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a b s t r a c t

3D depth data, especially dynamic 3D depth data, offer several advantages over traditional intensity
videos for expressing objects' actions, such as being useful in low light levels, resolving the silhouette
ambiguity of actions, and being color and texture invariant. With the wide popularity of somatosensory
equipment (Kinect for example), more and more dynamic 3D depth data are shared on the Internet,
which results in an urgent need to retrieve these data efficiently and effectively. In this paper, we
propose a generalized strategy for dynamic 3D depth data matching and apply this strategy in action
retrieval task. Firstly, an improved 3D shape context descriptor (3DSCD) is proposed to extract features of
each static depth frame. Then we employ dynamic time warping (DTW) to measure the temporal
similarity between two 3D dynamic depth sequences. Experimental results on our collected dataset
consisting of 170 dynamic 3D depth video clips show that the proposed 3DSCD has a rich descriptive
power on depth data and that the method using 3DSCD and DTW achieves high matching accuracy.
Finally, to address the matching efficiency problem, we utilize the bag of word (BoW) model to quantize
the 3DSCD of each static depth frame into visual word packages. So the original feature matching
problem is simplified into a two-histogram matching problem. The results demonstrate the matching
efficiency of our proposed method, while still maintaining high matching accuracy.

& 2014 Elsevier B.V. All rights reserved.

1. Introduction

With the wide popularity of somatosensory equipment such as
Kinect [1], more and more dynamic 3D depth data are shared on
the Internet just like personal photos and web videos. 3D depth
data, especially dynamic 3D depth data, offer several advantages
over traditional intensity videos for expressing objects' actions,
such as being useful in low light levels, resolving the silhouette
ambiguity of actions, giving a calibrated scale estimate and being
color and texture invariant [2]. Therefore, effectively using these
depth data to improve the performance of traditional computer
vision and multimedia related tasks would make great sense. A
review of related challenges and approaches in 3D data retrieval
can be referred in [3].

Shotton et al. applied single depth images for real-time human
pose recognition by mapping the pose estimation problem into a
per-pixel classification problem [2]. But this method is based on a
statistical learning algorithm which needs a large dataset to train

the classifier and cannot work with non-human actions or human-
with-object actions. Agarwal and Triggs proposed to recover 3D
human body pose from monocular silhouettes using non-linear
regression against shape descriptors without using depth informa-
tion [4]. Chaouch and Verroust-Blondet utilized depth derivative
to extract depth features for 3D model retrieval, but the method is
not adapted to Kinect depth images due to the depth deviations
from depth cameras [5]. A 3D model comparison algorithm based
on spatial structure circular descriptor is proposed [6]. A method
to capture and track a head from depth images by calculating a
view-dependent 3D projection of a scene is proposed [7]. Hu et al.
explored three convex features, convex degree feature, convex
region feature, and U-type depth feature, to detect arm candidates
based on depth continuity and human configuration constraint [8].
View-based 3D object retrieval and recognition have been studied
well [9–14]. An interactive 3D object retrieval scheme is proposed
in [9]. A camera constraint-free view-based (CCFV) 3D object
retrieval algorithm is proposed in [10], without the limitation of
camera array restriction. A discriminative probabilistic object
modeling approach is proposed for 3D object retrieval and
recognition [11]. Probabilistic models for each object are built
based on the distribution of its views, and the distance between
two objects is defined as the upper bound of the Kullback–Leibler
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divergence of corresponding probabilistic models. As the distance
between two objects represented by multiple views is difficult to
estimate precisely, Gao et al. tried to solve the problem in two
ways. Firstly, a hypergraph analysis approach [15] is proposed to
explore the higher order relationship among objects, by avoiding
the estimation of the distance between objects [12]. Then on the
basis of group matching, they presented a 3D object retrieval
scheme with Hausdorff distance learning, in which relevance feed-
back is employed to select positive and negative view pairs, and a
view-level Mahalanobis distance metric is learned [13]. Lei et al.
presented a novel 3D face recognition approach based on low-level
geometric features collected from the eyes–forehead and the nose
regions [16]. A new 3D facial expression database, including both
prototypical 3D facial expression shapes and 2D facial textures [17],
and a high-resolution 3D dynamic facial expression database [18]
are released.

