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Abstract 
 

Video-based human-activity recognition has become increasingly popular due to the 

prominent corresponding applications in a variety of fields such as computer vision, image 

processing, smart-home healthcare, and human–computer interactions. The essential goals of 

a video-based activity-recognition system include the provision of behavior-based information 

to enable functionality that proactively assists a person with his/her tasks. The target of this 

work is the development of a novel approach for human-activity recognition, whereby 

human-body-joint features that are extracted from depth videos are used. From silhouette 

images taken at every depth, the direction and magnitude features are first obtained from each 

connected body-joint pair so that they can be augmented later with motion direction, as well as 

with the magnitude features of each joint in the next frame. A generalized discriminant 

analysis (GDA) is applied to make the spatiotemporal features more robust, followed by the 

feeding of the time-sequence features into a Hidden Markov Model (HMM) for the training of 

each activity. Lastly, all of the trained-activity HMMs are used for depth-video activity 

recognition.  
 

 
Keywords: Human-activity Recognition, Body Joints, Generalized Discriminant Aanalysis, 

Hidden Markov Models  
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1. Introduction 

The recognition of a variety of human activities from video has emerged as a key research 

area in computer vision, image processing, and human–computer interaction (HCI). Over the 

last decade, human activity recognition (HAR) systems have therefore attracted a great deal of 

attention from a community of respected researchers due to their applications in many areas of 

pattern recognition and computer vision [1]–[11]. The accurate recognition of human 

activities, however, is still considered a major concern for most of these researchers due to the 

lack of accuracy that can occur because of a variety of causes such as a failed efficient-feature 

extraction, a low variance among the features of different activities, and a high variance 

among the features of the same activity class. 

1.1 Related Works 

For video-based HAR, the use of binary silhouettes is considered the most-popular approach 

[1]–[11]; for instance, in [4], where binary pixel-based mesh features were extracted from 

every image, the authors used binary silhouettes for HAR. In [5] and [6], the authors adopted 

Principal Component (PC)-based binary silhouette features to recognize view-invariant 

human activities. In [8], the authors proposed the use of the Independent Component (IC) 

features of binary silhouettes to recognize five different activities by means of a Hidden 

Markov Model (HMM), and they showed the superiority of the IC-based local features over 

the PC-based global-silhouette features. Although binary silhouettes are commonly employed 

to represent a wide variety of body configurations, they cannot be used to distinguish far and 

near body parts; therefore, binary silhouettes are clearly not suitable for the representation of 

different postures. To improve body silhouette representation, one could utilize depth 

information like the authors of [9] who derived IC features from time-sequence-activity depth 

silhouettes for a robust HAR. In [10], the authors applied a linear discriminant analysis (LDA) 

to represent robust activity-silhouette features. Basically, the functionality of an LDA is based 

on the class information that projects data onto a subspace by using the criterion that tries to 

maximize the between-class scatterings and minimize the within-class scatterings of the 

projected data. A generalized discriminant analysis (GDA) [11] that tries to separate the class 

samples using nonlinear subspace, however, can be preferable to an LDA in terms of its 

applicability regarding activity features; therefore, a GDA can be considered a robust tool for 

the classification of human-activity features. 

Although depth silhouettes seem to be more effective than binary silhouettes, some 

ambiguities such as body-part segmentation remain unresolved. Since human-body parts are 

connected, body-joint features can lead to a robust HAR when compared to a HAR for which 

whole-body features are used. Human-body-joint analysis has received a great deal of 

attention from many computer-vision researchers [12]–[16]. In [12], k-means clustering was 

applied for the segmentation of body silhouettes to obtain body joints. In [13], the authors 

proposed an upper-body-part analysis for the representation of a person in a human-pose 

estimation. In [14], the authors applied a manual framework to segment human-body 

silhouettes so that the body joints could be obtained for gait recognition. 

Depth-information-based pattern analysis has attracted many researchers regarding a variety 

of applications such as human-motion analysis [17]–[38]. In [17], the authors used depth-map 

sequences for a human-activity analysis. In [19], the authors presented a depth-video-based 

human-activity analysis for which surface-orientation histograms were used. In [22], the 
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authors applied Depth Motion Maps (DMM) to capture the motion energies in activity videos. 

