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Human action recognition is used in areas such as 
surveillance, entertainment, and healthcare. This paper 
proposes a system to recognize both single and continuous 
human actions from monocular video sequences, based on 
3D human modeling and cyclic hidden Markov models 
(CHMMs). First, for each frame in a monocular video 
sequence, the 3D coordinates of joints belonging to a 
human object, through actions of multiple cycles, are 
extracted using 3D human modeling techniques. The 3D 
coordinates are then converted into a set of geometrical 
relational features (GRFs) for dimensionality reduction 
and discrimination increase. For further dimensionality 
reduction, k-means clustering is applied to the GRFs to 
generate clustered feature vectors. These vectors are used 
to train CHMMs separately for different types of actions, 
based on the Baum–Welch re-estimation algorithm. For 
recognition of continuous actions that are concatenated 
from several distinct types of actions, a designed graphical 
model is used to systematically concatenate different 
separately trained CHMMs. The experimental results 
show the effective performance of our proposed system in 
both single and continuous action recognition problems. 
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I. Introduction 

Human action recognition is a growing topic in video 
analysis and understanding — one of the most popular areas in 
the community of computer vision — thanks to its applications 
in surveillance, entertainment, and healthcare. In surveillance, 
human action recognition can be used in conjunction with 
video camera footage to help with the recognition and analysis 
of human actions. In entertainment, human–computer 
interaction can be helped to appear more natural via human 
action recognition, which in turn can help increase the 
entertainment experience. In healthcare, human action 
recognition can help detect abnormal gaits or assist in a 
patient’s rehabilitation through an analysis of their actions. 

However, it is challenging to recognize various human 
actions due to the high number of degrees of freedom 
associated with the average human body — namely, variations 
in human poses; variations in the colors of a person’s clothing; 
changes in lighting and illumination; variations in viewpoints; 
and frequent self-occlusion. Moreover, the use of monocular 
video sequences further increases the difficulty for human 
action recognition.  

Generally, the two main stages in human action recognition 
are: the feature extraction and representation stage and the 
classification stage. 

In the feature extraction and representation stage, the features 
or characteristics of video frames, such as silhouette, shape, 
color, and motion, are extracted and represented in a systematic 
and efficient way. In a video sequence, the features that capture 
the relationship between space and time create what is known 
as the space–time volume (STV). The space–time correlation is 
one of the most popular features in the video analysis 
community. Blank and others [1] propose a method that 
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consists of stacking segmented silhouettes (frame by frame) to 
form a 3D spatial–temporal shape. In a similar way, Ke and 
others [2] build STVs, for shape-based matching, from image 
features that are based on the consecutive silhouettes of objects 
along a time axis, including spatial–temporal region extraction 
and region matching. Kim and others [3] propose a 
spatiotemporal approach to detect the salient region in images 
and videos. Laptev and others [4], [5] propose a method to 
extract space–time interest points (STIP) by maximizing a 
normalized spatiotemporal Laplacian operator over spatial and 
temporal scales. In addition to space and time information, the 
frequency domain information of an image is also considered. 
Kumari and Mitra [6] use discrete Fourier transforms of small 
uniformly partitioned image blocks as the selected features for 
activity recognition. The STV, STIP, and DFT are global 
features extracted by globally considering the whole image. 

However, the global features are sensitive to noise, occlusion, 
and variations of viewpoints. Therefore, some local descriptors 
are used to capture the characteristics of an image patch, such 
as scale-invariant feature transformation (SIFT) [7]–[8], 
Histogram of Oriented Gradient (HOG) [9], nonparametric 
weighted feature extraction (NWFE) features [10], and Lucas–
Kanade–Tomasi (LKT) features [11]–[12]. For example, 
Scovanner and others [13] introduce a 3D SIFT descriptor, 
which can reliably capture the spatiotemporal nature of video 
sequences as well as 3D imagery such as MRI data. The SIFT 
descriptor is popular due to its invariance to image rotation and 
scale and is robust to affine distortion, noise corruption, and 
illumination changes. But SIFT has issues of high 
dimensionality and insufficient discrimination. Lu and Little 
[14] propose a template-based algorithm to track and recognize 
athletes’ actions based on a PCA-HOG descriptor. Moreover, 
Kataoka and Aoki [15] propose an extension of HOG — 
namely, Co-occurrence Histograms of Oriented Gradients 
(CoHOG) for pedestrian detection. However, HOG features 
are extracted at a fixed scale; therefore, the size of a human 
body in an image has a great influence on performance. 
Moreover, by considering the distance information and the 
width feature of a silhouette, Lin and others [10] design a new 
feature for human activity recognition — namely, NWFE. 
Unfortunately, NWFE does not take advantage of color 
appearance information. Furthermore, Lucas–Kanade [7] and 
Tomasi [8] propose an LKT feature tracker based on the sum 
of squared intensity differences. Lu and others [16] use an LKT 
feature tracker to track human joints and recognize non-rigid 
human actions. Since the LKT feature tracker assumes that 
neighboring pixels in a small window have the same flow 
vector, it poses a limitation on large motion between frames. 