Meanwhile, pose estimation, action recognition and retrieval have
attracted considerable research attention for their wide applications in
video surveillance, intelligent human–computer interaction, human
behavior analysis and abnormal action detection. Laptev et al. extracted
low-level spatial–temporal interest points (STIPs) and used bag-of-
STIPs for action classification and recognition [19,20] and retrieved
human actions in realistic movies [21]. Raptis et al. proposed to
discover discriminative “action parts” from the dense point trajectories
to capture more local structure semantics [22]. A spatiotemporal co-
location video pattern mining scheme, deployed over 3D-SIFT [23]
based interest points, is proposed for robust action retrieval from user
shared videos [24]. Sadanand et al. represented videos with action
volume in the “Action Bank” to embed much richer semantics [25].
Sparse representation [26,27] of actions are also learned [28]. Jones
et al. incorporated relevant feedback into ABRS–SVM to improve the
performance of real-world human action retrieval [29]. Jiang et al.
investigated the problem of scene and object context modeling for
human action retrieval with a few examples [30]. Hong et al. presented
a novel event driven web video summarization scheme that is able to
summarize the content of video search results by mining and thread-
ing key shots [31]. Ji et al. proposed a generalized action retrieval
framework which is unsupervised, robust and actor-independent using
spatiotemporal vocabulary with appearance hashing [32].

However, most previous works are task-dependent or the
processed depth data are static. In this paper, we propose a
generalized strategy for dynamic depth data matching, which
can be used for various recognition and retrieval tasks. Relative
to static depth data, dynamic depth data consist of several static
depth image frames with chronological order. Particularly, we
apply the proposed strategy in action retrieval task. Firstly, we
propose an improved 3D shape context descriptor (3DSCD) to
extract features of each static depth frame. Then we employ
dynamic time warping (DTW) to measure the temporal similarity
between two 3D dynamic depth sequences based on the 3D shape
context matching matrix computed using χ2 distance. An earlier
version of this research has been published in [33]. Compared to
[33], this paper is focused to generalize the dynamic 3D depth data
matching and provide more details of the proposed strategy.
Specifically, to address the matching efficiency problem in [33],
we utilize the bag of word (BoW) model, which has shown its
superiority in image retrieval tasks [34,35], to quantize the 3DSCD
of each static depth frame into visual word packages, which
simplifies the original feature matching problem into a two
histogram matching problem.

The main contributions of this paper are three fold.

1) We propose a novel strategy for dynamic 3D depth data matching.
To the best of our knowledge, this is the first attempt to study the
matching of dynamic 3D depth data beyond static 3D depth
data scope.

2) Regarding the application of action retrieval, we apply the
proposed dynamic 3D depth data matching strategy in action
retrieval task. We extract discriminative features and design
effective methods to address the low matching accuracy and
high time complexity challenges of action retrieval.

3) We collect a dynamic depth dataset composed of 17 classes of
human actions, each of which is performed by 10 volunteers.
Experiments are conducted on this dataset to evaluate the
effectiveness of the proposed method on action retrieval task.

The remainder of this paper is organized as follows. Section 2
introduces the proposed dynamic 3D depth data matching strat-
egy. Section 3 describes the action retrieval method in detail using
this strategy. Experiments and analysis are provided in Section 4,
followed by conclusion and future work in Section 5.

2. The strategy for dynamic 3D depth data matching

In this section, we introduce our proposed strategy for dynamic
3D depth data matching, which is composed of four stages, as
shown in Fig. 1. In the first step, namely data preprocessing step,
foreground segmentation is done to remove background and noise
to make following feature extraction step easier and more accu-
rate. Depth images greatly simplify the task of foreground seg-
mentation which is a challenging task for intensity images.

The second step is feature extraction, the key step for depth data
matching. How to extract features that are translation, rotation and
scale invariant, and have a strong power to describe depth data is
critically important and determines the accuracy of depth data
matching.