In [26], the authors focused on joint activity and object labeling from RGB and depth videos 

for an activity analysis. In [28], the authors represented human activities using a two-layer 

Maximum Entropy Markov Model (MEMM). In [32], the authors used particle swarm 

optimization (PSO) to model two interacting hands from depth images. For 

depth-information-based works, visual gestural languages such as American Sign Language 

(ASL) also form a very active field in computer visions [35]–[38]; for example, the authors of 

the Sign Speak project [38] analyzed textual representations of continuous visual sign 

language. In [39], the authors first extracted the angle-based spatial features of body joints  

from noisy depth images obtained by stereo cameras that were then further applied with 

HMMs for different-activity recognition. While human-activity videos represent 

time-sequence events, spatiotemporal features can describe human activities in video more 

effectively than spatial features. As proposed in this work, it is therefore possible to derive a 

robust HAR by applying body-joint spatiotemporal features with a nonlinear 

feature-classification technique such as a GDA that can be further modelled by HMMs.  

1.2 Proposed HAR Approach 

In this work, a novel HAR approach is proposed whereby human-body-joint features are 

utilized with a GDA and HMMs. The connected body-joint magnitude and directional features 

are first generated from each depth body silhouette before they are augmented with the 

magnitude; this is followed by the application of the directional motion features of the joints in 

the next frame with the GDA to increase the feature robustness. The feature sequences are then 

applied to train each activity HMM so that they can be used later for an activity recognition 

that is based on the maximum likelihood. The proposed system consists of depth-video 

acquisition, activity-feature generation, and HMMs. 

2. Proposed HAR Methodology 

The proposed HAR system consists of depth-video acquisition, activity-feature generation, 

and modeling-activity HMMs.  Fig. 1 shows the architecture of the proposed HAR system. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Architecture of proposed depth-sensor-based HAR system. 
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2.1 Activity-video Acquisition and Skeleton Extraction  

Kinect, a commercial depth-sensor-based camera, is utilized in this work to acquire the RGB 

as well as the depth images of different human activities [40]. The depth silhouette is then 

extracted from each depth image after a background subtraction. After obtaining a depth 

silhouette, a corresponding skeleton-body model that provides 15 joint positions is obtained 

through the OpenNI library [41]; therefore, from each depth silhouette, 15 body joints are 

obtained for the calculation of the spatiotemporal features. Fig. 2 (a), (b), (c), and (d) show a 

sample body-activity silhouette and the corresponding joints of both-hand waving, walking, 

running, and sitting activity, respectively. Each skeletal 3-D joint is represented as (
xD ,

yD ) 

with a depth value 
zD . 

 

   
                                                      (a)                                                     (b)               

  

                                                      (c)                                                     (d)               

Fig. 2.  Sample body-activity silhouette and the corresponding skeletal joints of (a) both-hand 

waving, (b) walking, (c) running, and (d) sitting activity. 

 

2.2 Activity-feature Generation 

After obtaining a depth silhouette, a corresponding skeleton-body model that provides 15 joint 

positions is obtained through the OpenNI library [41]; therefore, from each depth silhouette, 

15 body joints are obtained for the calculation of the spatiotemporal features. The first feature 

information is the magnitude of the connected human-body joints; therefore, considering that 

each joint position in 3-D is (
xD ,

yD ) with a depth value 
zD ,  the magnitude feature C  of a 

connected joint pair can be expressed as the following: 
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The size of the magnitude feature of each frame of 14 body-joint pairs becomes a vector of 

1 x 14. The directional angles of each body-joint pair can be represented as the following:  
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Later, the magnitude and directional features for each body joint, in consideration of its 

motion in the next frame, are calculated using (1)–(4); therefore, the temporal magnitude and 

directional-feature size of 15 body joints for a consecutive frame pair become a vector of 1 x 

60. These motion features are then augmented with the connected-joint-pair spatial features to 

increase their robustness. The total size for a depth frame becomes 1 x 116 and can be denoted 

as F .  Fig. 3 shows a sample mean of the magnitude features from walking and running 

activity, respectively. The figure clearly shows that the motion magnitudes for running activity 

are higher than those for walking activity. 

 

 

 
(a) 

 
(b) 

 

Fig. 3. Mean motion-parameter (magnitude) features from the joints of (a) walking- and (b) 

running-activity image sequences. 

 

The final step in this regard is the application of the GDA. The GDA is based on 

class-specific information that maximizes the ratio of the within- T - and between- B -class 
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scatter matrices. Before determining the feature space, each depth-image feature is mapped 

into a Gaussian kernel. The optimized GDA discrimination matrix is determined as the 

following: 

 

arg max .