Due to limitations on 2D global and local features, Weinland 
and others [17] use 3D exemplars; that is, 3D occupancy grids 

as features. Without 3D reconstruction, the learned 3D 
exemplars are used to produce 2D silhouette frames for 
matching. However, their method [17] is limited to view 
variations. Junejo and others [18] resolve the changes of view 
angles by using a self-similarity matrix (SSM), obtained by 
computing self-similarities (distance between low level 
features) of action sequences over time. But SSM is only useful 
for body occlusion. 

To resolve body occlusion and take into account body 
configuration, 3D human modeling is thus considered. 
Subsequently, estimated 3D coordinates are converted into a 
feature space. For 3D human modeling, Rogez and others [19] 
use a series of view-based shape-skeleton models for video 
surveillance systems by projecting the input image frames onto 
the training plane. However, this needs an extensive training 
dataset due to the various viewpoints involved. Lee and 
Nevatia [20]–[21] use a multi-level structure model for 3D 
pose estimation from monocular video sequences by 
addressing automatic initialization, data association, self- and 
inter-occlusions. 3D human poses are inferred based on a 
method of Data-Driven Markov Chain Monte Carlo [22]–[23]; 
however, the computation cost is extremely high. Considering 
accuracy of pose estimation and time complexity 
simultaneously, Ke and others [24]–[25] propose a method to 
track 2D body parts by integrating shape, color, and temporal 
information to effectively estimate 3D human poses. 

Generally, the 3D coordinates of human joints can be further 
converted into low-dimensional or more discriminative 
features, such as polar coordinate representation [26], Boolean 
features [27], or geometrical relational features (GRFs) [28], 
[29], for the purpose of effective recognition. 

In the classification stage, the selected or converted features 
are sent to proper classification algorithms for detection or 
recognition. One of the well-known classification algorithms is 
the Dynamic Time Warping (DTW) algorithm [30], which is a 
similarity measurement between two sequences by a dynamic 
programming approach. Sempena and others [31] use DTW to 
recognize human activities such as waving, punching, and 
clapping. DTW is simple and fast, but it might need extensive 
templates for various situations, which unfortunately results in 
high computational costs. 

Besides DTW, probability-based methods by discriminative 
and generative models for classification have also been 
proposed. Discriminative models learn a posterior probability 
distribution P(Y|X) of a specific class label Y given the 
observed variable X. A support vector machine (SVM) [32]–
[33], one of the more popular discriminative models, is 
designed to find the optimal dichotomic hyperplane that can 
maximize the margin of two classes. Schuldt and others [34] 
apply SVMs to recognize human activities by extracting local 



664   Shian-Ru Ke et al. ETRI Journal, Volume 36, Number 4, August 2014 
http://dx.doi.org/10.4218/etrij.14.0113.0647 

space–time features in a video. The main drawback of an SVM 
is the high computation burden for the constrained 
optimization programming used in the learning phase. On the 
other hand, generative models learn the joint probability 
distribution P(X,Y), which can be used to generate samples 
from the distribution. The hidden Markov model (HMM) [35] 
is one of the most popular generative models. It follows a 
doubly stochastic process with an underlying hidden first-order 
Markov stochastic process and an observed stochastic process 
that can produce a sequence of observed symbols. Yamato and 
others [36] train, based on low-level image mesh features, 
HMMs [37] to recognize actions of different tennis strokes by 
the Baum–Welch re-estimation algorithm. Considering the 
multiple cycles of human actions, Thuc and others [38] 
proposed a cyclic HMM (CHMM) to effectively adapt to most 
quasiperiodic human action recognition tasks. But each 
separately trained CHMM can only recognize a single action, 
rather than continuous actions with different types of 
concatenated actions during the testing phase. 

