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Human Action Recognition Via Multi-modality Information 
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Abstract – In this paper, we propose pyramid appearance and global structure action descriptors on 
both RGB and depth motion history images and a model-free method for human action recognition. In 
proposed algorithm, we firstly construct motion history image for both RGB and depth channels, at the 
same time, depth information is employed to filter RGB information, after that, different action 
descriptors are extracted from depth and RGB MHIs to represent these actions, and then multimodality 
information collaborative representation and recognition model, in which multi-modality information 
are put into object function naturally, and information fusion and action recognition also be done 
together, is proposed to classify human actions. To demonstrate the superiority of the proposed 
method, we evaluate it on MSR Action3D and DHA datasets, the well-known dataset for human action 
recognition. Large scale experiment shows our descriptors are robust, stable and efficient, when 
comparing with the-state-of-the-art algorithms, the performances of our descriptors are better than that 
of them, further, the performance of combined descriptors is much better than just using sole 
descriptor. What is more, our proposed model outperforms the state-of-the-art methods on both MSR 
Action3D and DHA datasets. 
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1. Introduction 
 

Human action recognition is a hot research topic in the 
field of computer vision and machine learning in the recent 
years and has been widely applied in many domains, such 
as visual surveillance, human computer interaction and 
video retrieval etc. In the past decades, researcher mainly 
focused on video sources captured by traditional RGB 
cameras, and the-state-of-art methods [1-6] can obtain 
satisfying performance on well-known benchmarks, such 
as Weizmann [2] and KTH [4]. Motion history image 
(MHI) [1-2] and spatio-temporal interest points methods 
[3-6] have been extensively used for action representation. 
In order to precisely capture the appearance and motion of 
the target, we often need to segment the target from the 
background. Similarly, when we extract spatio-temporal 
interest points, some of them might locate in the background 
regions, which will be noise for the representation of the 
target. Therefore, researchers often need the contour of the 
target to filter noisy interest points. However, in traditional 
RGB videos, it is extremely challenging to quickly and 
reliably detect, segment and track human body especially 
with low illumination and consequently most of state-of-art 
approaches would fail. 

As the imaging technique advances, e.g. the launch of 

Microsoft Kinect, it has become possible to capture both 
color images and depth maps in real time with RGB-D 
sensors. Fig. 1 shows the inner structure of Kinect sensor, 
and Fig. 2 shows the outputs of Kinect sensor in which 
RGB image and depth map are given respectively. From 
Fig.2, it is intuitive that we can much more easily obtain 
silhouette of one person with the depth map, which would 
provide rich shape information for human action 
recognition. Many researchers have been engaged in 
leveraging depth information to identify actions. Space-
time volume in depth and simple descriptors [7] were 
extracted for action representation, and then approximate 
string matching (ASM) was utilized for classification. Li et 
al. [8] proposed a bag-of-3D-points or 3D silhouettes 
method to represent postures by sampling 3D points from 
depth maps, and then an action graph was then adopted to 
model the sampled 3D points for action recognition.  

 

 

Fig.1. Kinect consists of Infrared (IR) projector, RGB 
camera and IR camera 
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Fig.2. from left to right: RGB image, depth map, and 0-1 
mask of human silhouettes of bending 

 

 
Fig.3. General framework of the proposed approach 

 
These descriptors usually focus on depth channel 

captured by Kinect, and ignore RGB information. However, 
RGB and depth information represent the target object by 
two different modalities, and consequently may have 
certain complementary characteristics each other. 
Therefore, it is important to fuse both these information 
for discriminative feature representation and action 
recognition. In this paper, we propose pyramid appearance 
and global structure descriptors on both RGB and depth 
motion history images for human action representation. 
Furthermore, we propose multi-modality information 
collaborative representation and recognition model for 
the fusion of multiple sources. The generalization ability 
of MMCRR can be easily extended by simply adding 
new action video as bases and information fusion and 
recognition can be realized naturally in our model. Fig.3 
displays the general framework of the proposed method. 

