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Abstract 
 

Human actions can be recognized from depth sequences. In the proposed algorithm, we 
initially construct depth, motion maps (DMM) by projecting each depth frame onto three 
orthogonal Cartesian planes and add the motion energy for each view. The body part of the 
action (BPoA) is calculated by using bounding box with an optimal window size based on 
maximum spatial and temporal changes for each DMM. Furthermore, feature vector is 
constructed by using BPoA for each human action view. In this paper, we employed an 
ensemble based learning approach called Rotation Forest to recognize different actions 
Experimental results show that proposed method has significantly outperforms the 
state-of-the-art methods on Microsoft Research (MSR) Action 3D  and MSR DailyActivity3D 
dataset. 
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1. Introduction 

Human action recognition (HAR) has been one of the most active research topics in the area 
of computer vision and machine learning. It has been widely used for the various applications 
including security system, smart home systems, content-based video search, video 
surveillance, and health care [1]. The HAR systems have been used mainly for identifying a 
particular human action among several different actions [2, 3]. Until now, there are few 
intelligent HAR systems with a robust and efficient performance which can recognize each 
class of the human activities [3]. It is due to several factors, which directly affect the 
performance of the HAR systems, can be susceptible to the similarity of the performed actions, 
size, appearance and complexity of human actions [3]. To overcome these issues, researchers 
proposed different methods to improve the overall performance of HAR system using RGB 
sensor [4–6].  

Action sequence generation using traditional RGB image frames is the first step for the 
conventional action recognition systems [4, 5]. That is, in this step, the binary silhouettes and 
spatiotemporal interest point’s vertices are used from the RGB frames to extract the action 
sequences. Here, clutter background, low illumination, camera movement, and flat pixel 
intensity values (i.e., 0 and 1) makes it difficult to extract the human actions and eventually 
cause low recognition rates in the HAR systems [4–6].  

Recently, low price depth sensors such as Microsoft Kinect have been adopted for consumer 
applications [7–10]. The Microsoft Kinect sensor is capable of capturing both depth and RGB 
information. The appealing properties of depth maps are: (i) it is less sensitive to illumination 
changes; (ii) it provides valuable information for the representation of the human body (i.e., 
3D information). The depth images are used to distinguish far and near body parts, which 
provides more accurate information compared to the binary maps from the gray level images 
[6]. Fig. 1 illustrates the comparison of both depth and binary maps for High throw action. 
From the figure, it is notice that depth values are changing with the movement of body parts 
and provides useful information about the 3D actions compared to the conventional binary 
maps.  

 
A method for generating depth motion maps (DMM) has been proposed by Yang et al. [11] 

is based on accumulating a difference between two consecutive depth images. These depth 
images are projected onto the three orthogonal Cartesian planes to distinguish the motion of an 
action. Then, the histogram of oriented gradients (HOG) descriptor [12] is used to extract the 
features from each DMM view for training the support vector machine (SVM) classifier. Chen 
et al. [13] modified the method of Yang et al. [11] by taking an absolute difference between 
two consecutive depth maps without thresholding and then stack the motion variations to form 
a DMM. In [14], DMMs are divided into overlapped blocks, and local binary pattern (LBP)  
[15] is applied to each block to calculate LBP histogram. These LBP histograms were further 
use to make feature vector that belongs to different actions. However, the proposed system in 
[11, 13, 14] fails to perform when there is significant temporal variation which leads to 
difficulties in discriminating the actions. This implies that considering the whole body as a 
feature vector, which may include unnecessary information that belongs to those of body parts 
that are not related to a particular action, may degrade the overall performance of HAR 
systems.   
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Fig. 1.  High throw action from MSR Action3D dataset a) depth map sequence b) binary map sequence 
 

Based on the aforementioned problems, the current work is aiming to improving the 
recognition rate of the HAR system by exploring large spatial and temporal variations. Our 
literature review show that the information from the spatial and temporal variation is not yet 
addressed yet for the recognition of human actions. Therefore, exploring large spatial and 
temporal is the primary focus of this paper. Furthermore, the processing time required to 
identify an action could also be an important aspect when considering the performance of the 
system [16]. The depth maps of the actions have been captured by using the Kinect sensor [7]. 
Moreover, an optimal size of window encapsulated in the moving body parts can be identified 
in the depth maps [17]. That is, the body part of the action (BPoA) is identified by a window, 
where the window is determined to which includes the maximum depth variation from each 
DMM. Here, the DMM is generated by stacking motion energy of all the depth maps onto 
three Cartesian planes (i.e., front view, side view and top view). Each action category has its 
distinct morphology (appearance and shape) which is entirely based on the accumulation of 
spatial and temporal motion variations. The proposed system, which is based upon BPoA, 
contains the salient information belongs to a maximum change in spatial and temporal 
domains. However, body parts of non-action (BPoNA) provides static or slowly varying 
regions in spatial and temporal domains. The difference between the BPoA and BPoNA is 
shown in Fig. 2. In the end, the feature vector was feeds into a non-linear tree based Rotation 
Forest (RF) classifier to classify all the actions. 

 

         a 

b 
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Fig. 2.  DMM of horizontal wave action with BPoA (green line) and BPoNA (red line) 

 

The rest of the paper is structure as follows: section 2, comprises of literature review on 
action recognition using RGB and depth sensors. In section 3, includes an introduction to 
proposed action recognition method, which relies on the BPoA of the DMM. Furthermore, we 
discuss the proposed RF approach for classification of different human actions. The details of 
the experimental procedure and evaluation results are shown in Section 4, and a conclusion is 
given in Section 5. 

2. Related Work 
HAR systems have been focused on using spatial-temporal features, space-time volumes, and 
trajectories from video sequences via traditional RGB sensors. Temporal information is 
obtained by employing global descriptors such as "motion history image" (MHI) and "motion 
energy image" (MEI) to represent action sequences [4]. However, the MHI and MEI 
descriptors heavily rely on the performance of background subtraction. Furthermore, these 
methods are very sensitive to camera movement and dynamic environments, which leads to 
the failure for recognizing the complex actions [18]. Image features can also be extracted 
using spatial and temporal methods. Gaussian kernel and Gabor filter methods have been 
employed to extract features in the spatial and temporal domain in [5]. This method is usually 
based on convolution operation. Thus it is easy to implement. However, the efficiency of these 
methods is reduced in the case of high video resolution, and it is also difficult to extract the 
features such as optical flow and silhouettes [16]. 