In this paper, we propose a system to recognize single 
actions and continuous human actions concatenated from 
different types of actions. To deal with changes of illumination, 
changes of clothes, changes of viewpoints, and occlusions, 3D 
human modeling is considered. The estimated 3D coordinates 
of human joints are further converted into GRF vectors, which 
are then clustered into one-dimensional feature vectors based 
on a k-means clustering algorithm [39]. The separately trained 
CHMMs of different types of actions are trained by these one-
dimensional feature vectors. Designed graphical models for 
switching CHMMs are used to recognize continuous actions 
through the Graphical Model Tool Kit (GMTK) [40]. 

The overview of the proposed system is shown in Fig. 1. The 
inputs of the system are monocular video sequences. In the first 
phase, a human object is segmented from selected video 
frames. Then the human object’s 3D poses are estimated by 
using the 3D coordinates of their body joints. This is all done 
based on a 3D human pose estimation technique [25]. In the 
second phase, the estimated 3D coordinates of the body joints 
are converted into one-dimensional feature vectors, based on 
GRF conversion [29] and k-means clustering [39]. In the third 
phase, one-dimensional feature vectors are used to train 
CHMMs, one model for one type of action, and then designed 
graphical models are used to recognize continuous human 
actions concatenated from different types of human actions by 
switching between CHMMs. Finally, the recognized human 
actions are created. 

This paper is organized as follows. Section II introduces the 
scheme of 3D human pose estimation. Section III describes the 
feature conversion and classification algorithm. Section IV 
explains the experiments and evaluation based on the proposed 

 

Fig. 1. Overview of proposed system. 
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system. Finally, a conclusion is given in section V. 

II. 3D Human Pose Estimation 

The objective of this phase is to extract the 3D coordinates of 
13 human joints from monocular video sequences [25]. Three 
stages are in [25]: individual segmentation and 2D features 
extraction, 2D body parts tracking, and 3D pose estimation. 

1. Segmentation and 2D Features Extraction 

First of all, a human object is segmented and corresponding 
2D features are extracted, as shown in Fig. 2. The segmentation 
with shadow removal, for a human object, is based on the 
distortions in both brightness and chromaticity [41] of each 
pixel in each frame. From this, a human object’s silhouette for 
each frame can be generated. Further, the skin pixels can be 
detected in RG space [42]. Based on the segmented silhouette, 
an edge image is obtained by applying the Canny edge 
algorithm [43]. Finally, the motion image is the absolute 

 

 

Fig. 2. 2D features (from left to right): input frame, silhouette, 
skin blobs, edge, and motion image.  



ETRI Journal, Volume 36, Number 4, August 2014 Shian-Ru Ke et al.   665 
http://dx.doi.org/10.4218/etrij.14.0113.0647 

difference between the previous frame and the current frame. 

2. 2D Body Parts Tracking 

In this step, five blobs are used to represent the following 2D 
body parts: head, left hand, right hand, left foot, and right foot. 
These five blobs are tracked frame-by-frame, based on shape, 
color, and temporal information. Three techniques — 2D 
skeletonization scheme [25], mean-shift tracking algorithm 
[44]–[45], and Kalman filter prediction [46] — are separately 
applied to take advantage of the shape, color, and temporal 
information. The trajectories of the five blobs are shown in Fig. 3. 

3. 3D Pose Estimation 

The information of 2D features and locations of 2D body-
part blobs are used to reconstruct 3D human poses, through the 
methodology of analysis-by-synthesis, by fitting 2D features to 
3D poses. The downhill simplex algorithm [47] is applied to 
minimize the cost function so as to find the optimal 3D human 
pose for each frame. The cost function is a measure of the 
difference between the 2D features and the 3D model projections; 
it is composed of the following four scores: silhouette score, edge 
score, motion score, and feature point score. The estimated 2D 
skeleton, estimated locations of 3D joints, and corresponding 
estimated 3D human pose are shown in Fig. 4. 
 

 

Fig. 3. Trajectories of the five blobs (head, left hand, right hand, 
left foot, and right foot).  

 

 

Fig. 4. Left: 2D skeleton and locations of 13 joints. Right: 
corresponding 3D model.  