The rest of the paper is structured as follows. In Section 
2 the related work is introduced, and then human action 
representation is detailed. In Section 4 we present the 
multi-modality information collaborate representation 
and recognition model. The experimental evaluation and 

discussion are illustrated in Section 5 and conclusions are 
given in Section 6. 

 
 

2. Related Work 
 
According to the sensor types, the previous works can be 

divided into two classes: action recognition based on RGB 
camera and action recognition based on depth camera. In 
the past decades, most of researchers mainly focused on 
analyzing video sources captured by RGB cameras, and the 
state-of-the-art schemes could be roughly divided into 
three classes: 1) human silhouette-based method: Modeling 
the human body by a convex polygon-based star figure and 
gaussian mixture model was proposed [9]; Bobick and 
Davis [1] adopted temporal template-- motion energy 
image (MEI) and motion history image (MHI) to describe 
the actions and then the similarity matching schemes were 
adopted to classify actions; Gorelick et al. [2] regarded 
human actions as three dimensional shapes induced by the 
silhouettes in the space time volume, and then utilized 
properties of the solution to the poisson equation to extract 
space-time features such as local space-time saliency, 
action dynamics, shape structure and orientation; 2) 
temporal inference model-based method: Wang et al. [11] 
utilized hidden conditional random fields (HCRF) to take 
advantage of the spatiotemporal context to model the 
latent dynamics of human behavior. Wang and Mori [12-
13] developed HCRF and max-margin hidden conditional 
random fields (MM-HCRF) to recognize actions; Shi et al. 
[14] proposed semi-markov model to discover the local 
structure during the complicated action sequence; 3) 
spatio-temporal interest point-based method: Various 
robust spatio-temporal interest point detectors and 
descriptors were proposed in [3-6, 16-18], where the 
authors extracted spatio-temporal interest points based 
on different rules, and then adopted a bag-of-word (BoW) 
scheme to represent and normalize these points, after that, 
SVM classification model was employed for action 
modeling. For example, Laptev et al. [5] proposed a 3D 
Harris corner detector by extending 2D Harris corner 
detectors, to detect compact and distinctive interest 
points, which have high intensity variations in both 
temporal and spatial dimensions. However, experimental 
results discovered that the variations in all three 
dimensions were very rigorous and thus very few interest 
points were produced. Dollar et al. [3] utilized temporal 
context to detect periodic frequency components by 
employing Gabor filters and therefore could find much 
more interest points than the approach in [5]. Although 
they declared that points with strong periodic responses 
usually included enough discriminated characteristics, it 
was still very difficult for them to represent complex 
actions since human motions are very complicated. Chen et 
al. [6] proposed MoSIFT detector and descriptor, in which 
the famous local interest point algorithm was adopted to 
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detect visually remarkable areas in the spatial domain, and 
then these candidate interest points were reserved with the 
motion constraints. 

Although these algorithms have obtained good 
performance, the previous related works mainly focused 
on analyzing video sources captured by RGB camera. 
Recently, many researchers are paying attention to action 
recognition with depth information [7-8, 20, 22]. For 
example, Lin et al. [7] proposed several kinds of 
descriptors based on the constructed space-time volume 
on depth modality, and then employed approximate string 
matching for classification. Wang et al. [20] employed 
both the depth and skeleton information to construct the 
actionlet ensemble model for action recognition. Li et al. 
[8] proposed a bag-of-3D-point to represent postures by 
sampling 3D points from depth maps, and then employed 
action graph to model these points to realize action 
recognition. Their experimental results on MSR Action3D 
dataset demonstrated that 3D silhouettes from depth 
sequence are much helpful for action recognition than 2D 
silhouettes. Megavannan et al. [22] extracted motion 
history images for representation and then trained SVM 
classifier for decision. Different from these model-based 
methods, some authors have proposed a model-free method 
for human action recognition via sparse representation [23-
25]. Sparse representation and classification (SRC) [26] 
has been proposed firstly for face recognition, in which 
SRC codes a testing sample as a sparse linear combination 
of all the training samples, and then classifies the testing 
sample by evaluating which class leads to the minimum 
representation error. Similar to SRC, the philosophy of the 
proposed method in [23-25] is to decompose each video 
sample containing one kind of human actions as a 1l sparse 
linear combination of several video samples containing 
multiple kinds of human actions. The main idea is that the 
coefficients in such a sparse decomposition reflect the 
point’s neighborhood structure, providing better similarity 
measures among the decomposed data point and the rest of 
the data points. After that, Zhang et al. [27] discussed the 
role of 1l -norm and 2l -norm respectively, and then 
concluded that the sparsity in SRC was not so important, 
and collaborative representation and classification (CRC) 
played much more important roles.  