A hierarchical structure to model the spatial-temporal context information using SIFT has 
been proposed in [19] to compute trajectories by matching SIFT descriptors between two 
successive frames. Their model consists of point-level context, intra-trajectory context, and 
inter-trajectory context. However, this method is based on finding a fixed-dimensional 
velocity description using the Markov chain velocity model [20], and the method relies on 
large sets of fully labeled training data. Later on, a method based on dividing an entire 
sequence of frames into a bag of features (BoF), which is used to obtain spatial-temporal 
histograms, has been proposed by Laptev et al. [21]. However, the drawback of the 
color-based action recognition systems is that they are very sensitive to brightness changes 
[13]. 

BPoNA (Less spatial 
and temporal change)  
 

BPoA 
(Large spatial and 
temporal change)  
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Several problems related to human pose estimation and the RGB-D sensor has solved 
recognition. This sensor captures the real-time depth maps, which have been used to analyze 
human actions [7-10] and [22–24]. A method calculating the difference between the joints in 
both temporal and spatial domains has been proposed by Yang et al. [8]. Furthermore, 
principal component analysis (PCA) is employed to obtain eigen joints features for action 
recognition system. A system which is based on both the RGB and depth information to 
recognize human actions has been proposed by Sung et al. [9]. In this system, the features 
belonging to body pose, hand position, and motion information are modeled by skeleton joints. 
The HOG features are extracted by calculating region of interest (ROI) in gray images and 
depth maps are used to distinguish their appearances. In [22], skeleton joint information is 
used to model body pose and motion information. Then, motion and geometry cues based on a 
histogram of normal orientation (i.e., 4D depth, time and spatial coordinates) are successfully 
processed to recognize the human activities. An invariant posture representation is used via a 
histogram of 3D joint locations, which has been proposed in [25], where the joint points are 
then transferred to a modified spherical coordinate system to achieve view-invariance. 
However, the applications using body joints are very limited, as the joints information is not 
available and hence not reliable for many real applications [11]. 

In [26], Kamal et al. represented the human skeleton by considering joint information (i.e., 
relative joint positions, temporal movement of joints and offset of the joints) with respect to 
the depth intensity values to evaluate recognition performance. In [27], joints plus body 
features based method is proposed which extract joints information from skin color detection 
and depth pixels values from multi-views body shape. These features were combined to make 
a concatenated feature vector. Furthermore, these features are then trained and recognized 
human activities via self-organized map. A method based on pairwise relative positions of the 
joints has been proposed by Wang et al. [28]. The proposed method characterize the spatial 
relationship of joints. However, these methods completely ignored the temporal information 
which leads to uncertainty in the description of action sequence. More complex skeleton 
representations have been proposed by [29, 30].  The sequence of the skeleton was represented 
as a curve in the Lie group. This is done by defining the relative geometry between two rigid 
body parts as a rigid rotation and translation transformation. 

A global feature based on space-time occupancy patterns (STOP) has been proposed in 
[10], which maintains both spatial and temporal information to recognize different human 
actions using depth map sequences. In [7], bag-of-3D-points are obtained by sampling the 
points from the body surface in each frame of performed action. These methods are evaluated 
on MSR Action3D dataset [7], which shows unsatisfactory results, especially for the 
cross-subject test. Furthermore, sampling the 3D points from a whole body requires a large 
number of the dataset; thereby high computation is needed for training the classes. The DMM 
has been proposed in [11, 13], which reduces the computational complexity and improves the 
results as compare to [7, 8, 25] but their results are still unsatisfactory probably due to large 
intra-class variations. A real-time processing of the DMM is also conducted to calculate the 
processing time of each component of the proposed system for action recognition in [13].  

In this work, we propose a method to recognize the actions based on BPoA features. The 
features are obtained by extracting the body part, which has the maximum depth variation and 
discards the regions, which have a small change in spatial and temporal domains from each 
DMM. The features obtained by the proposed method are then fed into the classifier. To 
evaluate the performance of proposed method, we use publically available MSR-Action3D 
and MSR DailyActivity3D dataset. The results illustrate approximately 5% increases in 
performance compared to the state-of-the-art methods for action recognition system. 
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Furthermore, the processing time of the system using the proposed method is also evaluated 
and compared to existing state-of-the-art methods in the literature. Though the processing time 
of our proposed method is minutely longer, yet the recognition accuracy is 5% more in 
cross-validation experiment than the one in primitive methods. That is why, the proposed 
method is robust and efficient compared to conventional methods, and hence, the BPoA based 
method is a reliable candidate for the better HAR systems. 

3. Methodology 
The proposed HAR system consists of input depth maps from the depth sensor and processes 
them for extracting BPoA features from each DMM. These features are then fed into RF 
classifier to recognize the action. The performance of the proposed approach heavily depends 
on two components, i.e., a robust feature extraction method and a machine learning method 
which can correctly identify the actions. To evaluate the proposed feature extraction method, 
we use Microsoft Research (MSR) Action-3D dataset [7], consisting of a sequence of depth 
maps captured using depth sensor. The feature extraction stage has the following feed-forward 
steps: 

• Calculating the DMMs for the front view, side view and top view, each of which is a 
projected view of an action in 3D depth maps. The reason to use these projected views 
is that DMMs are reliable and capable of providing useful information to improve the 
performance of HAR systems [11].  

• Finding maximum depth variation in each DMM and localizing it in an optimal size 
window for extracting BPoA. 

The feature matrix is then fed into RF classifier to recognize each action. The overall flow 
of our approach is illustrated in Fig. 3, and each step of the block diagram is explained in this 
section. 

