sequences then make a 
decision on the recognized action based on the maximum likelohood.   

2.5.3. Discrete HMM (HMM-Kmeans)  
2.5.3.1. Principle of discrete HMM  

The training data is training vector sequence which is discretized by 
vector quantization (e.g., Kmeans6) to generate a codebook. The testing 
data is then discretized by vector encoding based on this codebook. 
2.5.3.2. Vector quantization by Kmeans clustering 

In order to avoid the disadvantages of original Kmeans, we propose 
some changes such as: (1) doing experiments with different values of K, 
(2) for each value of K running Kmeans many times and then taking the 
average of all intermediate codebooks, and (3) using the median value 
instead of the mean value to determine the centroid of cluster. 

2.5.4. Cyclic HMM (CHMM) for modeling quasi-periodic actions  
2.5.4.1. What is quasi-periodic action?  

“Quasi-periodic” is the word used to describe the actions which 
poses (or movements, action paramaters) are repeated imperfectly. On 
the other hand, the repeated movement within each action cycle exhibits 
the variations. 

2.5.4.2. Cyclic HMM 
CHMM is left-right HMM with a return transition from the ending to 

the beginning state as in Fig. 2.4 to represent the repeat of action. 

                                            
6 Glenn Fung (2011) 



 

 
 

13 

       
Fig 2.4. 5-state CHMM. 

2.6. Conclusion of chapter 2 
In summary, chapter 2 presents the details of structure and the 

computation of all modules in proposed IVA-based HMS systems. 

The main contributions are to propose 
- A model for healthcare monitoring for three applications such as fall 
prediction, fall risk prediction and MCI prediction, 

- New feature descriptor such as 3D GRF,  
- New recognition model such as CHMM to recognize quasi-periodic 
actions.  

The performance of the above proposals will be tested and evaluated 
via experiments in the next chapters. 
 

Chapter 3: FALL MONITORING 
This chapter presents the experiments to test and evaluate the HMS 

systems presented in chapter 2 for fall monitoring via two application 
scenarios such as detection of fall and prediction of fall risk caused by 
abnormal unsteady gait.  

The empirical results on the above HMS systems are published in 
[9], [10], [12] in the list of publications. 
3.1. Introduction to databases and metrics for system evaluation  
3.1.1. HBU falling database 

HBU is built by TRT-3DCS group. The database has 134 videos 
including 65 fall and 69 non-fall. The resolution is 320x240, the frame 
rate is 30 fps. The fall scenarios are different fall directions (e.g., 
frontal-view, side-view, etc), fall causes, body poses, fall velocities, etc.  
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3.1.2. Pathological gait database  
This is self-built simulated database including 56 Ataxic, 85 

Hemiplegic, 93 Limping, 97 Neuropathic, 100 Parkinson, and 100 
normal walk video clips. All clips are side-view, resolution of 180x144, 
frame rate of 25 fps. 
3.1.3. Le2i fall database  

Le2i is built by Le2i Lab. The database has 215 videos including 147 
fall and 68 non-fall. The resolutions are 320x240 and 320x180, the 
frame rates are 30 fps and 25 fps.  

3.1.4. Metrics for system evaluation 
3.1.4.1. The accuracy 

The evaluation is based on Recall (RC), Precision (PR) and 
Accuracy (Acc) derived from confusion matrix as in Fig. 3.1. 

  (3.1)    

       
Fig. 3.1. Confusion matrix. 

3.1.4.2. Processing time 
Processing time is the duration from when the fall happens until 

when the alarm message is received. 

3.2. Testing and evaluating the fall detection system 
3.2.1. Testing and evaluating the system on simulated database 
3.2.1.1. Division of data 
- Training set includes 31 videos from HBU. 

RC =
TP

TP + FN
,  PR =

TP

TP + FP
,   ACC =

TP + TN

TP + TN + FP + FN

TP: True Positive 

FP: False Positive 

FN: False Negative 

TN: True Negative 
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- Testing set includes 4 sets. They are Test1, Test2 and Test3 from HBU 
corresponding to fall scenarios with different levels of complexity, and 
Test4 from Le2i. 
3.2.1.2. Experiments 

The experiment follows the process in Fig. 3.2 and N = 5, M = K = 96. 

 
Fig. 3.2. Process of experiment on falling down detection. 