The fourth step is feature matching in which step two problems
should be determined. One is the selection of distance metric criteria
between two features. Some common used distances include LP
distance, χ2 distance and Jeffrey distance, which are defined as:

Lp : dðX;YÞ ¼ ð ∑
N

i ¼ 1
jxi�yijpÞ1=p; ð1Þ

χ2 : dðX;YÞ ¼ ∑
N

i ¼ 1

ðxi�yiÞ2
xiþyi

; ð2Þ

Jef f rey : dðX;YÞ ¼ ∑
N

i ¼ 1
xi log

2xi
xiþyi

þxi log
2yi

xiþyi

� �
; ð3Þ

where X ¼ ðx1; x2;…; xNÞ and Y ¼ ðy1; y2;…; yNÞ are two feature
vectors of dimension N. The selection of distance metric functions is
determined by the used features. The other is the similarity measure-
ment method between two feature sets, namely the matching
between two feature sequences.

Feature quantification is the third step, which is optional. If the
time complexity of depth data matching using extracted features is
acceptably low, then there is no need to tackle the features;
otherwise, we need to transform the features into another form that
is easier to compute the matching similarity.

3. Action retrieval using the proposed strategy

In this section, we detail our action retrieval method of 3D
dynamic depth data. The framework is shown in Fig. 2, based on

Fig. 1. The framework of our proposed dynamic depth data matching strategy.
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the dynamic 3D depth data matching strategy. Similar to speech
recognition, we define the matching of actions as a process of
dynamic programming. Particularly we employ DTW to compute
the similarity between two depth sequences, while the similarity
between two static depth frames is computed based on 3DSCD
using χ2 distance (Eq. (2)).

3.1. Data preprocessing

The data in our collected dataset for experiment (see Section 4.1)
are captured in a relatively open environment and the volunteers are
limited to perform the actions within a certain distance from the
Kinect. As illustrated in Fig. 3, firstly we use threshold segmentation to
remove most of the background based on the following criteria:

NDði; jÞ ¼
(
4000; if Dði; jÞZ3500jjDði; jÞo1000
Dði; jÞ; otherwise

; ð4Þ

where Dði; jÞ is the depth data of pixel ði; jÞ, NDði; jÞ is the new depth
data after threshold segmentation. Then we utilize corrosion and an
improved expansion algorithm to remove the remaining noise. Unlike
binary images, the depth of expanded points of depth images should
be decided. Here we assume that the expanded points have the same
gradient with the contour points, and in this hypothetical context, we
have DðpÞ ¼DðqÞ�gq �wðp; qÞ, where DðpÞ is the depth of expanded
point p, DðqÞ is the depth of contour point q, andwðp; qÞ is the distance
between the two points.

As some regions of the body are static when we perform an
action (for example, when we wave hands or stretch hands, the
lower back is almost static), the features extracted from these
regions contribute little to the matching. So in order to eliminate
this influence, we adopt a motion region cutting method based on
Algorithm 1. Note that the motion regions here are not the actual
moving regions of the body. It also includes the regions that are
passed by when the limbs are moving. For example, if the hand
passes by the chest, then the chest will also be included in the
motion regions. But this method is already able to remove most of
the static regions and reduces the amount of points for feature
extraction.

Algorithm 1. Motion region cutting procedure

Input: Dynamic depth data sequence D1;D2; :::;DN with size
m� n

Output: Motion region MD1;MD2; :::;MDN

1 Initialize mask MKm�n ¼ 0, k¼ 1;
2 for krN
3 for irm; jrn
4 if jDkði; jÞ�Dkþ1ði; jÞj430

MKði; jÞ ¼ 1;
End if

End for
End for

5 for krN
MDk ¼Dk&MKði; jÞ;

End for
6 Output MD1;MD2; :::;MDN .

3.2. 3D shape context descriptor

As depth data do not contain any information of visible images,
we would not extract the commonly used features in 2D images,
such as SIFT, HOG. Instead, we use the shape features of moving
objects in depth images.

3.2.1. Silhouette ambiguity
The contour of a shape is composed of a set of 2D points

P ¼ fp1; p2; :::; png, as illustrated in Fig. 4(a). The relative positions of
these points are an effective way to describe shape. From the
statistical point of view, Belongie et al. proposed the shape context
(Referred to as SC) descriptor [36], which is widely applied in
shape matching.

For some point pi in set P, the basic idea of shape context is
computing the distance and angle between every other point and
this point, and mapping the distances and angles into the log polar
coordinates shown in Fig. 4(b). We count the amount of points in
each region and get a histogram hi, which is the shape context of

Fig. 2. The framework of our proposed action retrieval method.