T

GDA TLDA

W BW
W

W TW


 (5) 

The final feature vectors can therefore be obtained, as follows: 

 

.T

GDA
M FW  (6) 

where 
T

GDA
W is the optimal discrimination matrix that maximizes the ratio of T  and B . After 

applying the GDA, the feature vector size for each depth silhouette becomes 1 x 5 due to the 

six different activity classes, indicating a huge dimension reduction, as well as a robust feature 

representation. Fig. 4 shows an exemplar 3-D plot after the application of the GDA  on the 

spatiotemporal features of six human activities where most of the samples from different 

classes are well clustered. 
 

 
 

Fig. 4. Exemplar 3-D plot after application of GDA on the position and motion features of six 

human activities. 

 

2.3 Activity Recognition via HMMS 

For activity modeling and recognition in this work, we applied HMMs; essentially, HMMs are 

used for the handling of time-sequence features with a probabilistic learning process. We used 

an ergodic HMM structure to encode the time-sequence features. For the training HMMs, we 

applied the discrete HMMs with the codebook of 32. Fig. 5 shows the basic steps for the 

generation of a codebook using the training body silhouettes and a symbol from a depth 

silhouette. Fig. 6 shows a sample symbol sequence for an image sequence of six different 
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activities; in the figure, it is noticeable that the symbol sequences of the different activities are 

different from each other. 

In the learning HMM, each HMM that corresponds to an activity is optimized by the 

discrete symbol sequences obtained from the training image sequences of that activity, 

whereby each activity is modeled by a trained HMM; therefore, for the K  activities, a 

dictionary of K trained HMMs is created. To test an activity in a video, the corresponding 

observed symbol sequence is generated and applied on all of the trained HMMs to calculate 

the likelihood, and the one with the highest likelihood is selected. To test a sequence  , the 

following activity decision is derived:  

 

1
argmax(P( | )).

K

i
i

Decision H


  (7) 

 

More details regarding HMMs are available at [1], [4]–[6], and [8]–[11]. Fig. 7 shows the 

structure of the ergodic HMM structure used in this work on our database, as the number of 

states is small and the number of states beyond four could not improve our dataset.  

 
 

 
(a) 

 

 
(b) 

 

Fig. 5. Basic steps for the generation of (a) a codebook from the training silhouettes and (a) a symbol 

from a depth silhouette. 
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Fig. 6. A sample discrete symbol sequence for a sample image sequence of six different activities. 
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Fig. 7. Structure of a four-state ergodic HMM 

3. HAR-experiment Results 

A HAR database was built for the six different activities (walking, running, right-hand waving, 

both-hand waving, standing up, and sitting down) that were trained and recognized via the 

proposed approach. A total of 10 clips of variable lengths for each activity were used to build 

the training feature space, followed by the testing of 25 video clips for HAR. The experiments 

commenced with the depth-silhouette-based (i.e., without a 3-D body-joint basis) HAR first. 

Four different conventional feature-extraction methods—PCA, ICA, radon transformation, 

and ICA-GDA—were applied with the HMM to evaluate their performances in terms of 

depth-silhouette-based activity recognition. The PCA global feature-extraction method that 

was applied first achieved a 79.33 % recognition rate, indicating a poor HAR performance. As 

the ICA method represents activity-silhouette features that are more effective than those of the 

PCA method, the ICA method was applied, achieving an 88 % recognition rate that shows a 

HAR performance that is a great improvement upon that of the PCA method. The application 

of the radon-transformation feature-extraction method on the depth silhouettes achieved an 

89.33 % mean recognition rate. Lastly, the extension of the ICA method using the GDA 
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method achieved the highest recognition performance of 90 %. Table 1 shows the HAR 

recognition results of the PCA, ICA, radon-transformation, and ICA-GDA methods. 
 

Table 1.  HAR-experiment results for different depth-silhouette-based approaches 

Approach Activity Recognition Rate Mean 

 

 

 

PCA on Depth Silhouettes 

 

Walking 84.0 %     

 

 

 

79.33 

Running 78 

Right-hand Waving 88 

Both-hand Waving 88 

Sitting Down 74 

Standing Up 64 

 

 

 

ICA on Depth Silhouettes 

 

Walking 84  

 

 

 

88 

Running 88 

Right-hand Waving 92 

Both-hand Waving 92 

Sitting Down 88 

Standing Up 84 

 

 

 

Radon Transformation on 

Depth Silhouettes 

 

 

Walking 88  

 