 
 
3. Low Level Multi-modality Human Action 

Representation 
 
In order to encode the dynamics of human silhouettes 

during one action, RGB and depth motion history image is 
constructed firstly, and then two kinds of action descriptors 
are extracted. 

 
3.1 Low level RGB motion history image 

 
Motion history images (called MHI) [1], in which the 

dynamic silhouettes are accumulated and encoded, has 
been widely used to describe human motion. However, it 
is necessary to segment targets from the background for 
MHI representation, which itself is nontrivial and 
difficult. Thus, in the construction of MHI, we often make 
no discrimination for all pixels in RGB image which will 
have negative impacts for the discriminative ability of 
MHI. The second column in Fig. 4 shows the sample of 
traditional MHI. It is obvious that MHI is not clear and 
distinctive enough to describe the motion shape. Fortunately, 
depth information is very useful to detect the target, and we 
can adopt depth information to detect the target and filter 
those static noise pixels, thus, we can more easily capture 
the target motion process. 

In details, RGB image is first pixelwisely multiplied by 
the corresponding depth image, and then the maximum and 
minimum values of each pixel in video sequence are 
calculated. Human motion history image on RGB modality, 
(called RDMHI) is obtained by the subtraction between 
maximum and minimum image pixels. The third and fourth 
columns in Fig.4 show their results. The definition of the 
processing is given as follows: 

 
( , , ) ( , , )* ( , , ), [1... ]rd i j t r i j t d i j t t N= ∈  (1) 

max ( , ) max{ ( , , ) : ( , , ) 0, [1... ]}RD i j rd i j t rd i j t t N= ≠ ∈ (2) 

min ( , ) min{ ( , , ) : ( , , ) 0, [1... ]}RD i j rd i j t rd i j t t N= ≠ ∈  (3) 

max min( , ) ( , ) ( , )RDMHI i j RD i j RD i j= −  (4) 
 
where i and j is the horizontal and vertical pixel index, t is 
frame index, and N is the total frame number of an action 
sequence, ( , , )d i j t  and ( , , )r i j t  is the pixel depth value 
and RGB value in t frame respectively. ( , , )r i j t  is filtered 
by ( , , )d i j t , and then ( , , )rd i j t is produced. max ( , )RD i j  
and min ( , )RD i j  are maximum and minimum images 
respectively, and ( , )RDMHI i j is RGB motion history 
image filtered by depth information. 

 
3.2 Low level depth motion history image 

 
Depth information is usually very helpful for foreground 

segmentation because the object often move within a 
certain distance to the camera. Therefore a suitable 
threshold depth value can be set to remove the background 
in depth image. We proposed depth motion history image 
for depth motion image sequence to represent the spatial 

   
Fig. 4. from left to right columns: RGB Image, traditional 

MHI, RGB filtered by depth and RDMHI of jacking
action respectively 
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and temporal information about an action.  
Supposed there is a depth image sequence 1{ }N

i iS f == and 
then maximum and minimum motion energy for each pixel 
in this sequence is calculated, after that the difference 
between maximum and minimum images is computed. The 
details are given as follows:  
 

max min( , ) ( , ) ( , )DMHI i j = d i j d i j−  (5) 

max ( , ) max{ ( , , ), ( , , ) 0 (1 ~ ) 2}d i j d i j t d i j t t N N= ≠ ∈ ≥  (6) 

min ( , ) min{ ( , , ), ( , , ) 0 , (1 ~ ), 2}d i j d i j t d i j t t N N= ≠ ∈ ≥  (7) 
 
where i and j is pixel index, t is frame index, and N is the 
total frame number of an action sequence, ( , , )d i j t is pixel 
depth value in t frame. DMHI image can not only conveys 
important shape and motion characteristics of a human 
movement, but also filter most of background pixels. Fig. 5 
shows the corresponding RGB, depth map and depth 
motion history images respectively. 