Fig. 3. Data preprocessing procedure.
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point pi. The value of the k-th bin of hi is computed as

hiðkÞ ¼ #fðqj�piÞAbinðkÞjqjAP; qjapig: ð5Þ
We use the log polar coordinates to decide the range of each

bin in order to make the point more sensitive to the positions of
the nearby points than those far away.

But using 2D shape context often results in silhouette ambi-
guities, as illustrated in Fig. 5, in which (a) and (b) are two
different poses but with the same silhouette, and (c) shows the
silhouette matching result with a high matching score using 2D
shape context feature and χ2 distance (Eq. (2)).

3.2.2. 3D shape context
In order to overcome silhouette ambiguity, we expand the 2D

shape context into 3D space, based on the fact that the depth of
each pixel in a depth image is known. The detailed process is:

(1) Select 3D contour points randomly. Fig. 6 shows the selection
of 3D contour points and the relative positions between all
remaining points and one specified point. In the action of Kick
left leg, we select 50 3D contour points, which are able to
describe this action well after motion region cutting.
Two conditions should be satisfied to make the selected points
more representative: the points are on the surface of the
moving object; the nearest two points are as far as possible.
We can use the greedy algorithm to select points based on the
above two rules. Firstly we obtain all contour points and
compute the distances between any two points. In every loop
we remove one of the two points with the smallest distance
until the number of points satisfies the demanded M. To speed
up, we randomly permute all the points and select the first 3M
points, from which we select the final M ones. The detailed
procedure is shown in Algorithm 2.

Algorithm 2. 3D contour points selection procedure

Input: A depth image D after preprocessing
Output: Selected M contour points
1 Obtain all the contour points and put them in a point list;
2 Randomly permute all these points;
3 Select the first 3M points;
4 Compute the distances between any two points in the
point list, save them in a distance list, and sort;

5 while k4M
Find the smallest distance in the distance list;
if the two points of this distance both exist

Delete one of the two points;
else

Delete the remaining point;
Remove the distance from the distance list;

End if
k¼ k�1;

End while
6 Output the remaining M contour points.

(2) Determine the amount of selected 3D contour points. Usually
two methods can be applied to select the amount of needed
points. One is using fixed amount, which guarantees that the
same poses in different scales are represented by the same
amount of points to get unified histograms. But when the
moving object is relatively big, using fixed amount of points
may not express the shape well. The other is changing the
amount based on the area of object contour, which can
represent the shape well but is not scale invariant, as proved
in Lemma 1. For our experiment, we find that using 50 contour
points is enough.

Fig. 4. (a) The contour of human body. (b) Log polar coordinates.

Fig. 5. Silhouette ambiguity example. (a,b) Two different actions. (c) Matching result.

S. Zhao et al. / Neurocomputing 151 (2015) 533–543536



Lemma 1. The features represented by changing contour points
proportional to the area of object contour are not scale invariant.

Proof. Without loss of generality, we suppose the contours
of two objects to be matched are two lines. And we only
consider the horizontal positive log polar space. As shown in
Fig. 7, the length of line (b) is twice of that of (a). Suppose that
the lengths of lines (a) and (b) are n and 2n, respectively,
where n¼ 2k and that the amount of selected is proportional
to the length of lines. The average distances of all points in
lines (a) and (b) are computed as

da ¼
2∑n�1

i ¼ 1∑
n
j ¼ iþ1ðj� iÞ

nðn�1Þ ; db ¼
2∑2n�1

i ¼ 1 ∑2n
j ¼ iþ1ðj� iÞ

2nð2n�1Þ

We wish p2 can be matched with p1, that is, p1 and p2 have
the same normalized shape context histogram. As n¼ 2k, the
histogram of p1 is HA¼ f20;21; :::;2k�1g, so the histogram of p2
is HB¼ f21;22; :::;2kg. This means that we can double the
coordinate of log polar space. That is, the distance between
the points in line (b) and p2 is twice of the distance between
the points in line (a) and p1. Simply, db ¼ 2da. But this is not
true. Take n¼4 for example, da ¼ 1:67, db ¼ 2:89.