 

 
Fig. 3.  Overall flow of the proposed HAR system 
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3.1 Feature Extraction 
One of the critical components of HAR system is the feature extraction. Our feature extraction 
method considers depth variations to extract the features from the body part of the action 
(namely BPoA), which are computed by calculating maximum depth change in each DMM.  
 

a)     Depth motion maps: 
Motion information in the depth video can be treated readily by projecting depth motion 

maps onto the three Cartesian planes to generate three 2D-view images to analyze the motions 
at different views. In particular, 2D projected maps of front view (𝑓𝑓), side view (𝑠𝑠) and top 
view (𝑡𝑡) are generated from depth video  𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚 = �𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚

𝑞𝑞  �𝑞𝑞 = 1,2,3, … ,𝑄𝑄} where Q is the 
total number of depth sequences in a video shot and  𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚

𝑞𝑞  represents the qth frame of the 
depth maps. That is, each 2D view denoted by 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚𝑣𝑣, where 𝑣𝑣 ∈ {𝑓𝑓, 𝑠𝑠, 𝑡𝑡}, is generated by 
projecting 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚

𝑞𝑞  onto each view 𝑣𝑣. Then, the depth motion map for the view𝑣𝑣, 𝐷𝐷𝐷𝐷𝐷𝐷𝑣𝑣, is 
obtained by accumulating the absolute differences between two consecutive depth maps for 
each view 𝑣𝑣. So, 𝐷𝐷𝐷𝐷𝐷𝐷𝑣𝑣 of each projected view is presented as:  

𝐷𝐷𝐷𝐷𝐷𝐷𝑣𝑣 =  ∑ �𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚
𝑞𝑞

𝑣𝑣
 − 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚

𝑞𝑞−1
𝑣𝑣

 
 �𝑄𝑄

𝑞𝑞=2                                                     (1) 

where 𝑞𝑞 is the index of each depth map, and 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚
𝑞𝑞

𝑣𝑣
  is the projected map of 𝑞𝑞th frame 

under the projection view 𝑣𝑣. For example, 𝐷𝐷𝐷𝐷𝐷𝐷𝑣𝑣 of High wave action are generated from 
depth video sequences and illustrated in Fig. 4.  

 

 
Fig. 4.  𝐷𝐷𝐷𝐷𝐷𝐷𝑣𝑣 generated from depth sequences of High wave action 

 
The bounding box denoted as BDMM (bounded depth motion maps), which tightly 

encapsulates the area of non-zero motion activities for all {𝐷𝐷𝐷𝐷𝐷𝐷𝑣𝑣}, is determined by four 
points  {𝐴𝐴,𝐵𝐵,𝐶𝐶, and 𝐷𝐷 } as illustrated in Fig. 5. That is, for each 𝑁𝑁𝑣𝑣 × 𝐷𝐷𝑣𝑣 frame of 𝐷𝐷𝐷𝐷𝐷𝐷𝑣𝑣 =
{𝐼𝐼(𝑖𝑖, 𝑗𝑗)| 1 ≤  𝑖𝑖 ≤ 𝑁𝑁𝑣𝑣 , 1 ≤  𝑗𝑗 ≤ 𝐷𝐷𝑣𝑣}, we can find a tightest bounding box with four vertices 
(i.e., A, B, C, and D) as in Fig. 5. This can be easily done by discarding the background regions 
with the lines of 𝑆𝑆1,𝑆𝑆2,𝑆𝑆3, and 𝑆𝑆4 in Fig. 5.  
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Fig. 5.  Encapsulation of the non-zero region by a bounding box with four vertices 

 
b) Detecting BPoA in a bounding box:  
The differentiation between the BPoA and the BPoNA can be made by finding calculating 

maximum depth variation in each BDMM. We seek a window of an optimal size iteratively 
with an initial window size of (2𝑤𝑤𝑟𝑟 + 1) × (2𝑤𝑤𝑐𝑐 + 1) centered at 𝐶𝐶 = (𝐶𝐶𝑟𝑟,𝐶𝐶𝑐𝑐)  for each 
BDMM𝑣𝑣 as shown in Fig. 6.  

 

 
Fig. 6.  A window of (2𝑤𝑤𝑟𝑟 + 1) × (2𝑤𝑤𝑐𝑐 + 1) within a bounding box 

 
An alternate optimization process using (2) and (3) can be applied to find the optimal 

window size (𝑤𝑤𝑟𝑟,𝑤𝑤𝑐𝑐) and the center of the window (𝐶𝐶𝑟𝑟,𝐶𝐶𝑐𝑐). However, BDMM𝑣𝑣 may not be 
appropriate to calculate the maximum depth change as it may contain cluttered motions. To 
solve this problem, firstly, a threshold 𝑇𝑇𝑔𝑔  is applied to each pixel in BDMM𝑣𝑣 to find the 
maximum depth change. 
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(𝐶𝐶𝑟𝑟
(𝑛𝑛),𝐶𝐶𝑐𝑐

(𝑛𝑛)) =   𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
1≤𝑖𝑖≤𝑁𝑁𝑟𝑟,1≤𝑗𝑗≤𝑁𝑁𝑐𝑐

�∑ ∑ BDMM𝑣𝑣(𝑖𝑖 + 𝑎𝑎, 𝑗𝑗 + 𝑏𝑏)𝑤𝑤𝑐𝑐
(𝑛𝑛−1)

𝑏𝑏=−𝑤𝑤𝑐𝑐
(𝑛𝑛−1)

𝑤𝑤𝑟𝑟
(𝑛𝑛−1)

𝑚𝑚=−𝑤𝑤𝑟𝑟
(𝑛𝑛−1) �                  (2)      

(𝑤𝑤𝑟𝑟
(𝑛𝑛),𝑤𝑤𝑐𝑐

(𝑛𝑛)) =  𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎
𝑤𝑤𝑚𝑚𝑚𝑚𝑛𝑛≤𝑤𝑤𝑟𝑟≤𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚
𝑤𝑤𝑚𝑚𝑚𝑚𝑛𝑛≤𝑤𝑤𝑐𝑐≤𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚

�BDMM_B
𝑤𝑤𝑟𝑟,𝑤𝑤𝑐𝑐,𝐶𝐶𝑟𝑟

(𝑛𝑛),𝐶𝐶𝑐𝑐
(𝑛𝑛)

𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖𝑚𝑚𝑛𝑛  𝜒𝜒 (BDMM_B
𝑤𝑤𝑟𝑟,𝑤𝑤𝑐𝑐,𝐶𝐶𝑟𝑟

(𝑛𝑛),𝐶𝐶𝑐𝑐
(𝑛𝑛)

𝑛𝑛𝑚𝑚𝑛𝑛−𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖𝑚𝑚𝑛𝑛 ) <  𝑇𝑇𝑙𝑙)�    (3)            

Where 
BDMM_B

𝑤𝑤𝑟𝑟,𝑤𝑤𝑐𝑐,𝐶𝐶𝑟𝑟
(𝑛𝑛),𝐶𝐶𝑐𝑐

(𝑛𝑛)
𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖𝑚𝑚𝑛𝑛 =  ∑ ∑ 𝜒𝜒(BDMM𝑣𝑣 �(𝐶𝐶𝑟𝑟

(𝑛𝑛) + 𝑎𝑎, (𝐶𝐶𝑐𝑐
(𝑛𝑛) + 𝑏𝑏)) > 𝑇𝑇𝑔𝑔�

𝑤𝑤𝑐𝑐
𝑏𝑏=−𝑤𝑤𝑐𝑐

𝑤𝑤𝑟𝑟
𝑚𝑚=−𝑤𝑤𝑟𝑟

        (4)                        

BDMM_B
𝑤𝑤𝑟𝑟,𝑤𝑤𝑐𝑐,𝐶𝐶𝑟𝑟

(𝑛𝑛),𝐶𝐶𝑐𝑐
(𝑛𝑛)

𝑛𝑛𝑚𝑚𝑛𝑛−𝑚𝑚𝑚𝑚𝑚𝑚𝑖𝑖𝑚𝑚𝑛𝑛 =  ∑ ∑ 𝜒𝜒(BDMM𝑣𝑣 �(𝐶𝐶𝑟𝑟
(𝑛𝑛) + 𝑎𝑎, (𝐶𝐶𝑐𝑐

(𝑛𝑛) + 𝑏𝑏)) < 𝑇𝑇𝑔𝑔�
𝑤𝑤𝑐𝑐
𝑏𝑏=−𝑤𝑤𝑐𝑐

𝑤𝑤𝑟𝑟
𝑚𝑚=−𝑤𝑤𝑟𝑟

        (5)       
              

𝜒𝜒(𝜑𝜑) = �1, 𝑖𝑖𝑓𝑓 𝜑𝜑 𝑖𝑖𝑠𝑠 𝑇𝑇𝑎𝑎𝑇𝑇𝑇𝑇
0,𝑜𝑜𝑡𝑡ℎ𝑇𝑇𝑎𝑎𝑤𝑤𝑖𝑖𝑠𝑠𝑇𝑇 �. 

 
where  𝑇𝑇𝑙𝑙  and 𝑇𝑇𝑔𝑔 are the pre-determined thresholds to define maximum number of gradient 

pixels in the estimated optimal windows and the gradient magnitude, respectively.  The 𝑤𝑤𝑚𝑚𝑖𝑖𝑛𝑛 
and 𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚  are the minimum and maximum window sizes.  𝑛𝑛 is the iteration number and 
𝑁𝑁𝑟𝑟 × 𝑁𝑁𝑐𝑐 is the size of the BDMM. That is, for the current window size (𝑤𝑤𝑟𝑟

(𝑛𝑛−1),𝑤𝑤𝑐𝑐
(𝑛𝑛−1)), we 

find the center of the widow (𝐶𝐶𝑟𝑟
(𝑛𝑛),𝐶𝐶𝑐𝑐

(𝑛𝑛)) using  (2). Then, based on the updated center point, 
the maximum depth changes within the window are examined for all the possible window 
sizes using  (3) to update the window to (𝑤𝑤𝑟𝑟

(𝑛𝑛),𝑤𝑤𝑐𝑐
(𝑛𝑛)). Algorithm 1 provides the summary to 

determine a window size and BPoA location.  
 

Algorithm 1: Determination of the window size and its center to encapsulate BPoA. 
Input: Initial window size (𝑤𝑤𝑟𝑟

(0),𝑤𝑤𝑐𝑐
(0)) 

while ((𝑤𝑤𝑟𝑟
(𝑛𝑛−1),𝑤𝑤𝑐𝑐

(𝑛𝑛−1)) ≠(𝑤𝑤𝑟𝑟
(𝑛𝑛),𝑤𝑤𝑐𝑐

(𝑛𝑛))) 
           Calculate (𝐶𝐶𝑟𝑟

(𝑛𝑛),𝐶𝐶𝑐𝑐
(𝑛𝑛)) using  (4) 

           Update (𝑤𝑤𝑟𝑟
(𝑛𝑛),𝑤𝑤𝑐𝑐

(𝑛𝑛)) according to  (5)   (increase n by 1) 
end 
Output (𝐶𝐶𝑟𝑟 ,𝐶𝐶𝑐𝑐 ) (𝑤𝑤𝑟𝑟 ,𝑤𝑤𝑐𝑐 ) 

 
The red windows shown in Fig. 7 are the successfully detected BPoA𝑣𝑣  using the 2D 

projected maps of the High throw action. Where BPoA𝑓𝑓 shows the maximum depth variation 
in the front view and maximum depth change in the side and top view is illustrates in 
BPoA𝑠𝑠 and BPoA𝑚𝑚 respectively. The features extracted from BPoA are expected to improve 
the overall performance of HAR system compared to the features extracted from the whole 
human body used in [11, 13, 14]. In order to reduce large intra-class variability the size of each 
BPoA𝑣𝑣 is kept fixed to the mean value of all BPoA𝑣𝑣 under the same projection view [31]. In 
order to generate the features of an action sequence we arrange BPoA matrix (i.e. (2𝑤𝑤𝑟𝑟𝑣𝑣 +
1) × (2𝑤𝑤𝑐𝑐𝑣𝑣 + 1)) to a single column vector (i.e. 1 ×  (2𝑤𝑤𝑟𝑟𝑣𝑣 + 1)(2𝑤𝑤𝑐𝑐𝑣𝑣 + 1)) in raster-scan 
order for each view, BPoA𝑓𝑓 ∈ �𝑓𝑓1,𝑓𝑓2, … ,𝑓𝑓𝑛𝑛𝑓𝑓� ; BPoA𝑠𝑠 ∈ �𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑛𝑛𝑠𝑠�; BPoA𝑚𝑚 ∈