 
3.3 Low level visual representation 

 
After obtaining DMHI and RDMHI, we need to design 

discriminative descriptors to represent the actions. In this 
paper, we propose two kinds of visual features, 
representing the characteristics of appearance and structure 
in pyramid manner. 

 
3.3.1 DMHI-AHB and RDMHI-AHB Descriptors 

 

We first extract a rectangular bounding box of one action 
in DMHI and RDMHI images, and then divide the 
bounding box in pyramid manner into 8*8, 4*4, 2*2, 2*1 
and 1*2 blocks respectively. Average value in each 
hierarchical block (abbreviated as AHB) is calculated for 
local appearance representation and finally concatenated 
for the representation of DMHI and RDMHI. These 
descriptors are separately named as DMHI-AHB and 
RDMHI-AHB descriptors respectively. Fig. 6 shows one 
sample of the construction of pyramid structure in DMHI. 

 
3.3.2 DMHI-Gist and RDMHI-Gist Descriptors 

 
The orientation and scale information are helpful for 

feature representation because people often perform the 
same actions with different orientations and different 
distances. Though a lot of perceptual experiments, Oliva et 
al. [28] proposed that perceptual dimensions (naturalness, 
openness, roughness, expansion, ruggedness) were very 
important for scene representation and they also employed 
the different scales and orients filter to compute these 
perceptual dimensions, in which each dimension depicted a 
meaningful property of the space of the scene. Motivated 
by this work, we regard that Gist descriptor is helpful for 
our task. In fact, DMHI and RDMHI images can be 
considered as different scenes in which naturalness, 
openness, roughness, expansion and ruggedness are very 
different. For example, the roughness dimension of two 
hands waving will be much bigger than that of one hand 
waving, the openness dimension of running will be larger 
than that of jumping. Thus, after obtaining DMHI and 
RDMHI, the Gist descriptor is adopted, called DMHI-
GIST and RDMHI-GIST descriptors respectively. In 
these descriptors, four scales and eight orients filter are 
employed, and then each filtered DMHI and RDMHI is 
divided into 4*4 blocks, and average value of each block is 
computed, thus, the vector of DMHI-GIST and RDMHI-
GIST descriptors are 512 dimensions.  

Since DMHI-Gist and DMHI-AHB describe local 
appearance and global structure respectively, they are 
complementary to each other and consequently DMHI-
Gist descriptor can be combined with DMHI-AHB 
descriptor by feature concatenation end by end to form 
DMHI-AHB-DMHI-Gist descriptor, and the similar 
scheme is employed to other descriptors. 

 
 
4. Multi-modality Information Collaborative 

Representation and Recognition Model 
 
Since we can simultaneously obtain RGB and depth 

information, thus, we not only need to construct robust and 
efficient descriptors, but also need to consider how to 
combine these features for model learning. Sparse signal 
representation has been proven to be an extremely 
powerful tool for acquiring, representing, and compressing 

   
Fig. 5 From left to right: RGB Image, Depth Map and

DMHI of jacking action 

   