(3) Calculate the average distance of any two points in the set. To
ensure the scale invariance of features, we should normalize
the amplitude of vectors of two points when computing the
histograms of 3D shape context to guarantee that the same
vector in different scales have the same amplitude. When
computing the final histograms, we divide the amplitude by
the average distance of any two points in the set.

(4) Compute the statistics histogram. For each selected contour
point, we compute the relative position between all other
points and this point, which can be represented as a vector
v¼ ðΔx;Δy;ΔzÞ. Then we get the radial radius by R¼
log 2ð100

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Δx2þΔy2þΔz2

p
=davgÞ�2. We subtracted 2 to make

the radius of the inner ball equals 4, the goal of which is to
guarantee that some points fall into the inner ball. The multi-
plied coefficient is the reduction distance. After that, we
should decide which sector the vectors belong in. Similar to
2D shape context, the vectors are mapped into relative sectors
according to the angle of the vector. Frome et al. [37] segm-
ented the ball as shown in Fig. 8(a), in which the volume of
each region is different, resulting in the unequal probability of

the bins for capturing the contour points. Here we use 9 planes
to segment the ball into 48 homogeneous regions, as shown in
Fig. 8(b), which guarantees that the probability of the vectors
mapping into each region is equal.

3.3. Dynamic time warping

Suppose two sequences of depth data are fRð1Þ;Rð2Þ; :::;RðMÞg
and fTð1Þ; Tð2Þ; :::; TðNÞg, in which RðmÞ and TðnÞ represent the
feature vectors of the m-th and n-th frames, respectively. Tradi-
tional linear time warping hypothesizes that the two sequences
are proportional in the timeline, as shown in Fig. 9(a). Let
dðTðnÞ;RðmÞÞ denotes the distance between the n-th testing frame
and the m-th training frame, then m and n satisfy: m¼ ðM=NÞn.

Obviously, this is not the case of usual actual actions, as the
speed of different actions performed by different persons is
different. Thus we use dynamic time warping (DTW) [38], which
has been widely used as a distance measurement for time series
classification and clustering, to match two sequences of depth
data. DTW finds the minimum path by providing non-linear
alignments between two time series, as illustrated in Fig. 9(b).
Based on the dynamic programming idea, DTW tries to find a
warping function m¼ΦðnÞ that maps the n-th testing frame to the
m-th training frame non-linearly to minimize the distance
∑N

n ¼ 1dðRðmÞ; TðΦðnÞÞÞ. In other words, the matching path is

p¼ arg min
ΦðnÞ

∑
N

n ¼ 1
dðRðmÞ; TðΦðnÞÞÞ: ð6Þ

The first step of the algorithm is to calculate the distances
between any two depth frames in the two depth sequences to get
the matching matrix LN�M , in which Lði; jÞ ¼ dðTðiÞ;RðjÞÞ. The next
step is to find a best path that minimizes the accumulated cost
from point (1, 1) to point (n, m). The precursor of any point (n, m)
can be only (n�1,m) or (n,m�1) or (n�1,m�1). So the process of
finding the optimal path becomes recursively searching for the
minimum accumulated cost according to the following formula
from point (1, 1) to point (N, M):

dðn;mÞ ¼ min fdðn�1;mÞ; dðm�1;n�1Þ; dðn;m�1ÞgþLðn;mÞ; ð7Þ
where dðn;mÞ represents the actual distance between the n-th
testing frame and the m-th training frame. As Kinect captures
depth images 30 frames per second, we just need 3–5 frames
per second to express an action. So we sample the depth images at
an interval of 10 to calculate the matrix and finally we will get a
10�10 matrix as the input of DTW.

3.4. Matching acceleration using bag of word model

Bag of word model transforms image features into visual words by
clustering and uses the visual words to represent images. Each image

Fig. 6. 3D contour points and relative positions.

Fig. 7. Comparison of the amount of selected contour points.
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can be represented by a histogram of the visual words. Inspired by this
idea, we also transform the 3D shape context features into visual
words by clustering. Then the matching of original high dimensional
features becomes the matching of histograms, which greatly speeds up
the matching process.