�𝑡𝑡1, 𝑡𝑡2, … , 𝑡𝑡𝑛𝑛𝑡𝑡�where the size of 𝑛𝑛𝑓𝑓 is �2𝑤𝑤𝑟𝑟
𝑓𝑓

 + 1) × (2𝑤𝑤𝑐𝑐
𝑓𝑓 + 1�, 𝑛𝑛𝑠𝑠 is �2𝑤𝑤𝑟𝑟𝑠𝑠  + 1) × (2𝑤𝑤𝑐𝑐𝑠𝑠 +

1� and 𝑛𝑛𝑚𝑚  is �2𝑤𝑤𝑟𝑟𝑚𝑚  + 1) × (2𝑤𝑤𝑐𝑐𝑚𝑚 + 1�. 
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                Front view      Side view      Top view 

                             𝐹𝐹1 = � 𝑓𝑓1,𝑓𝑓2, … ,𝑓𝑓𝑛𝑛𝑓𝑓   , 𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑛𝑛𝑠𝑠   , 𝑡𝑡1, 𝑡𝑡2, … , 𝑡𝑡𝑛𝑛𝑡𝑡  �
Τ
                                 (6) 

 
In (6) each view is concatenated to make a single feature vector 𝐹𝐹1 for a certain action 

sequence and here Τ shows the matrix transpose. The size of feature vector 𝐹𝐹1 is (𝑛𝑛𝑓𝑓 + 𝑛𝑛𝑠𝑠 +
𝑛𝑛𝑚𝑚) × 1. Hence, the final feature matrix 𝐹𝐹 comprises of feature vectors from all the action 
sequences. Each feature vector is arranged 
column-wise  𝐹𝐹 = � 𝐹𝐹1,𝐹𝐹2, … ,𝐹𝐹𝑚𝑚 � ∈ ℝ(𝑛𝑛𝑓𝑓+𝑛𝑛𝑠𝑠+𝑛𝑛𝑡𝑡) ×𝑚𝑚 , where 𝑝𝑝 is the total number of action 
sequences in a dataset. 

 

 
Fig. 7.  Determined optimal windows from each view (𝐵𝐵𝐷𝐷𝐷𝐷𝐷𝐷𝑓𝑓, 𝐵𝐵𝐷𝐷𝐷𝐷𝐷𝐷𝑠𝑠  and 𝐵𝐵𝐷𝐷𝐷𝐷𝐷𝐷𝑚𝑚) 

3.2 Rotation Forest 
The classification performance of HAR systems is also important. Note the accuracy of the 
action classification is to be improved by considering the conventional algorithms together. To 
achieve high classification accuracy, a group of classifiers (GoC) has been used such as 
Rotation Forest (RF) [32] instead of a single classifier. An efficient GoC system mainly 
consists of accurate and diverse base classifiers. Thus, a sample, which is misclassified by one 
base classifier, will be corrected by other ones and the final classification after all the GoC is 
more accurate than the individual best classifier [33].  

The RF approach has been proposed by Rodriguez et al. [34], and the concept of RF is to 
encourage both diversity and individual accuracy simultaneously within the GoC. In the RF, 
each classifier is independently constructed and trained on the training samples in a rotated 
feature space, which is derived from the PCA transformation. The RF performs much better 
than previous ensemble methods [33, 34]. In particular, RF is a newly proposed 
multi-classifier scheme, and the overall flow of the algorithm is described as follows: 

For each base classifier, training dataset 𝐹𝐹𝑇𝑇 is randomly split into 𝐾𝐾 subsets. Consider 𝐹𝐹𝑇𝑇 
be the input training samples of size �(𝑛𝑛𝑓𝑓 + 𝑛𝑛𝑠𝑠 + 𝑛𝑛𝑚𝑚) × 𝑝𝑝𝑇𝑇� matrix, where 𝑝𝑝𝑇𝑇 is the total 
number of training samples from all the action sequences. 𝑌𝑌𝑇𝑇 be the corresponding labels with 
dimensionality (𝑝𝑝𝑇𝑇 × 1) is defined as the class labels {1, … , 𝑙𝑙}, where 𝑙𝑙 is the total number of 
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classes. We split 𝐹𝐹𝑇𝑇 into 𝐾𝐾 disjoint subsets randomly, by assuming that each feature subset 
contains 𝐷𝐷 =  𝑝𝑝𝑇𝑇/𝐾𝐾  features. The steps for training the base classifiers  𝐸𝐸𝑖𝑖 , where  𝑖𝑖 =
 1, . . . ,𝑄𝑄 and 𝑄𝑄 is the number of base classifiers, are explained in the following [33]. 

• Split  𝐹𝐹𝑇𝑇 into  𝐾𝐾 disjoint subsets randomly, by assuming that each feature subset 
contains 𝐷𝐷 =  𝑝𝑝𝑇𝑇/𝐾𝐾 features. 