   
Fig. 6. Sample of the construction of pyramid structure in

DMHI 
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high-dimensional signals. This success is mainly due to the 
fact that important classes of signals such as audio and 
images have naturally sparse representations with respect 
to fixed bases (i.e., Fourier, Wavelet), or concatenations of 
such bases. Moreover, efficient and provably effective 
algorithms based on convex optimization or greedy pursuit, 
are available for computing such representations with high 
fidelity. Thus, motivated by this, we propose multi-
modality information collaborative representation and 
recognition (MMCRR) model, which not only inherits the 
advantage of CRC, but also puts feature fusion and 
recognition into the object function. By this way, we can 
mine the relationship between color and depth information 
naturally. Supposed there are k  action classes and n  
training samples, and let 1 2[ , ... ]kA A A A=  be the set of 
training samples where iA is the subset of training samples 
from the i-th  action class, at the same time, we also assume 
that iG  and iH  are two different modality features 
extracted from the ith  training sample, and iF  is their 
fused feature. 1 2[ , ... ]D nD G G G= , 1 2[ , ... ]R nD H H H= and 

1 2[ , ... ]C nD F F F=  are the dictionary of depth, color and 
their fused feature respectively.  

Given a test sample y , we first extract color and depth 
modality features, marked as dy and ry respectively, and 
their fused feature is named cy . Denote by x the coding 
coefficient of y over RD , DD or CD , such that *d Dy D x≈ . 
The proposed MMCRR model can be formulated as: 

 

 
2 2

1 2 2 2

2
3 2 4 2

|| || || ||
ˆ arg min

|| || || ||
d D r R

x
c C

y D x y D x
x

+ y D x x

λ λ

λ λ

⎧ − + − ⎫⎪= ⎨ ⎬
− + ⎭⎪⎩

 (8) 

 
where 1, 2ˆ ˆ ˆ ˆ[ , ,... ]nx x x x= , ˆix  is the coefficient vector 
associated with class i , and iλ  is a scalar constant which 
controls the weight of each term. In the object function, it 
is constructed by four stems: I) Fidelity term: The top three 
stems are adopted to measure the fitting error in different 
aspects respectively. They can naturally mine respective 
advantages of different modality features, and enforce the 
test sample reconstruction with linear combination. II) 
Collaborative term: the last stem is utilized to induce the 
collaborative representation. When all four terms are 
employed, the reconstruction coefficients in x̂  correspon-
ding to the class associated with the test sample are non-
zero, but the other coefficients are almost zero, thus, it will 
be very useful to classify. As the object function in Eq. (8) 
is convex and differentiable in x̂ . Except for turning to any 
gradient decent algorithm for optimization, we derive the 
analytical solution as: 
 

 
1

2 3 4

2 3

ˆ [ ]

*[ ]

T T T
1 D D R R C C

T T T
1 D d R r C c

x D D D D D D I

D y D y D y

λ λ λ λ

λ λ λ

−= + + +

+ +
 (9) 

 
Thus, in the computing of x̂ , we just need matrix 

operation, which can be completed in real time. After 

collaborative representation, the reconstruction error ie  
associated with ith class can be calculated with ˆix the 
coefficient vector associated with this class, and the 
formulation in (10) can be further used for human action 
recognition by choosing the action class with the 
minimum ie . 

 
( ) arg min( )i

i
identify l e=

 

 
2 2

1 2 2 r 2
2

3 2 4 2

ˆ ˆ|| || || ||
ˆ ˆ+ || || || ||

i d D R

c C

e y D x y D x

y D x x

λ λ

λ λ

= − + −

− +
 (10) 

 
 

5. Experimental Evaluation and Analysis 
 
We choose MSR- Action3D dataset and DHA dataset to 

evaluate the proposed depth and RGB descriptors using 
SVM and CRC model respectively, and then MMCRR 
model for action recognition are assessed. In all 
experiments, we adopt average accuracy as evaluation 
criterion. The parameters in CRC and MMCRR model 
were selected by cross validation within the range of [1, 10-

1, 10-2, 10-3 and 10-4]. 
 

5.1 Action dataset 
 
MSRACTION3D dataset[8]：It is an action dataset of 

depth sequences captured by a depth camera. This dataset 
contains twenty actions, and each action was performed by 
ten subjects for three times. The frame rate is 15 frames per 
second and the resolution is 640×480. In total, the dataset 
has 23797 frames of depth map for 402 action samples.  