3.4.1. Clustering using K-means
Firstly we use the basic K-means clustering to generate the

visual words. The parameters and results of K-means clustering
are presented in Table 1. We can see that it needs a long time to
train on a big dataset using K-means. Suppose the amount of
features is NF, the dimension of features is ND, the number of
clusters is K. The first step of K-means is to find the nearest
cluster center of each feature, the time complexity of which is
OðNF � ND� KÞ. The second step is to update the cluster centers,
and the time complexity is OðNF � NDÞ.

3.4.2. Clustering using vocabulary tree
Vocabulary tree [39], also referred as hierarchical K-means, firstly

partitions the original features into K0 clusters. Then the features of
each cluster are also partitioned into another K0 clusters. This
iteration converges when we get a tree with L layers, each non-
leaf node of which has K0 child nodes. Fig. 10 illustrates the process.

The visual words generated by K-means are stored in an array, so
we can use the subscript of the array as the ID of the words. But for the
visual vocabularies, which is generated by vocabulary tree, we do not
have the stable subscript. So we use the post-order traversal to add the
ID for each leaf node.

Suppose the amount of features of non-leaf node i in layer L is
NFi, then the time complexity of this node is OðNFi � ND� K 0Þ. The
total time of K-means clustering of all the nodes in this layer is
∑iOðNFi � ND� K 0Þ ¼OðNF � ND� K 0Þ, so the time cost of cluster-
ing in each layer is the same. The final total time complexity is

OðL� NF � ND� K 0Þ. Because ðK 0ÞL ¼ K , using hierarchical K-means
greatly reduces the time of clustering, as shown in Table 2.

3.4.3. Vector quantification
For the visual words generated by the basic K-means, vector

quantification is to find the cluster center closest to the test feature
using nearest neighborhood method. And the cluster center is the
corresponding visual word. But for vocabulary tree, the process of
vector quantification is to find the cluster center closest to the test
feature layer by layer. And the final searched leaf node is the
corresponding visual vocabulary.

Fig. 8. The schematic diagram of ball segmentation.

Fig. 9. (a) Linear time warping. (b) Dynamic time warping.

Table 1
The parameters and results of K-means clustering.

K Distance Data # Features Time Sum of MSE

1000 χ2 875,935 240 30 h 289,679

Fig. 10. The construction of vocabulary tree.

Table 2
The quantization time of K-means and vocabulary tree.

K0 L Distance Data # Features Time Sum of MSE

10 3 χ2 875,935 240 44 min 359,339

S. Zhao et al. / Neurocomputing 151 (2015) 533–543538



The time complexity of K-means and vocabulary tree is respectively
OðND� KÞ and OðL� ND� K 0Þ, where ðK 0ÞL ¼ K . Using hierarchical
K-means can greatly reduce the time of quantification, especially for
large scale dataset. Table 3 shows the quantization time cost.

3.4.4. Word weight
In the bag of word model, the discriminability of each visual

word is different. One basic idea is the bigger the frequency one
visual word shows, the smaller the discriminability it has. Here we
adopt a classic concept named TF–IDF (term frequency–inverse
document frequency) [40] to score each visual word. TF is defined
as the frequency of a given term appearing in a specific document
and IDF measures the general importance of a term in all
documents by counting the documents the term appears in. We
define the TF–IDF function as

Wj ¼
1
2
þ TFj
2TFmax

� �
� IDF; ð8Þ

where Wj is the weight of visual word j, TFj is the term frequency
of word j in an image, TFmax is the biggest term frequency of all
words in the image, and IDF is defined as

IDF ¼ log
N
DFj

; ð9Þ

where N is the number of images, and DFj is the frequency of word
j in all images.

To compute the TF–IDF weight, we need to know the images in
which each visual word appears. Firstly we compute the image–
visual word matrix to represent the amount of the words appear-
ing in related images. Then we get an array storing the value of DF
and compute the IDF of each word. For the visual words generated

by the basic K-means, we just need traverse the whole array to
find the DF of related visual word, which is one-to-one corre-
sponded with the subscript of the array. For vocabulary tree, we
traverse the tree in a post order. And when finding a leaf node, we
get the ID of the node and compute related IDF.

4. Experimental evaluation

To evaluate the performance of the proposed 3D depth data
matching strategy for action retrieval task, we collect a 3D depth
action dataset and conduct experiments on this dataset. The
details of the dataset, experimental settings, measurements,
results and analysis are provided in this section.