• Let 𝐹𝐹𝑇𝑇𝑖𝑖,𝑗𝑗 be the 𝑗𝑗𝑚𝑚ℎ, 𝑗𝑗 =  1, … ,𝐾𝐾, subset of features for the base classifier 𝐸𝐸𝑖𝑖. Also, let 
𝐹𝐹𝑇𝑇𝑖𝑖,𝑗𝑗

′  be a new training dataset, which is selected from 𝐹𝐹𝑇𝑇𝑖𝑖,𝑗𝑗 with the 75% size using 
bootstrap algorithm. Then, a linear transformation is applied as the PCA on 𝐹𝐹𝑇𝑇𝑖𝑖,𝑗𝑗

′  to get 

the coefficients 𝑇𝑇𝑖𝑖,𝑗𝑗
(1), … . . ,𝑇𝑇𝑖𝑖,𝑗𝑗

(𝑀𝑀𝑗𝑗)  , the size of each principal component 𝑇𝑇𝑖𝑖,𝑗𝑗 is 𝐷𝐷 × 1.  
• Construct a sparse rotation matrix 𝑅𝑅𝑖𝑖 with the obtained coefficients as follow (7):  

• 𝑅𝑅𝑖𝑖 =

⎣
⎢
⎢
⎢
⎢
⎡𝑇𝑇𝑖𝑖,1

(1),𝑇𝑇𝑖𝑖,1
(2) … . . ,𝑇𝑇𝑖𝑖,1

(𝑀𝑀1)       [0]1×𝑀𝑀2                  …                 [0]1×𝑀𝑀𝐾𝐾

[0]1×𝑀𝑀1  𝑇𝑇𝑖𝑖,2
(1),𝑇𝑇𝑖𝑖,2

(2) … . . ,𝑇𝑇𝑖𝑖,2
(𝑀𝑀2)      …                  [0]1×𝑀𝑀𝐾𝐾      

                                                                            
      ⋮                                    ⋮                           ⋱                     ⋮    

            [0]1×𝑀𝑀1                            [0]1×𝑀𝑀2               …  𝑇𝑇𝑖𝑖,𝐾𝐾
(1),𝑇𝑇𝑖𝑖,𝐾𝐾

(2) … . . ,𝑇𝑇𝑖𝑖,𝐾𝐾
(𝑀𝑀𝐾𝐾)

⎦
⎥
⎥
⎥
⎥
⎤

  (7)                   

• The columns of 𝑅𝑅𝑖𝑖  is rearranged with respect to the original feature set to obtain 
rotation matrix 𝑅𝑅𝑖𝑖𝑢𝑢. Then, the training set will become 𝐹𝐹𝑇𝑇𝑅𝑅𝑖𝑖𝑢𝑢. In this case, all classifiers 
are train in parallel. For a given test sample 𝒳𝒳 , let 𝑑𝑑𝑛𝑛,𝑚𝑚(𝒳𝒳𝑅𝑅𝑖𝑖𝑢𝑢) is the probability 
generated by the classifier 𝐸𝐸𝑖𝑖 to the hypothesis that 𝒳𝒳 belongs to class 𝑐𝑐 the confidence 
is calculated for each class by the average combination method as (8):  

𝜇𝜇𝑗𝑗(𝒳𝒳) = ∑ 𝑑𝑑𝑖𝑖,𝑗𝑗(𝒳𝒳𝑅𝑅𝑖𝑖𝑢𝑢)𝑄𝑄
𝑖𝑖=1  𝑤𝑤ℎ𝑇𝑇𝑎𝑎𝑇𝑇 𝑗𝑗 = 1, … , 𝑙𝑙                                  (8) 

Finally, 𝒳𝒳 will be assigned to the class with the largest confidence. The success of RF 
relies on the base classifier and the rotation matrix created by the transformation methods. 
Here, we selected k-nearest neighbour as the base classifier [35]. In [36], the authors compare 
the performance of different transformation algorithms (e.g., PCA, NDA, and RP) and found 
that PCA produced the best results. For more details about RF classifier reader may refer to 
[34]. 

4. Experimental result 

4.1 Experimental setup 
In this study, we evaluate our feature extraction method using MSR Action-3D dataset [21] 

and MSR DailyActivity3D dataset [28].  
The MSR Action-3D dataset is publically available and comprises of depth sequences, 

which are captured using depth sensor. The dataset has been recorded on ten volunteer 
subjects facing towards the camera for 20 different actions. During the recordings, each action 
was repeated 2-three times for each subject, thus, having significant intra-class variation. The 
size of each depth map is 320x240. To compare the proposed method with conventional ones 
[7, 8, 10, 11, 13, 14, 25] we follow the same experimental protocols as [7, 18, 22] by  dividing 
the 20 action types into 3 action subsets (i.e., AS1, AS2, and AS3) as shown in Table 1. Based 
on these subsets, three different kinds of tests (i.e., Test I, Test II, and Test III) are considered 
to analyse the overall performance using the proposed method. In Test I, 1/3 of the samples in 
each action is used for training while the rest are used for testing. In Test II, 2/3 of the samples 
in each action is used for training, and the rest are used for testing. In Test III (i.e., cross 
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subject test), 1/2 of the subjects in each action are used for training whereas the remaining 1/2 
subjects are used for testing. In Test I and Test II, actions performed by each subject in test 
data are seen in training data whereas in Test III actions performed by each subject in test data 
is not observed in training data. Moreover, using these three tests we perform under three 
experiments entitled as fixed test experiment (FTE), random test experiment (RTE) and 
cross-validation experiment. Furthermore, to test the recognition rate of proposed method with 
on 20 actions of MSR-Action3D dataset with [28-30], the protocol [28] is used.  

Another hand, the publically available MSRDailyActivity3D dataset contains sixteen 
activities. All subjects performed an activity into two different poses (i.e., stand pose and 
sitting on sofa pose). The MSR DailyActivity3D dataset is one of the challenging dataset in 
which it is very difficult to clear the background objects. 
 