III. Feature Conversion and Classification 

After extracting the 3D coordinates of human joints from the 
estimated human poses, these 3D coordinates are further 
converted into just one symbol at each frame for 
dimensionality reduction and discrimination increase. Two 
operations are considered: individual GRF conversion [28], 
[29] and k-means clustering [39]. The dimensionality reduction 
is shown in Fig. 5. 

After the input video sequences are converted into one-
dimensional feature vectors, these feature vectors of different 
types of actions with various repeated cycles are used to train 
the corresponding CHMMs [38], with one action being 
modeled by one CHMM, based on the Baum–Welch 
algorithm [35]. Subsequently, a switching graphical model is 
designed to switch between different CHMMs for a long video 
sequence concatenated from different types of human actions 
and to recognize the continuous combined human actions 
based on the maximal likelihood of the observation sequence, 
computed by forward/backward and Viterbi algorithms [35]. 

1. GRF Conversion 

The GRF descriptor defines the degree of the relative 
position of the body parts in 15 dimensions, as described in 
Table 1. Two types of features are included in the GRF 
descriptor: distance-related features (F1 to F9) and angle-related 
features (F10 to F15). The features F1 to F4 define the 
geometrical relation between a point and a plane. Take F1 as an 
example, which is the measurement of the distance between 
the right hand and the plane formed by the right shoulder, left 
pelvis, and right pelvis. The illustration of F1 is shown in Fig. 6. 
The features of F5 and F6 define the geometrical relation 
between two vectors. One vector is defined as (R-Shoulder, R-
Hand) or (L-Shoulder, L-Hand), and the other is a unit vector, 
defined as (middle of L-Pelvis and R-Pelvis, Head). The inner 
product of these two vectors is used to provide the signed 
distance, to indicate the degree of R/L-Hand above or below 
R/L-Shoulder. The feature of F7 is defined as the distance 
between the centroid of the body and the lowest foot 

 

 

Fig. 5. Dimensionality reduction. 

13 3D joints 
(39D) 

GRFs 
(15D) 

Symbol 
(1D) 

 



666   Shian-Ru Ke et al. ETRI Journal, Volume 36, Number 4, August 2014 
http://dx.doi.org/10.4218/etrij.14.0113.0647 

Table 1. GRF descriptors. 

Feature Description 

F1,2 
Signed distance between R/L-hand and the plane     
defined by R/L-shoulder, L-pelvis, and R-pelvis. 

F3,4 
Signed distance between R/L-foot and the plane     
defined by L-shoulder, R-shoulder, and R/L-pelvis. 

F5,6 
Signed distance between vector of R/L-hand and R/L-
shoulder, and unit vector of the middle of pelves and head.

F7 
Distance between the centroid of the body and          
the lowest foot (y-coordinate). 

F8 Distance between R-foot and L-foot (y- coordinate). 

F9 
Accumulated distance between the centroid of the body   
at current frame and the centroid of body at first frame. 

F10,11 Angle between upper and lower R/L-arm.  

F12,13 Angle between upper and lower R/L-leg. 

F14 Angle of the body bending vertically (x-coordinate). 

F15 
Angle change of body rotation horizontally between      
the previous frame and the current frame (y-coordinate). 

 

 

 

Fig. 6. Illustration of F1 feature in GRF descriptor. 

F1 

 
 
in a vertical direction (y-coordinate). F7 might display large 
changes due to the actions of sitting down and getting up. The 
feature of F8 is defined as the distance between R-Foot and L-
Foot in a vertical direction (y-coordinate). The feature of F9 is 
defined as the accumulated distance between the centroid of 
the body at the current frame and the centroid of the body at the 
first frame. Feature F9 can hint at whether the body acts always 
at the original location or acts with some movement, such as in 
spinning versus circling. Moreover, the angle-related features 
of F10 to F13 measure the degree of the angle (in the unit of π) of 
a body part. Take F10 as an example, which is the measurement 
of the angle between the upper and the lower right arm, F10 is 
the arccosine of the inner product of the two unit vectors of the 
upper and the lower right arm. The feature of F14 is defined as 
the degree of the angle of the body bending vertically (x-
coordinate). The feature of F15 is defined as the change of the  

 

Fig. 7. Transition graph of CHMM. 
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angle of the body rotation horizontally (y-coordinate) between 
the previous frame and the current frame. The effectiveness of 
the definition of GRFs will be proved in experiments later. 