4.1. Dataset and measurement

Humans are capable of performing enormous kinds of actions,
which are almost impossible to be all captured. So instead of
exhaustively capturing all possible actions to train a classifier, we
pay our attention to the matching of two human actions with
different appearances.

The dataset we collect consists of 17 classes of human actions,
which are defined as Applaud, Stoop, Salute, Squat, Hand flats,
Move box left (right) to right (left), Kick left (right) leg, Stretch left
(right) hand forward, Wave left (right) hand, Blew kiss left (right)
hand, and Punch left (right) hand. Some representative actions are
shown in Fig. 11. In order to emphasis the effect of depth
information, we design the action of Stretch left (right) hand
forward, as shown in Fig. 11(a). The silhouette of this action does
not change much in the whole process, so traditional silhouette
feature points cannot represent the action well. The action of Move
box left (right) to right (left), as shown in Fig. 11(b), is designed to
show the superiority of our method to skeleton matching method
[41]. To test the descriptive power of depth data, we design
two actions with high similarity, Wave left (right) hand and Blew
kiss left (right) hand, which are shown in Fig. 11(c) and (d),
respectively.

Table 3
The quantization time of K-means and vocabulary tree.

K K0 L Distance # Features Time (s)

K-means 1000 – – χ2 240 2
Vocabulary tree – 10 3 χ2 240 0.06

Fig. 11. Dynamic 3D depth sequence of some representative actions. (a) Stretch left hand forward, (b) Move box right to left, (c) Blew kiss left hand, and (d) Wave left hand.
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10 volunteers, 6 males and 4 females, with height ranging from
158 cm to 182 cm and age from 21 to 28, are invited to perform
these actions in a position of about 2 m in front of a Kinect depth
camera. Each action is recorded by the Kinect as a 320�240 video
clip at 30 frames per second with depth resolution of a few
centimeters. The duration of these actions ranges from 2 s to 4 s.
The dataset will be released for research purpose. Researchers
interested in related research can get the dataset for free after
request.

We employ leave-one-out method to conduct our experiment
and use mean average precision (mAP) as the evaluation metric.
Practically, we randomly select 17 different actions from different
volunteers as the query actions. The retrieved actions that have the
same label with the query action are taken as true positives, while
the other actions are taken as false positives. The dataset contains
actions from 10 different volunteers, thus each query action
corresponding to 9 true positives. Consequently, we take the top
20 retrieval results to evaluate the performance, namely mAP@20.

4.2. 3D shape context vs. 2D shape context

To evaluate the discriminability of the proposed 3DSCD, we
compare it with traditional 2D shape context, using 50 contour
points and χ2 distance (Eq. (2)). The comparison on mAP is shown
in Fig. 12. We can see that (1) all the mAP values using 3DSCD are
higher than those using 2D shape context, which means that 3D
shape context is more discriminative than 2D shape context;
(2) 2D shape context performs poorly on the actions that have
similar 2D shape silhouette such as Stretch left (right) hand
forward, Wave left (right) hand, Blew kiss left (right) hand, but
3D shape context can get the mAP value of about 0.8; (3) for the
action Move box left (right) to right (left), the performance of the
skeleton matching method is rather poor, as it cannot capture
the skeleton due to occlusion, but we get a mAP score near to 1.

4.3. On the amount of selected 3D contour points

In this part, we evaluate the performance of selecting different
amounts of 3D contour points. Firstly we select 50 points as fixed
amount. For the changing amount, we select the amount as one
third of the total pixels of the moving objects' contour. The
performance using χ2 distance (Eq. (2)) is shown in Fig. 13. Using
fixed 50 contour points works better than using changing points in
most cases, as the features using changing points are not scale
invariant. But sometimes the 50 contour points cannot represent
some actions well, resulting in occasional bad performance.

We also test the influence of the detailed amount of selected
contour points to the matching performance. We change the
amount from 50 to 100 with an interval of 10 and test the
matching performance on three actions, Applaud, Stretch left hand
forward and Wave left hand. The results are illustrated in Fig. 14,
from which we can find that every action has its own optimal
amount to be represented. As we cannot find an universal amount
for all actions, we choose the amount to be 50, which is already
able to achieve good enough performance.