 
Table 1. Three subsets of actions in MSR-Action3D dataset 

Action Set 1 (AS1) Action Set 2 (AS2) Action Set 3 (AS3) 

Horizontal wave (HW) High wave (HW) High throw (HT) 

Hammer (HAM) Hand catch (HC) Forward kick (FK) 

Forward punch (FP) Draw X (DX) Sidekick (SK) 

High throw (HT) Draw tick (DT) Jogging (JNG) 

Hand clap (HC) Draw circle (DC) Tennis swing (TSN) 

Bend (BND) Two hand wave (THW) Tennis serve (TS) 

Tennis serve (TS) Forward kick (FK) Golf swing (GS) 

Pickup throw (PT) Side Boxing (SB) Pickup throw (PT) 
 

4.2 The sensitivity of parameters 
A number of classifiers (𝑄𝑄) and feature sets (𝐾𝐾) are important parameters for the RF. Various 
studies show the reliability of the value of 𝐾𝐾 [37–39]. In [39], the value of 𝐾𝐾 has been set to 2 
when 𝐹𝐹 has less than 10 attributes and for more than 10 attributes they set 𝐾𝐾 =3. Several 
experiments has been conducted by Xia et al. [38] and the best results obtained by 
using 𝐾𝐾 =12. Furthermore, he concludes that for 𝐾𝐾 >10 the accuracy of the overall system 
slightly varies. For example; for  𝐾𝐾 = 50 discussed in Kotsiantis et al. [39], where the author 
suggested that the value of 𝐾𝐾 should be chosen based on of cost minimization criteria. Hence, 
there is no standard set to choose the value of 𝐾𝐾. In this paper, we have best possible results for 
all the experiments for K= 40. In addition, there is no literature review present to select the 
value of 𝑄𝑄. Some of the previous works, have been using fixed number a of group of classifiers 
while some for variable size of  𝑄𝑄  [40]. Rodrguez et al. [34] have used the fixed value 
of 𝑄𝑄 =10. In [36], author claims that RF shows good classification ranging from 1 to 10 on 
average. However, Xia et al. [38] have suggested few numbers of base classifiers for the best 
performance of RF. In [41], they did experiment using different values of 𝑄𝑄 ranging from 5 to 
100, where best accuracies have been achieved from 𝑄𝑄 =10 to 50. However, they also chose 
fixed value of 𝑄𝑄 for whole dataset. For our all experiments we used the fixed number of 
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classifier 𝑄𝑄 = 3 for classification of all the actions. Furthermore, we used k=3 for k-NN base 
classifiers.        
For this study, after several experiments the best results have been obtained for extracting a 
complete BpoA using there parameters such as :𝑤𝑤𝑚𝑚𝑖𝑖𝑛𝑛 = 8, 𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚 = 55, 𝑇𝑇𝑙𝑙 = 𝑤𝑤𝑑𝑑𝑣𝑣(2𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚 +
1)(2𝑤𝑤𝑚𝑚𝑚𝑚𝑚𝑚 + 1), 𝑤𝑤𝑑𝑑

𝑓𝑓 = 0.75,𝑤𝑤𝑑𝑑𝑠𝑠 = 1.25,𝑤𝑤𝑑𝑑𝑚𝑚 = 0.25,𝑇𝑇𝑔𝑔 = 0.06. It is noticed that these 
parameters are very sensitive for detecting optimal window size. For our experiments, the 
pixel values are normalized between 0 and 1 for each BPoA𝑣𝑣.  

4.3 Results and Discussion 
For three subsets setting of MSR Action-3D dataset, the recognition accuracies of the 
proposed HAR system was compared with the accuracies of the conventional methods which 
are obtained from [7, 8, 10, 11, 13, 14, 25]. Table 2 illustrates the comparison of proposed 
method with conventional methods using FTE. It is observed that performance of the proposed 
method for all tests in FTE is significantly better than conventional methods because BPoA 
considers only the maximum depth change while excludes the small variations in each action 
performed by the subjects. 
 

Table 2. Performance Comparison of FTE for MSR-Action3D dataset 
 

 Li et al. 
[7] 

Yang et 
al.[8] 

Vieira 
et 

al.[10] 

Yang et 
al.[11] 

Chen et 
al.[13] 

Chen et 
al.[14] 

Lu et 
al. [25] 

Our 
method 

Test I         
AS1 89.5 94.7 98.2 97.3 97.3 96.7 98.5 99.2 
AS2 89 95.4 94.8 92.2 96.1 100 96.7 100 
AS3 96.3 97.3 97.4 98 98.7 99.3 96.5 100 

Average 91.6 95.8 96.8 95.8 97.4 98.7 96.2 99.7 
Test II                 

AS1 93.4 97.3 99.1 98.7 98.6 100 98.6 99.3 
AS2 92.9 98.7 97 94.7 98.7 100 97.2 99.1 
AS3 96.3 97.3 98.7 98.7 100 100 94.9 100 

Average 94.2 97.8 98.3 97.4 99.1 100 97.2 99.4 
Test III                 

AS1 72.9 74.5 84.7 96.2 96.2 98.1 88 98.2 
AS2 71.9 76.1 81.3 84.1 83.2 92 85.5 94.6 
AS3 79.2 96.4 88.4 94.6 92 94.6 63.6 96.8 

Average 74.7 82.3 84.8 91.6 90.5 94.9 79 96.5 
 

Table 3 shows that the recognition rates of our proposed BPoA based feature extraction 
approach are much higher for all the tests as compare to the conventional DMM based feature 
extraction method [13] for RTE experiment. Confusion matrix of RTE for Test III is shown in 
Fig. 8, which illustrates that the recognition rates are improved as compared to a previous 
method [13].  
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Table 3. Performance Comparison of Random Test for MSR-Action3D dataset 
 

 Chen et al. 
[13] Our method 

Test I 
AS1 

 
97.4 

 
99.1 

AS2 96.1 98.4 

AS3 97.7 98.5 

Average 97.1 98.6 

Test II   

AS1 98.5 99.2 

AS2 97.8 98.6 

AS3 98.9 99.7 

Average 98.4 99.1 

            Test III  
  

AS1 84.8 92.7 

AS2 67.8 82.2 

AS3 87.1 88.7 
Average 79.9 87.8 

 
 

Table 4 provides experiment results of DMM features with RF classifier to verify the 
performance improvement of this classifier. The results illustrated in Table 4 (only RF) and 
Table 3 (new feature BPoA and RF) show that robust feature representation of an action has 
an equal importance with selecting a suitable classifier. BPoA covers the most important 
features of each action that further supported by the RF classifier. 