2. K-Means Clustering 

The 15-dimensional GRF vectors are further clustered into k 
centroids (codewords) by the k-means algorithm. Each GRF 
vector can be represented by one of the k codewords (that is, a 
symbol) based on the nearest centroid. Therefore, each frame is 
eventually converted into one symbol out of k possible values, 
and the input monocular video sequence can now be 
represented as a one-dimensional feature vector. 

3. CHMM 

An HMM is a doubly stochastic process with an underlying 
hidden stochastic process and an observed stochastic process. 
Many human actions, such as walking and waving, exhibit 
quasi-periodicity, where repeated movements are not identical 
in each cycle and the number of cycles is also indefinite 
without a predefined value. This motivates our use of a 
CHMM (see Fig. 7 [38]) — an HMM that has left-to-right 
structure with a return transition from the last state to the first 
state, so as to have the capability to model actions with multiple 
cycles. Each CHMM is trained using action sequences 
(labelled according to type) containing variable multiple cycles. 
The action sequences in the testing dataset can be recognized  
by finding the maximal likelihood based on the forward–
backward algorithm. 

4. Switching Graphical Model 

Based on the trained single-action CHMMs, a graphical 
model, based on the GMTK [40], is designed for recognition of 
continuous human actions that are concatenated from several 
different human actions.   

IV. Experiments and Evaluation 

The proposed system is performed on two different datasets: 
the self-recorded dataset and the IXMAS dataset [17]. In each 
dataset, the following two experiments are performed: single-
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action recognition and continuous-action recognition. In single-
action recognition, each action type is trained as a single-action 
CHMM. In continuous-action recognition, different action 
types are combined to form long video sequences. The long 
video sequences with distinct types of actions are recognized 
by the designed switching graphical model, which is 
concatenated from different types of trained single-action  
CHMMs. The evaluations for 3D pose estimation and 
classification algorithms are also given at the end. 

1. Self-recorded Dataset 

In our self-recorded dataset {person A, person B, person C, 
person D}, each of the four people performed each of the five 
different actions (boxing, kicking, throwing, waving, and 
standing) five times. Therefore, in total there were 100 
monocular video sequences for each of the four people.  

A. Single-Action Recognition 

In the experiments of single-action recognition, each action 
sequence (short sequence), not necessarily of the same length, 
is concatenated from one of the five different actions 
performed by the same person. Since each action was 
performed five times, there are 15 variable-cycle sequences for 
each action: one 5-cycle (1-2-3-4-5), two 4-cycle (1-2-3-4, 2-3-
4-5), three 3-cycle (1-2-3, 2-3-4, 3-4-5), four 2-cycle (1-2, 2-3, 
3-4, 4-5), and five 1-cycle (1, 2, 3, 4, 5) action sequences. 
Therefore, for each person there is a total of 75 short sequences 
(15 short sequences of variable size × 5 actions) — each being 
of variable length. Two experiments are performed for single-
action recognition. 

The first experiment is the recognition generalization of the  
unknown person — that is, every single-action CHMM is 
trained by using the actions from 3 individuals and recognized 
by the actions performed by the fourth person. Therefore, 225 
short sequences (15 short sequences × 3 people × 5 actions) are 
used for training — that is, five CHMMs for five actions. 
Seventy-five short sequences (15 short sequences × 1 person  
× 5 actions) are used for recognition. There are four 
subexperiments for the four people in the testing dataset. The 
average recognition rate, 92.7%, shows the favorable 
performance for the unknown person recognition. 

The second experiment is the cross-validation for the 
mixture of persons. For each type of action, out of 60 short 
sequences, 48 short sequences are randomly selected for 
training and the remaining 12 short sequences are used for 
testing in each of the CHMMs — that is, in total, 240 short 
sequences for training and 60 short sequences for testing. There 
are five independent subexperiments that are performed for 
cross-validation. The average recognition rate, 100%, shows 

perfect performance. 

B. Continuous-Action Recognition 

In the recognition of continuous actions experiment, each 
continuous action sequence (long sequence) is concatenated 
from different actions performed by the same person. Each 
long sequence consists of six stages, and for each stage we 
randomly selected one of the four actions (boxing, kicking, 
throwing, or waving). Additionally, at each stage the 
corresponding standing action, for the person in question, was 
inserted right after each randomly chosen action. Thus, 
gradually and sequentially we could compose a long sequence 
in such a manner. Therefore, there are a total of 4,096 
(4×4×4×4×4×4) long sequences for each person. We randomly 
sampled 100 of the total number of long sequences for testing 
in each subexperiment. Based on the designed switching 
graphical model, which dynamically switches between 
CHMMs, each of the underlying six actions is recognized in 
the 100 randomly sampled long sequences. In total, 600 actions 
are recognized in each subexperiment. 