3.2.1.3. Experimental results on simulated fall database 
Table 3.1. Performance (%) of fall detection system on HBU and Le2i 

 
3.2.1.4. Evaluating the system 
- The system performance depends on the similarity between training and 
testing scenarios.  
- The fall detection performance depends on the point of view (i.e, side-
view falls are totally detected, front-view falls are most ignored). 

- The actions on floor are most mis-recognized to be “fall”. 
The reasons of inaccurate recognition are as follows, 
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- Bad lighting condition, similar clothes and background color, occlusion.  
- Lack of depth information in fall features.  
- Difficulty in object segmentation using GMM due to available person 
object since the first frame and motionless object.  

3.2.2. Testing and evaluating the system on real fall events  
3.2.2.1. Designed fall detection system  

We use camera IP D-Link DCS-942L to capture video then transmit 
to computer over a wireless router. Language C++ and library OpenCV 
are used to design the interface between camera and computer.  

Video stream is then analyzed frame-by-frame by presented fall 
detection algorithm. The programming is performed by Matlab 2012a. 

Whenever a fall is detected, the alarm sound and text notification are 
displayed in the monitoring screen and an SMS message is sent to the 
pre-assigned cell phone number using module SIM900A. 

3.2.2.2. Experimental results on real fall data  
The practical system is trained by 134 videos in HBU. Two cameras 

are installed in DUT to test the system from Apr 14 to May 15, 2014. 
During the testing period, the developed system successfully detected 

8 in 9 fall accidents, detected 16 non-fall actions as falls, accurately 
recognized 649 non-fall actions. Based on these results, the confusion 
matrix (%) is built and the accuracy is computed as Acc = 93.24%. The 
processing time is recorded as 1-5 seconds. 

3.2.3. Comparison of fall detection systems  
Table 3.2. Comparison of fall detection systems 
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Compared to previous works, the accuracy of the built system is little 
lower. However, the built system shows the very good performance in 
terms of the very low processing time, the robustness to deal with the 
high discrimination between training and testing scenarios and the 
ability to detect real falls. 

3.3. Testing and evaluating the abnormal gait detection system to 
assist fall risk prediction  
3.3.1. Testing and evaluating the Parkinson’s gait detection system 
3.3.1.1. Experiment on Parkinson’s gait detection  

The experiment follows the process in Fig. 3.2, using the database 
including 100 walk and 100 Parkinson’s gait videos, Hu’s moment 
feature decriptor, CHMM-based recognition with N = 7 and M = 64. 

3.3.1.2. Experimental results on Parkinson’s gait detection  
By using ten-fold cross validation, the system can successfully 

recognize 99/100 Parkinson’s gaits and 100/100 normal gaits, achieving 
the very good performance as Acc = 99.5%. 
3.3.2. Testing and evaluating the pathological gait detection system 
3.3.2.1. Experiment on pathological gait detection  

The experiment is similar to experiment on Parkinson’s gait 
detection in 3.3.1.1 but use the database including 6 types of gaits as 
described in section 3.1.2. 

3.3.2.2. Experimental results on pathological gait detection 
The first experiment uses standard Hu’s moments without logarithm 

and gives the very low performance (i.e., lower than 50% for Ataxic and 
Hemiplegic gait recognition). 

The second experiment uses modified Hu’s moments (i.e., logarithm 
of Hu’s moments) and gives the very promissing results. 49/56 Ataxic 
clips, 80/85 Hemiplegic clips, 92/93 Limping clips, 92/97 Neuropathic 
clips, 99/100 Parkinson clips are recognized to be “abnormal”, and 
85/100 normal walk clips are recognized as “normal”. Based on these 
results, we can compute the statistics as RC=95.59%, PR=86.43%, 
Acc=90.30%.  
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From the experiments, it is able to infer the pros of proposed system:  
- The rate of abnormal gait detection is pretty high, so as to well assist 
the prediction of fall risk caused by abnormal unsteady gait. 

- The time to observe walking man to detect anomaly is short (10-42s). 
- It is able to extend the system to diagnose the disease based on gait.  
- The proposed system is simpler than the others.  

The cons of the proposed system are as follow, 
- The system is only applied for side-view gaits 

- There is no participation of elderly patients in building the database. 
3.4. Conclusion of chapter 3 

In summary, experiments show that the proposed HMS systems are 
basically satisfied the requirements: 
- The performance of the fall detection system is quite good with a 
nearly real-time delay.  
- The abnormal gait detection system achieves good accuracy with the 
short observation duration, so as to well assist the fall risk prediciton.  