In order to facilitate a fair comparison, we follow the 
same experimental settings as [8] to split 20 action 
categories into three subsets, and the details are given in 
Table 1. For each subset, there are three different test 
schemes, i.e. Test One (One), Test Two (Two), and Cross 
Subject Test ( CrSub ), whose details can be found in [8].  

DHA dataset: In this dataset [7], it contains 17 action 
categories: (1) bend, (2) jack, (3) jump, (4) one-hand-wave, 
(5) pjump, (6)run, (7)side, (8) skip, (9) two-hand-wave, 
(10) walk, (11)clap-front, (12) arm-swing, (13) kick-leg, 
(14) pitch, (15) swing, (16) boxing and (17) tai-chi, and 
each action was performed by 21 people (12 males and 9 
females), such that there are totally 357 videos in DHA 
dataset, each with both the color and depth data recorded. 

Table 1. Three subsets of actions in MSRAction3d dataset 

AS1 AS2 AS3 
horizontal arm wave 

hammer 
forward punch 

high throw 
hand clap 

bend 
tennis serve 

pick up & throw 

high arm wave 
hand catch 

draw x 
draw tick 

draw circle 
two hand wave 
forward kick 
side-boxing 

high throw 
forward kick 

side kick 
jogging 

tennis swing 
tennis serve 
golf swing 

pick up & throw 
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Although the background in DHA dataset is relative clean, 
there are some similar actions which will be very difficult 
to recognize. In addition, Lin et al. [7] divided DHA 
dataset into two parts, but in our previous work [29], we 
had discussed the evaluation protocol of action recognition, 
and the leave-one-person-out method should be much more 
reasonable. Thus, we will utilize the leave-one-person-out 
protocol, and the average accuracy is employed. 

 
5.2 Performance evaluation of depth descriptors 

 
We will evaluate our depth descriptors on MSRAC-

TION3D dataset and DHA dataset with different 
classification models respectively. We also compare their 
performances with translation, scale and orientation invariant 
Hu moments and Gabor feature. In order to compare fairly, 
all experimental settings are the same. In order to describe 
conveniently, when 7 Hu moments, Gabor, AHB and 
Gist features are extracted from DMHI, we marked them 
as DMHI-Hu, DMHI-Gabor, DMHI-AHB and DMHI-
Gist respectively. Their performances are given in Table 2 
and Table 3.  

From them, we can see that no matter what kinds of 
models are used, the performances of DMHI-AHB and 
DMHI-Gist descriptors are much better than that of 

DMHI-Hu and DMHI-Gabor descriptors on all three 
different datasets. Especially, DMHI-Gist descriptor 
achieves the best performance when CRC and SVM 
models are employed.  

In addition, we also evaluate our proposed descriptors 
further on DHA dataset, and its performance is shown in 
Fig. 7. From it, we can know that when DMHI-AHB 
descriptor is extracted, its performance reaches about 80%. 
When DMHI-Gist descriptor is used, its accuracy achieves 
about 85%. Further, the performances of DMHI-AHB and 
DMHI-Gist descriptors are also much better than DMHI-
Hu and DMHI-Gabor descriptors regardless of what kind 
of different models are trained.  

 
5.3 Performance evaluation of RGB descriptor 

 
When obtaining RGB MHI, we often need to detect and 

segment the foreground target for each frame, as the 
background change or camera move will affect the target 
motion process. However, in real conditions, it will be very 
difficult for us to detect and segment the target. Lucky, 
with the launch of Microsoft Kinect, it will be possible for 
us to make it true, as Kinect can provides additional 
skeleton point information and depth information, thus, we 
can much more easily detect and segment the target 
according to skeleton point information and depth 
information. In order to prove it, we make the experiments 
on DHA dataset to compare the Gist features extracted 
from RGB MHI (RMHI-GIST) and RDMHI (RDMHI-
GIST). Table 4 shows that when depth information is used 
to obtain the foreground target, the performance of Gist 
descriptor is 0.894 otherwise its performance just reaches 
0.675. Therefore, the depth information is very helpful.  