 

89.33 

Running 88 

Right-hand Waving 92 

Both-hand Waving 92 

Sitting Down 88 

Standing Up 88 

 

 

 

ICA-GDA on Depth 

Silhouettes 

 

Walking 88  

 

 

90 

Running 88 

Right-hand Waving 92 

Both-hand Waving 92 

Sitting Down 92 

Standing Up 88 

 

The experimental stage was continued to incorporate a spatiotemporal, 3-D body-joint, 

feature-based HAR. First, we extracted the body-joint-pair (limb)-based spatial features that 

were applied with the HMMs and obtained a mean recognition rate of 91.33 %. The spatial 

features were then augmented with the temporal (i.e., motion) features for each frame and 

applied with the HMMs; this approach achieved a 94 % recognition rate that is higher than 

those of all of the methods that have been mentioned so far. Lastly, the spatiotemporal features 

were enhanced by the GDA, achieving a superior recognition rate of 98.66 % that is the 

highest recognition performance. The proposed approach therefore shows a performance that 

is superior to the other HAR approaches. Table 2 shows the spatiotemporal, feature-based 

HAR results. 
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Table 2.  HAR-experiment results for 3-D body-joint-based approaches 

Approach Activity Recognition Rate Mean 

 

 

Body-joint Spatial 

Feature-based HAR  

Walking 92     

 

 

 

91.33 

Running 88 

Right-hand Waving 92 

Both-hand Waving 92 

Sitting Down 92 

Standing Up 92 

 

 

 

Spatiotemporal Body-joint 

Feature-based HAR without 

GDA 

Walking 92     

 

 

 

94 

Running 92 

Right-hand Waving 96 

Both-hand Waving 96 

Sitting Down 96 

Standing Up 92 

 

 

Spatiotemporal Body-joint 

Feature-based HAR with  

GDA 

Walking 96  

 

 

 

98.66 

Running 96 

Right-hand Waving 100 

Both-hand Waving 100 

Sitting Down 100 

Standing Up 100 

 
Table 3.  HAR-experiment results for proposed-approach MSRDailyActivity3D dataset  

Activity Recognition Rate Mean 

Drink 90 %  

 

 

 

 

 

 

 

 

 

90 

Eat 85 

Read book 90 

Call on cell phone 90 

Write on a paper 85 

Use laptop 85 

Use vacuum cleaner 95 

Cheer up 95 

Sit still 95 

Toss paper 85 

Play game 80 

Lie down on sofa 90 

Walk 85 

Play guitar 95 

Stand up 95 

Sit down 90 
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3.1 Experiments on MSRDailyActivity3D Dataset 

The MSRDailyActivity3D dataset [42] consists of daily activities that were captured by 

Microsoft Research using a Kinect device and comprises the following 16 activities: drink, eat, 

read book, call on cellphone, write on a paper, use laptop, use vacuum cleaner, cheer up, sit 

still, toss paper, play game, lie down on sofa, walk, play guitar, stand up, and sit down. The 

database consists of a total of 320 video samples for which 10 subjects were involved. A 

cross-subject training/testing setup was used for the experiments, and Table 3 shows the 

recognition performance of the proposed approach regarding the MSRDailyActivity3D 

dataset, whereby a 90 % mean recognition rate was achieved. The proposed method was also 

compared with the state-of-art methods proposed in [42], [43], [44], and [45], and it showed a 

superior performance over the others, as shown in Table 4. 

 
Table 4. Comparison of recognition performances for MSRDailyActivity3D dataset. 

Method Recognition Accuracy 

Wang et al. [41] 68.0 % 

Dollar et al. [43] 73.6 

Laptev et al. [44] 79.1 

Lu and Aggarwal [42] 83.6 

Proposed Approach 90.0 

4. Concluding Remarks 

In this paper, a novel work has been proposed for human-activity recognition, whereby the 

spatiotemporal features from 3-D skeleton-body joints and HMMs are utilized. The proposed 

system was compared with the conventional approaches, whereby its superiority over the other 

approaches was shown by the attainment of the highest recognition rates on different 

databases. The proposed HAR system can be employed in numerous smart applications 

including smart-home healthcare for the monitoring of human activities in a smart home that 

can contribute to the improvement of the quality of people’s lives. Regarding a future work, 

our aim is the consideration of the occluded human-body regions for complex human activities, 

so that missing skeleton joints can be extracted to make our system applicable in a variety of 

real-time smart environments. 
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