Based on whether standing action sequences or a standing 
model is used, seven different subexperiments are conducted, 
as shown in Table 2. In subexperiment 1, no standing 
sequences are appended to each of the six continuous actions. 
In subexperiment 2, three to five frames of standing actions are 
appended to each of the six continuous actions. The overall 
recognition rates for subexperiments 1 and 2 are 70.5% and 
65.75%, respectively. Moreover, we carried out adding 
standing frames combined with one of the boxing, kicking, 
throwing, or waving actions to help with the training of 
CHMMs. That is, three to five extra standing frames and seven 
to ten extra standing frames individually in subexperiments 3 
and 4, respectively. The overall recognition rates for  

 

Table 2. Seven subexperiments for continuous-actions recognition.

 Standing sequences Standing CHMM Recognition rate

Subexp. 1 0 frame No 70.5% 

Subexp. 2 3–5 frames No 65.75% 

Subexp. 3 3–5 frames 
No, but trained in 
other CHMMs 

67% 

Subexp. 4 7–10 frames 
No, but trained in 
other CHMMs 

66% 

Subexp. 5 30–40 frames 
Yes, trained in 

standing CHMM 
100% 

Subexp. 6 7–10 frames 
Yes, trained in 

standing CHMM 
99.55% 

Subexp. 7 3–5 frames 
Yes, trained in 

standing CHMM 
100% 
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subexperiments 3 and 4 are 67% and 66%, respectively. 
Furthermore, the extra standing frames are trained 
independently in a standing CHMM. In subexperiments 5, 6 
and 7, individually thirty to forty standing frames, seven to ten 
standing frames, and three to five standing frames are used to 
train a standing CHMM. With the explicitly standing CHMMs 
appended right after each action, the recognition rates for 
subexperiments 5, 6, and 7 almost achieved 100%. The 
conclusion is drawn that the recognition rate can reach almost 
100% if the standing frames are used to train the standing 
CHMM and are inserted between actions, regardless of the 
number of standing frames. On the other hand, the insertion of 
standing frames into only the test sequences can significantly 
degrade recognition performance, especially when CHMM 
training is done without the insertion of standing frames. 

2. IXMAS Dataset 

To further justify the effectiveness of our proposed system, 
we also tried the IXMAS dataset [17], where 11 types of 
actions are performed by 12 actors, including “check_watch,” 
“cross_arm,” “scratch_head,” “sit_down,” “get_up,” 
“turn_around,” “walk,” “wave,” “punch,” “kick,” and 
“pick_up.” The two experiments, single-action recognition and 
continuous-action recognition, are performed in the IXMAS 
dataset using camera 3. 

A. Single-Action Recognition 

In the single-action recognition experiments recorded in the 
IXMAS dataset, the estimated 3D coordinates of the human 
body are converted into GRFs as features, and the CHMM 
method is used as the recognition algorithm (exactly the same 
 

Table 3. Comparison of recognition rates under IXMAS dataset.

Method Recognition rate 

3D exemplar + HMM [17] 80.5% 

SSM_HoG_OF + SVM [18] 71.2% 

STIP + SVM [4], [5] 85.5% 

Absolute 3D + CHMM 74.2% 

Relative 3D + CHMM 78.6% 

GRF + CHMM 91.7% 

 

 
as that used in section IV-1A). To show the effectiveness of the 
GRFs, we compare the recognition performance based on 
features of the absolute 3D coordinates of joints and the relative 
3D coordinates of joints. The absolute 3D coordinates are the 
3D joints with respect to the world’s origin, while the relative 
3D coordinates are the 3D joints with respect to the centroid of 
the human body. Moreover, we also compare the proposed 
method with three other up-to-date methods using the IXMAS 
dataset. The first method is proposed by Weinland and others 
[17] to represent 3D exemplars, the 3D occupancy grids 
obtained from the projections of multiple cameras, as features 
and to use HMMs as the recognition algorithm. The second 
method is proposed by Junejo and others [18] to represent 
SSM plus HoG and optical flow (OF) as features and to use 
SVMs as the recognition algorithm. The third method is 
proposed by Laptev and others [4]–[5] to represent STIPs as 
features and to use SVMs as the recognition algorithm. A 
comparison of the recognition rates is shown in Table 3, and 
the confusion matrix of the proposed method is shown in  
Table 4. As shown in Table 3, our proposed method of GRFs  

 

Table 4. Confusion matrix of proposed method under IXMAS dataset. 