In order to further assess our proposed descriptors, SVM 
model with different kernels and CRC model are estimated. 
At the same time, we also compare with the-state-of-art 
schemes, and their performances are provided in Fig. 8. 
From it, we can understand that RDMHI-AHB and 
RDMHI-Gist descriptors are much better than that of 
RDMHI-Hu and RDMHI-Gabor descriptors regardless of 
what kinds of models are engaged.  

Table 2. Performance comparison on MSRAction3d dataset 
when SVM model and different descriptors are 
employed 

SVM (RBF) DMHI-Hu DMHI-Gabor DMHI-AHB 
AS1One 0.65 0.66 0.90 
AS2One 0.61 0.50 0.91 
AS3One 0.65 0.59 0.87 
AverOne 0.64 0.58 0.89 
AS1Two 0.72 0.76 0.96 
AS2Two 0.64 0.76 0.93 
AS3Two 0.72 0.73 0.95 
AverTwo 0.69 0.75 0.95 
AS1CrSub 0.61 0.51 0.69 
AS2CrSub 0.41 0.50 0.80 
AS3CrSub 0.51 0.53 0.71 

AverCrSub 0.51 0.51 0.73 
 

Table 3. Performance comparison on MSRAction3d dataset 
when CRC model and different descriptors are 
adopted 

CRC DMHI-Hu DMHI-Gabor DMHI-AHB DMHI-Gist
AS1One 0.14 0.56 0.85 0.90 
AS2One 0.13 0.57 0.86 0.95 
AS3One 0.13 0.51 0.84 0.90 
AverOne 0.13 0.55 0.85 0.92 
AS1Two 0.17 0.78 0.93 0.99 
AS2Two 0.13 0.74 0.90 0.97 
AS3Two 0.11 0.72 0.94 0.98 
AverTwo 0.14 0.75 0.93 0.98 

AS1CrSub 0.20 0.50 0.82 0.85 
AS2CrSub 0.13 0.44 0.72 0.73 
AS3CrSub 0.23 0.56 0.88 0.88 
AverCrSub 0.187 0.50 0.807 0.82 

Fig. 7. Performance comparison on DHA dataset when 
different descriptors and different models are used 
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Table 4. Performance comparison on DHA dataset whether 

the depth is employed or not 

Feature Accuracy (SVM-RBF) 
RMHI-GIST 0.675 

RDMHI-GIST 0.894 
 

 
Fig. 8. Performance comparison on DHA dataset when 

different descriptors and models are employed 
 
From above evaluation and analysis, we can conclude 

that our proposed descriptors can achieve much better 
performance than the-state-of-the-art schemes in depth and 
RGB modalities no matter what kind of models are 
employed. What is more, the performance of RGB 
information can be improved with the help of depth 
information. 

 
5.4 Performance evaluation of MMCRR model 

 
As different descriptors and different modalities have 

some complement each other, it would be helpful for action 
recognition by fusing all of them. In addition, the 
traditional recognition algorithms do not have good 
generalization, and when new data are added, the model 
needs to be retrained. The proposed MMCRR model 
allows more flexibility for modeling since the bases for it 
can be dynamically changed. Therefore, feature 
representation, fusion, and classification can be done 
together.  

In order to evaluate the performance of MMCRR, we 
performed the experiments on MSRACTION3D and 
DHA datasets, and the direct fusion scheme (two different 
features are directly concatenated end by end) is also 
assessed by SVM and CRC models. In addition, we also 
compare it with the-state-of-the-art algorithms, and their 
performances are provided in Table 5 and Fig. 9 
respectively. Table 5 shows that when we directly link 
DMHI-AHB and DMHI-Gist descriptors and SVM and 
CRC models are adopted, their fusion performances can 
obtain some improvements against DMHI-AHB or 
DMHI-Gist descriptors only. For example, the average 
performances of DMHI-Gist descriptor with SVM model 
on three datasets in Table 2 are 0.9, 0.97 and 0.75 