 

Chapter	4:	ABNORMAL ACTION DETECTION	
This chapter presents experiments on HMS system for abnormal 

action detection as proposed in chapter 2.  
The experiments aim to (1) evaluate 3D GRF, (2) evaluate the 

factors effecting the recognition rate, (3) test the ability of CHMM in 
modeling the quasi-periodic actions, and (4) test the action recognition 
system and abnormal action detection system. 

The empirical results on the proposed abnormal action detection 
system are published in [3]-[5], [7], [8], [11] in the list of publications. 
4.1. Introduction to databases and metrics for system evaluation  
4.1.1. HumanEVA database 

HumanEVA database is created by the MOCAP system to provide 
3D coordinates of body points where the optical markers attached to. 
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Totally, we collect 152 action clips including 22 box, 35 wave, 54 jog 
and 41 walk clips. Each clip only includes one complete cycle of action.  

4.1.2. 3D pose estimation database 
The whole database has 80 action video clips. There are 20 video 

clips per each action (wave, kick, throw and box). Each clip only 
includes one complete cycle of one action.  
4.1.3. IXMAS database 

IXMAS is built by INRIA. The database contains 11 single actions 
as introduced in 2.4.4. Each of 12 volunteers performs an action 3 times, 
thus there are 36 videos per each action 

4.1.4. Metrics for system evaluation 
The proposed abnormal action detection system has two parts which 

are action recognition and abnormal action detection as in Fig. 2.2: 

- The action recognition part is evaluated based on the total recognition 
rate which is the average of all the recognition rates of all actions.  
- The abnormal action detection part is evaluated based on the statistics 
such as RC, PR and Acc. 

4.2. Evaluation of 3D GRF feature descriptor 
4.2.1. Experiments on 3D GRF feature descriptor  

Experiments follow the process in Fig. 3.2 using HumanEVA 
database, feature descriptors as 3D coordinates of 13 human points and 
then 3D GRF, recognition model as HMM-Kmeans N = 5 and M = 64. 

4.2.2. Experimental results on 3D GRF feature descriptor  
- Experiment 4.2.2a uses the 3D 13-point coordinates. The training data 
is from all three actors. The recognition rate is 76.75%. 
- Experiment 4.2.2b uses the new 3D GRF features. The training data is 
from all three actors. The recognition rate is 92.83%. 
- Experiment 4.2.2c uses the 3D 13-point coordinates. The training and 
testing data are from the same actor. The recognition rate is 74.17%.  
- Experiment 4.2.2d uses the new 3D GRF features. The training and 
testing data are from the same actor. The recognition rate is 97.5%.   
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4.2.3. Evaluation of 3D GRF descriptor 
4.2.3.1. Improvement of total recognition rate 

The total performance of 3D GRF is much improved (comparing the 
results of experiment 4.2.2b and 4.2.2a). 

4.2.3.2. Ability to encapsulate the personal characteristics  
3D GRF can encapsulate the personal characteristics of each 

individual while doing action (comparing the results of experiment 
4.2.2d and 4.2.2c) 

4.2.3.3. Decrease of recognition rate of specified actions  
The decrease of vector dimensions from 39 to 10 results in the loss 

of information, so the actions having similar movement can be mis-
recognized. For example, some box clips are misrecognized to be jog. 

4.3. Factors affecting HMM performance  
Experiments follow the process in Fig. 3.2 and use the database as 

described in 4.1.2. The feature descriptor is 3D GRF and the recognition 
model is HMM-Kmeans. 

4.3.1. Effects of HMM parameters  
- Number of distinct observation symbols M. 
- Number of hidden states N. 
- Additional parameter ε. This is a very small value which is added to 
the observation matrix B after training the model to handle the 
insufficient traning data.  

The evaluation method is based on LOOCV (Leave-One-Out Cross 
Validation). 
4.3.1.1. Effect of M 

Table 4.1. Performance (%) derived from different values of M 

M 8 16 32 64 128 

Total (%) 91.9063 93.9075 94.9063 95.6250 95.4063 

4.3.1.2. Effect of N 
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Table 4.2. Performance (%) derived from different values of N 

N 2 3 4 5 6 7 

Wave 90.25 90.75 85.25 92.25 83.25 85.25 

Kick 100 100 100 100 100 99.75 

Throw 95.5 96 90.45 96 94 97 

Box 95 95 92.5 95 95 95 

Total (%) 95.1875 95.4375 92.00 95.8125 93.0625 94.25 

4.3.1.3. Effect of ε 
Table 4.3. Performance (%) derived from different values of ε 

 
Base on above results, we choose the best set of parameters {M, N, 

ε} to be {64, 5, 10-4} to achieve the best rate as 95.875%.  