4.4. On different distance metrics

Different distance measurements also influence the matching
performance. We compare our used χ2 distance (Eq. (2)) and the
classic Euclidean distance (Eq. (1), p¼ 2). From the results in
Fig. 15 using 50 contour points, we conclude that χ2 distance
works better than Euclidean distance, which demonstrates the
effectiveness of χ2 distance measurement in feature matching.

4.5. On the bag of word model

In this section we compare the matching method without BoW
and with BoW from the perspective of efficiency and precision, using
50 contour points and χ2 distance (Eq. (2)). Table 4 provides the
retrieval results of the action Punch left hand, which lasts 2.4 s. We
can notice that the retrieval time of the method with BoW is two
orders of magnitude smaller than the time of the method without
BoW, which means that the method with BoW greatly reduces the
retrieval time. It proves the efficiency of our method with BoW, which
can be used in practice on large scale dataset. Further, the matchingFig. 12. Comparison of 2D and 3D shape contexts.

Fig. 13. Comparison of using fixed and changing contour points.

Fig. 14. The influence of the amount of selected contour points on the matching
performance.
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method with BoW using vocabulary tree retrieves actions faster than
the method with BoW using classic K-means.

On the other hand, we also evaluate the matching precision of
the method with BoW. Fig. 16 shows the results of mAP of the
three different matching methods. The fact that BoW removes the
spatial relationship of features reduces the matching precision

more or less. As the vocabulary tree clusters the features layer by
layer, the training error of the bottom layer can be easily magni-
fied, which makes the precision smaller than that of the method
using K-means.

4.6. With TF–IDF vs. without TF–IDF

In the traditional BoW model, it is often assumed that the
discriminability of each visual word is different. So the TF–IDF model
is added to score every word and give them different weights, which
are inversely proportional to the IDF of thewords. The aim is to restrain
the influence of noise. But for our 3D shape context feature, if we
capture a noise point when selecting contour point, then the histogram
of the noise point will not appear large in other depth images. To prove
this, we compare the matching method with and without TF–IDF on
the basis of BoW using vocabulary tree. From Fig. 17, we find that the
two methods achieve similar performance in most cases, which
indicates that our 3D shape context is robust to noise.

5. Conclusion

In this paper, a generalized 3D depth data matching strategy
has been proposed for robust action retrieval. It includes four
stages: preprocessing, feature extraction, feature quantification
and feature matching. We proposed an improved 3D shape context
descriptor to extract effective features and used dynamic time
warping to calculate the matching similarity. Finally we embedded
the bag of word model into the matching strategy to overcome the
high matching efficiency problem. Experiments on our collected
dataset demonstrated the matching accuracy and efficiency of our
proposed method for action retrieval.

After the embedding of BoW, we should first train the 3D depth
data to get the visual words, which are dependent on the dataset. So
when new 3D depth data arrive, the original visual words may not
represent the new data and we have to cluster again, which reduces
the scalability of the method. While we do not need cluster in the
original matching strategy without BoW, so it is still available for new
depth data. We can choose different matching strategies according to
our requirements of efficiency and scalability.

There are still several future tasks to improve our current work.
It is in urgent need to build a larger 3D depth action dataset,
consisting of more classes of actions performed by more volun-
teers. Our method does not work well on some actions. Learning
more discriminative depth features can help to improve the
performance. How to combine visible image features with depth
features and improve original clustering algorithm using online
learning are still worth studying. In addition, the current action
retrieval system should traverse the whole dataset to get the
retrieval results, which costs a relative long time. To build an index
on the dataset using inverted index or hash would greatly reduce
the retrieval time. Besides bag of word (BoW) model, we will try
other matching strategies like spatial pyramid matching (SMP)
[42]. The proposed dynamic data matching strategy can be applied
to various applications, such as video indexing [43,44], video
presentation [45] and landmark identification [46,47].
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Fig. 15. Comparison of χ2 distance and Euclidean distance.

Table 4
Comparison of retrieval time by three matching methods.

Matching methods K K0 L Time (s)

Without BoW – – – 267
With BoW using K-means 1000 – – 5.3
With BoW using vocabulary tree – 10 3 3

Fig. 16. Precision comparison of different matching methods.

Fig. 17. Matching results with and without TF–IDF.
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