 
 

Table 4.  Performance Comparison of Random Test for MSR-Action3D dataset 
 

 Chen et al. 
[13] 

Chen et al. [13] 
using RF classifier Our method 

Test I 
AS1 

 
97.4 

 
98.1 

 
99.1 

AS2 96.1 96.9 98.4 

AS3 97.7 98.2 98.5 

Average 97.1 97.73 98.6 
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Test II    

AS1 98.5 98.7 99.2 

AS2 97.8 98.3 98.6 

AS3 98.9 99.3 99.7 

Average 98.4 98.76 99.1 

            Test III  
 

  

AS1 84.8 85.3 92.7 

AS2 67.8 68.5 82.2 

AS3 87.1 87.9 88.7 
Average 79.9 80.6 87.8 

 
We further conducted cross-validation experiments to show that our method does not 

depend on any specific training data. By considering all the 252 combinations, we choose 5 
out of 10 subjects for training and remaining subjects for testing.  As a result, Table 5 shows 
that our method achieves an accuracy of 93.1 %, which is higher than the previous methods. 

 
Table 5. The performance of our method on MSR Hand Action 3D dataset, compared to previous 

methods using cross-validation 
Method Mean accuracy % ± STD 

HON4D [22] 82.2 ± 4.2 
Rahmani et al. [23] 82.7 ± 3.3 

Tran et al.[24] 84.5 ± 3.8 
Chen et al.[14] 87.9 ± 2.9 

Our proposed method 93.1 ± 2.5 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
(a) 

 
 

 HTW HAM FP HT HNC BND TS PT 

HTW 100 0 0 0 0 0 0 0 

HAM 0 85.6 14.4 0 0 0 0 0 

FP 0 3.2 84.3 5.7 0 0 6.8 0 

HT 0 0 0 100 0 0 0 0 

HNC 0 0 0 0 100 0 0 0 

BND 0 0 0 0 0 100 0 0 

TS 0 0 0 0 6.1 0 86.3 7.6 

PT 0 9.5 0 0 0 0 5.3 85.2 
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(b) 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(c) 
 

Fig. 8.  Confusion matrix for RTE  a) AS1.  b)AS2. c) AS3 
HW= High wave, HTW= Horizontal wave, HAM= Hammer, HC= Hand catch, FP= Forward punch, 
HT= High throw, DX= Draw X, DT= Draw tick, DC= Draw circle, HNC= Hand clap, THW= Two 

hand wave, SB= Side boxing, BND= Bend, FK= Forward kick, SK= Sidekick, JNG= Jogging, TNS= 
Tennis swing, TS= Tennis serve, GS= Golf swing, PT= Pickup throw. 

 
 

Fig. 9 and Table 6 show the confusion matrix and performance comparison, respectively.  
Similar with three subsets setting of more challenging setting, which employed 20 actions of 
MSRActions3D, results show that the proposed human action recognition architecture 
outperformed several well-known methods. 

 

 HW HC DX DT DC THW FK SB 

HW 93.2 0 0 0 6.8 0 0 0 

HC 7.5 71.1 11.5 9.9 0 0 0 0 

DX 0 5.6 70.4 8.6 8.7 6.7 0 0 

DT 0 13.2 7.2 66.9 12.7 0 0 0 

DC 0 0 13.4 11.5 75.1 0 0 0 

THW 8.5 10.8 0 0 0 80.7 0 0 

FK 0 0 0 0 0 0 100 0 

SB 0 0 0 0 0 0 0 100 

 HT FK SK JNG TSN TS GS PT 

HT 90.6 0 0 0 0 0 0 9.4 

FK 0 91.2 8.8 0 0 0 0 0 

SK 0 0 100 0 0 0 0 0 

JNG 0 0 0 100 0 0 0 0 

TSN 0 0 0 0 83.3 16.7 0 0 

TS 0 0 0 0 12.5 78.2 0 9.3 

GS 0 0 0 0 16.6 0 83.4 0 

PT 4.9 0 0 0 6.3 5.9 0 82.9 
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Fig. 9.  Confusion matrix using the protocols [37] for MSR-Action3D dataset 

 
 

Table 6. Performance Comparison of protocols [28] for MSR-Action3D dataset 
 

Method Recognition rate % 
Actionlets [28] 88.20  

Points in a lie group [29] 89.48 
LM3 TL [30] 90.53 

Our proposed method 93.84 
 

The accuracy evaluation of the proposed method using MSRDailyActivity3D dataset [28] 
is compared with only joints position features [28], moving pose features [42] which worked 
on body pose information as well as differential quantities of the human body joints and 
HON4D [22]. Table 7 shows that recognition rates of our proposesd method compared to 
conventional methods . The results suggest that proposed method has significantly 
outperformed the conventional methods. However, it is also noticed that recognition rate of 
HON4D is slight higher than the proposed method. This is because the proposed BPoA 
method does not perform well with the activities where there is the interaction of human 
activity with different things such as read book, write on paper, and play guitar in which it is 
very difficult to clear the background objects.  
 

Table 7. Accuracy evaluation of proposed and conventional methods using MSRDailyActivity3D 
dataset 

Method Recognition rate % 
Only Joints position features [28] 68 ± 5% 

Moving pose [42] 73.8 ± 2% 
Our proposed method 76.3 ± 3% 

HON4D[22] 80 ± 2% 
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In spite of  these limitations, the overall performance of our proposed method shows that 

BPoA produces more prominent features as compared to state-of-the-art methods 

     5. Conclusion 
In this paper, we present a computationally efficient BPoA based feature extraction method for 
action recognition system using RF classifier. An optimal size window encapsulates BPOA 
from each DMM and discards the remaining regions (i.e., BPoNA). Experimental results on 
MSR Action 3D dataset demonstrates that the performance of proposed HAR system achieves 
the mean recognition rate of 98% for Fixed Test, 88% for Random Test, and 93.1% with 
cross-validation experiment, which outperform the existing state-of-the-art methods. 
Furthermore, we observe that generating feature vector using BPoA is more compact and 
separable as compare to the feature extraction methods in previous systems. The processing 
time of the proposed HAR system is slightly longer, but the performance increases to 5% as 
compared to the existing systems. Thus, it is possible to use the proposed system for many 
real-time applications including healthcare systems, automatic video surveillance, and smart 
homes.   
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