Single_action (%) Check_watch Cross_arm Scratch_head Sit_down Get_up Turn_around Walk Wave Punch Kick Pick_up

Check_watch 92 0 0 0 0 0 0 0 8 0 0 

Cross_arm 0 92 0 0 0 0 0 0 8 0 0 

Scratch_head 0 0 92 0 0 0 0 0 8 0 0 

Sit_down 0 0 0 100 0 0 0 0 0 0 0 

Get_up 0 0 0 0 100 0 0 0 0 0 0 

Turn_around 0 0 0 0 0 75 25 0 0 0 0 

Walk 0 0 0 0 0 0 100 0 0 0 0 

Wave 8 0 8 0 0 0 0 83 0 0 0 

Punch 0 0 0 0 0 0 0 0 92 8 0 

Kick 0 0 0 0 0 0 0 0 0 100 0 

Pick_up 0 0 0 17 0 0 0 0 0 0 83 
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Table 5. Confusion matrix for continuous-actions recognition in four actions under IXMAS dataset. 

Four actions (%) Check_watch Cross_arm Scratch_head Sit_down Get_up Turn_around Walk Wave Punch Kick Pick_up

Check_watch 88.8 0.9 0.7 1.0 0.1 3.6 0.3 0.5 2.0 1.8 0.4 

Cross_arm 1.3 84.6 0.4 1.4 0.4 2.1 0.7 0.8 5.5 2.0 0.6 

Scratch_head 3.0 2.5 82.5 0.5 0.5 1.5 0.6 1.2 5.3 1.3 1.0 

Sit_down 2.5 1.9 0.5 86.0 0.1 1.6 0.2 1.0 1.6 2.7 1.9 

Get_up 1.2 0.1 0.3 0.3 96.5 0.3 0.5 0.2 0.3 0.2 0.1 

Turn_around 3.2 0.7 0.4 0.4 0.3 84.7 6.2 0.7 0.8 2.4 0.2 

Walk 0.8 0.5 0.1 0.8 0.3 5.5 88.9 0.6 0.4 1.5 0.6 

Wave 6.1 0.8 8.8 0.7 0.2 3.8 1.0 76.6 0.7 1.0 0.5 

Punch 2.7 0.8 0.5 0.5 0.3 2.1 1.6 0.7 88.0 2.3 0.5 

Kick 1.6 1.1 0.8 0.5 0.3 2.8 0.9 1.2 1.6 88.6 0.6 

Pick_up 1.3 0.3 0.6 6.2 0.4 0.9 0.9 0.2 1.8 2.0 85.3 

 

 
with 91.7% outperforms the performance of absolute 3D 
coordinates with 74.2% and relative 3D coordinates with 
78.6%. It shows the more effective and discriminative 
representation of the GRFs. In addition, the proposed method  
of GRFs + CHMM with 91.7% also outperforms 3D exemplar 
+ HMM [17] with 80.5%, SSM_HoG_OF + SVM [18] with 
71.2%, and STIP + SVM [4], [5] with 85.5%. The improved 
performance of the proposed method is most likely attributed 
to three main factors: the use of 3D pose estimation, which 
allows for the invariance of viewing perspectives, as well as 
mitigating the effects caused by changes in illumination and 
body occlusions; the effectiveness of the conversion of the 
GRFs, which not only decreases the dimensionality to result in 
better CHMM training but also increases the discrimination of 
the features; and the use of cyclic HMMs, which enable the 
same actions to be repeated a variable number of times. 

B. Continuous-Action Recognition 

In addition to the continuous-action recognition experiments 
conducted using the IXMAS dataset [17], two subexperiments 
are performed. 

In the first subexperiment, each long sequence is formed by 
concatenating four actions. Each action is randomly selected 
from one of the 11 action types in the IXMAS dataset, resulting 
in a total of 14,641 (11×11×11×11) possible long sequences to 
be compared against. We randomly chose 100 of the 14,641 
long sequences for testing with 10-fold cross-validation. The 
confusion matrix is shown in Table 5. The average recognition 
rate is 86.4%, which is a satisfactory rate. 