4.3.2. Effect of the number of participants in training data 
- In experiments 4.3.2a, 4.3.2b, 4.3.2c, training data is from 1, 2, 3 
persons respectively, the testing data is by another one. The recognition 
rates increases from 72.92% to 82.92% and then to 86.25%. 
- In experiment 4.3.2d, the training patterns are drawn from all four 
persons. The recognition rate is 95.75%. 

- In experiment 4.3.2e, the training and testing data are from the same 
person. The recognition rate is 98.75%. 

Thus, the higher number of different persons who take part in the 
training process, the higher recognition rate the system achieves. 
4.4. Quasi-periodic action recognition using CHMM 
4.4.1. Building quasi-action database 

The quasi-periodic action videos are formed by concatenating the 
consecutive one-period videos in 4.1.2 so that every new video contains 
from 2 to 5 periods of actions. The used model is CHMM as in Fig. 2.3 
with {M, N, ε} = {64, 5, 10-4}. 

4.3.2. Experimental results 
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Table 4.4. Performance of the CHMM-based action recognition system 

 Recognition rate (%) 

Wave Kick Throw Box 

Wave 80 0 20 0 

Kick 0 100 0 0 

Throw 20 0 80 0 

Box 0 0 9.375 90.625 

4.5. Testing and evaluating the abnormal action detection system  
4.5.1. Testing the action recognition module 
4.5.1.1. Experiment on action recognition on IXMAS database  

The experiment follows the process in Fig. 3.2, using 15-dimension 
3D GRF descriptor and CHMM model with {M, N, ε} = {64, 5, 10-4}.  

4.5.1.2. Experimental results of action recognition on IXMAS database  
The evaluation is based on five-fold cross validation. The total 

recognition rate of the system is 91.7%. 
4.5.1.3. Comparison of the proposed action recogniton system to other 
ssytems on IXMAS database 

Table 4.5. Comparison of action recognition systems. 

Feature descriptor Recognition method Recognition rate (%) 

3D GRF DTW 68.2 

Absolute 3D coordinates CHMM 74.2 

Relative 3D coordinates CHMM 78.6 

3D examplar HMM 80.5 

SSM-HOG SVM 71.2 

STIP SVM 85.5 

3D GRF CHMM 91.7 

The comparison result shows the effectiveness of combining 3D 
GRF descriptor and CHMM in action recognition.  
4.5.2. Testing and evaluating the anomaly detection module  

In principle, the anomaly patterns related to MCI should be defined 
by neuroscience experts. In the very early stage of our study, we haven’t 
collaborated with neuroscience experts in collecting real-life data yet. 
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Instead, we try to propose two simulated abnormal action patterns which 
are “omission of walk” and “addition of violent action”. 
- First situation: the patient forgets to “walk” as a daily morning 
exercise.  This scenario is defined as the following logic rule:  

 
The experimental result on detection of “omission of walk” is shown 

as very good statistics as RC = 97.5%, PR = 100% and Acc = 98.75%. 
Especially, the action mis-recognized to be “walk” is “turn around” 
which is also a part of “walk”. 

- Second situation: patient uses violent action he has never done 
before such as punch or kick. This scenario is defined as the rule below: 

 
The experimental result on detection of “addition of violent action” 

is shown as very high statistics as RC = 100%, PR = 97.4% and Acc = 
98.67%.  
4.6. Conclusion of chapter 4 

In summary, experiments show that the proposed HMS system is 
basically satisfied the requirements. Specifically,  
- 3D GRF features can extract the effective and unique characteristics of 
every action and decrease the affect of camera viewpoint and occlusion. 

- The suitable set of HMM/CHMM parameters is empirically 
determined. CHMM is proven to be able to recognize quasi-
periodic actions. 
-  The action recognition system combining 3D GRF descriptor and 
CHMM-based recognition achieves higher recognition rate rather than 
that of other existing systems. 

- The very good rate of abnormal action detection shows the very high 
applicability of the proposed system in detecting abnormal action 
patterns which may be used as a continuous, objective and reliable 
predictor of MCI.  

If non-walk à  omission pattern à  anomaly 

If punch V kick à  addition pattern à  anomaly 
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