respectively, but the average performances of fusion 
descriptor with SVM model on three datasets in Table 5 are 
0.93, 0.99 and 0.78 respectively. The same situation occurs 
in the DMHI-Gist descriptor with CRC model. Although 
the direct feature fusion scheme is useful for action 
recognition, its improvement is limit. Thus, MMCRR, 
which puts the feature representation, feature fusion and 
classification together naturally, is leveraged to mine the 
relationship between different descriptors, and its average 
performances of MMCRR on three datasets in Table 5 are 
0.95, 0.99 and 0.90 respectively, whose performance is 
better than that of SVM and CRC.  

After that, when comparing MMCRR to a bag of 3D 
points [8], its improvement achieves 3%, 12% and 10% 
respectively. Finally, we also display all the average 
performance on Cross-Subject dataset by some the-state-
of-the-art algorithms, and their performance comparison is 
given in Fig. 9. From it, we can see that our algorithms 
obtain the top performance. 

Further, when MMCRR model is used to fuse these 
descriptors naturally in the object function, the average 
performances of these collaborated features are 0.938, 
0.9222, 0.928 and 0.952 respectively. When comparing 
MMCRR to SVM model, its improvement reaches 2.6%, 
3.2%, 4.8% and 3.2% severally. Similarly, in comparison 
with CRC model, the enhancement of MMCRR is about 
2%. Finally, though the comparison between MMCRR and 
the-state-of-the-art algorithm (0.87), we can know that our 
improvement achieves 8.2%. At the same time, the 
confusion matrix of MMCRR and DMHI-Gist-RDMHI-
Gist is given in Fig. 10, and we can see that the accuracies 
of most actions are above 90% and even 100%, that is to 
say, we can recognize nine in ten actions.  

In total, when different descriptors are linked directly 
and simply, regardless of what kinds of models are employed, 
their performances can obtain some improvements when 
comparing with sole descriptors. Further, when MMCRR 
model is used to fuse and recognize action together, its 
performance can improve further. In a word, our descriptors 
and models are robust, stable and efficient.  

Table 5. Performance comparison on MSR Action3d dataset 
when DMHI-AHB and DMHI-Gist descriptors are 
employed 

Schemes Li et al.[8] SVM CRC MMCRR
AS1One 0.90 0.92 0.93 0.94 
AS2One 0.89 0.94 0.94 0.97 
AS3One 0.96 0.92 0.94 0.95 
AverOne 0.92 0.93 0.94 0.95 
AS1Two 0.73 0.99 0.99 1.0 
AS2Two 0.93 1.00 0.96 0.97 
AS3Two 0.96 0.97 0.98 0.99 
AverTwo 0.87 0.99 0.98 0.99 
AS1CrSub 0.73 0.78 0.86 0.92 
AS2CrSub 0.72 0.79 0.84 0.85 
AS3CrSub 0.79 0.77 0.82 0.93 

AverCrSub 0.75 0.78 0.84 0.90 
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6. Conclusions 
 
In our work, we propose pyramid appearance and global 

structure action descriptors with both RGB and depth 
information and multi-modality information collaborative 
representation and recognition model to recognize human 
actions. Firstly, we construct the motion history image for 
both RGB and depth channels. At the same time, depth 
information is utilized to filter RGB information. And then 
different action descriptors are extracted from DMHI and 
RDMHI to represent these actions, after that, different 
descriptors are fused and MMCRR model are proposed to 
fuse descriptors and recognize actions. Large-scale 
comparison experiments on MSRAction3D and DHA 
datasets demonstrate that our descriptors are robust, stable 
and efficient, when comparing with the-state-of-art 
algorithms, the performance of our descriptors are much 

better than that of them. Further, the performance of 
combined descriptors is much better than just using only 
sole descriptor. What is more, our MMCRR model, in 
which the feature fusion and recognition are put together 
and naturally, can obtain the top performance on both 
MSRACTION3D and DHA datasets, and its best 
performance can reaches 0.90 and 0.952 respectively. 
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