In the second subexperiment, each long sequence is formed 
by concatenating two, three, or four actions with actions again 
being selected from the 11 types of actions in the IXMAS 

dataset. Compared to the first subexperiment, the long 
sequence is no longer restricted to four actions, rather two, 
three, or four actions; making the recognition more difficult. 
Totally, there are 16,093 (11×11×11×11+11×11×11+11×11) 
possible long sequences to be compared against. We also 
randomly chose 100 of the 16,093 long sequences for testing 
with 10-fold cross-validation. Because the number of types of 
actions is variable, Levenshtein distance (that is, edit distance) 
[48] is applied for measuring the error distance between a 
ground-truth sequence and a recognized sequence. The 
Levenshtein distance is defined as the minimum number of 
edits (insertion, deletion, or substitution) between two 
sequences. For example, the Levenshtein distance is equal to 1 
between sequence A={a,b,c} and  sequence B={a,c} with 
only one edit (deletion of b in A). The recognition rate for two, 
three, or four actions is defined in (1). The results of the 
recognition rates for continuous four actions and continuous 
two, three, or four actions are shown in Table 6. The 
recognition rate for two, three, or four actions (85.1%) is 1.3% 
less than the recognition rate for four actions (86.4%). 
Therefore, it shows that the recognition rate is still satisfactory  
even when the variable number of action types is concatenated. 

 
     

Recognition rate 1 .
     

Sumof edit distance for all seq

Sumof actions for all truth seq
   (1) 

3. Evaluation 

In this section, two main parts of our proposed system are 
discussed — namely, 3D pose estimation and CHMM. First, 
the 3D pose estimation is compared with other state-of-the-art 
techniques. Second, with the same sequential data (that is, the 
GRF features), CHMM is compared with the Dynamic Time  
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Table 6. Recognition rates for continuous-actions recognition. 

 Continuous 4 actions Continuous 2/3/4 actions

Recognition rate (%) 86.4 85.1 

 

Table 7. Comparison of mean error on HumanEvaII (in pixels). 

Subject/camera Mean (std) [23] Mean (std) [24] 
Mean (std) 
proposed 

S2C1 16.96 (4.83) 12.98 (3.5) 10.43 (2.68) 

S2C2 18.53 (5.97) 14.18 (4.38) 9.82 (2.18) 

 

Table 8. Comparison of DTW and CHMM under IXMAS dataset.

 GRFs + DTW GRFs + CHMM 

Recognition rate (%) 68.2 91.7 

 

 
Warping (DTW) to show the advantage of the use of  
CHMM. 

A. Evaluation for 3D Pose Estimation 

To evaluate the 3D pose estimation, our proposed method is 
compared with two other state-of-the-art methods [49]–[50] 
using the well-known HumanEvaII dataset [51]. In [49], Rogez 
and others use spatiotemporal 2D models to fit shape–skeleton 
features. In [50], Rogez and others apply random forest 
classifiers on HOG features. Table 7 shows the experiment 
results of the pose estimation for [49]–[50] and our proposed 
method on the HumanEvaII dataset, including the videos on 
subject 2 of camera 1 (S2C1) and subject 2 of camera 2 (S2C2). 
Table 7 shows our proposed system outperforms [49] and [50]. 

B. Evaluation for Classification Algorithms 

With the same sequential data (that is, GRF sequences)  
CHMM is compared with DTW under the IXMAS dataset. 
The comparison of the DTW and CHMM is provided in  
Table 8, in which DTW and CHMM obtain recognition rates 
of 68.2% and 91.7%, respectively. It shows our proposed 
GRFs method is much more appropriate for CHMM than for 
DTW. 

V. Conclusion 

The proposed system is to recognize both single and 
continuous combined human actions. First of all, with the input 
monocular video sequences, 3D human modeling is applied to 
extract the 3D coordinates of 13 joints. With GRF conversion 
and k-means clustering, the 39-dimensional feature vectors are 

converted into 1D feature vectors. The 1D feature vectors 
associated with one type of action are used to train a CHMM, 
corresponding to the type of action. Moreover, the switching 
graphical model is designed to switch CHMMs based on a 
long observation sequence. Besides this, the proposed system 
is tested using two different datasets: the self-recorded dataset 
and the IXMAS dataset, for both single-action recognition and 
continuous-action recognition. In the IXMAS dataset, the 
proposed method is favorably compared with three other up-to-
date methods in single-action recognition. 
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