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Abstract—Availability of handy RGB-D sensors has brought about a surge of gesture recognition research and applications. Among

various approaches, one shot learning approach is advantageous because it requires minimum amount of data. Here, we provide a

thorough review about one-shot learning gesture recognition from RGB-D data and propose a novel spatiotemporal feature extracted

from RGB-D data, namely mixed features around sparse keypoints (MFSK). In the review, we analyze the challenges that we are

facing, and point out some future research directions which may enlighten researchers in this field. The proposed MFSK feature is

robust and invariant to scale, rotation and partial occlusions. To alleviate the insufficiency of one shot training samples, we augment the

training samples by artificially synthesizing versions of various temporal scales, which is beneficial for coping with gestures performed

at varying speed. We evaluate the proposed method on the Chalearn gesture dataset (CGD). The results show that our approach

outperforms all currently published approaches on the challenging data of CGD, such as translated, scaled and occluded subsets.

When applied to the RGB-D datasets that are not one-shot (e.g., the Cornell Activity Dataset-60 and MSR Daily Activity 3D dataset),

the proposed feature also produces very promising results under leave-one-out cross validation or one-shot learning.

Index Terms—One-shot learning, gesture reco gnition, RGB-D data, bag of visual words model
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1 INTRODUCTION

VISION-BASED gesture recognition [1] is a very important
and active field of computer vision research due to a lot

of varied applications, such as sign language recognition [2],
human computer interaction (HCI) [3], robot control [4], video
surveillance [5], augmented reality [6] and video annotation
[7]. However, the traditional methods are based on strongly
supervised learning [8] and require a large number of training
samples [9], [10]. For example, the authors [10] demonstrated
that the recognition rate can be achieved 96 percent when at
least 50 training samples per class have used to train hidden
markov models (HMM). Nevertheless, the recognition rate
will be unstable when the number of training samples per
class decreases dramatically [10]. In order to explore new
algorithms or strategies that are robust to gesture recognition
with limited training samples, some recent works [9], [11],
[12], [13] have attempted to learn gestures at the other
extreme: one-shot learning (thatmeans only one training sam-
ple per class) gesture recognition from RGB-D data. In this
paper, we also focus on this one-shot learning problem.

One-shot learning gesture recognition from RGB-D data
has gained increasing attentions in recent years. Big challenge
there is learning of discriminant features and a classifier

from very limited training samples. Wu et al. [11] extracted
extended motion history image (Extended-MHI) [14] from
RGB and depth videos respectively, and then applied multi-
view spectral embedding (MSE) algorithm [15] to fuse these
two Extended-MHI features, and finally used maximum cor-
relation coefficient to achieve gesture recognition. Then a
product manifold method [16] is presented, which character-
ize data tensors (gesture videos) as points on a Grassmann
manifold and model it statistically using least squares regres-
sion. Later, Goussies et al. [17] proposed a transfer learning
method based on decision forests to recognize gestures.
Nevertheless, all of the mentioned methods got poor results
(�24% in Levenshtein distance (LD) scores1) on the Chalearn
gesture dataset (CGD) [18]. From the experimental results
[11], [16], [17], they demonstrate that the traditional features
(e.g., Extended-MHI) and classification models (e.g., decision
forest and product manifold) may be not very suitable for
one-shot learning.

Fortunately, some other published papers have revealed
promising results [9], [19], [20]. Some of them used bag of
visual words (BoVW) model with traditional spatiotempo-
ral features [21], [22] or specifically designed features [9].
For example, Wan et al. extended scale invariant feature
transform (SIFT) [23] to spatiotemporal domain and pro-
posed 3D enhanced motion SIFT (3D EMoSIFT) [9] and 3D
Sparse Motion SIFT (3D SMoSIFT) [20] to extract features by
fusing RGB-D data, which are invariant to scale and rota-
tion, and have more compact and richer visual representa-
tions. The evaluations of both MoSIFT-based features under
BoVW models were provided in [9], [20], which revealed
that the best results were below 14 percent in LD scores on
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1. LD distance between two strings is defined as the minimum num-
ber of operations (insertions, substitutions or deletions) needed to
transform one string into the other. LD score is analogous to an error
rate. Lower LD values indicate better performances.
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CGD. Furthermore, Kone�cnỳ and Hagara [19] extracted his-
togram of oriented gradients (HOG) [21] and histogram of
optical flow (HOF) features and used dynamic time warp-
ing (DTW) to recognize gestures. The best results reported
in [19] was about 11 percent in LD scores. From the top
results, we can see that feature selections (whether the spe-
cifically designed features or traditional features) are very
important for one-shot learning.

In this paper, we propose a novel spatiotemporal feature
extracted from RGB-D data, namely mixed features around
sparse keypoints (MFSK) for one shot learning of gesture
recognition. First, spatial pyramids are built over scale
spaces from every depth and grayscale (covered from RGB
images) frames, and initial keypoints are detected using
speeded-up robust features (SURF) [24] detector in scale
spaces. Then, the velocity of each initial keypoint based on
Lucas-Kanade optical flow algorithm [25] is calculated from
two consecutive frames, with those keypoints whose veloci-
ties are below a predefined threshold discarded. After key-
point detection, various descriptors around keypoint
volumes are calculated from RGB-D data: 3D SMoSIFT,
HOG, HOF and motion boundary histograms (MBH). To
cope with varying gesture velocity, the training samples are
augmented by artificially building temporal scales. The
main contributions of our work are summarized below:

� We provide a thorough review on published meth-
ods about one-shot learning gesture recognition
from RGB-D data, in which the challenges are ana-
lyzed and some future research directions are sug-
gested. As far as we known, it is the first such review
which we believe it is a non-trivial work.

� A novel MFSK feature is proposed, inspired by our
previous works [9], [20]. Compared with 3D EMo-
SIFT and SMoSIFT features, the proposed MFSK fea-
ture has two traits. The first is the robustness of
keypoint detection based on the proposed feature.
The other is the fusion of various descriptors, which
leads to consistently higher performance than the 3D
MoSIFT-based features. Furthermore, the proposed
feature is invariant and robust to scale, rotation and
partial occlusions.

� To cope with the problem of different velocity of ges-
ture in the data, the training samples are augmented
by artificially synthesizing versions of various tem-
poral scales, which proves to be beneficial for the
performance.

The rest of the paper is organized as follows. The review
on one-shot learning gesture recognition from RGB-D data
is presented in Section 2. The proposed MFSK feature and
augment of training data is described in Section 3. Then,
extensive experiments are provided in Section 4 to evaluate
and compare our method with the state-of-the-art methods.
Finally, a conclusion is given in Section 5.

2 REVIEW OF THE STATE-OF-THE-ART METHODS

Since the Chalearn gesture challenges took place in 2011 and
2012 based on CGD [18] dataset, one-shot learning gesture
recognition from RGB-D data has gained increasing atten-
tions and a lot of papers about this field have been pub-
lished in recent four years.

In this section, we first introduce the differences and con-
nections between RGB and RGB-D gesture recognition as
well as the related works on one-shot learning in image-
based or video-based domain. Then, we thoroughly analyze
these published papers, and introduce these methods into
three parts: preprocessing, feature extraction, and temporal
segmentation & recognition. In addition, we also introduce
the CGD dataset about one-shot learning gesture recogni-
tion and discuss the challenges (that we are facing) and
trends (which can improve the recognition performances).

2.1 Differences and Connections

Since the release of the Kinect sensor (capturing RGB-D
images) in late 2010 by Microsoft, RGB-D gesture recogni-
tion has gained a lot of attentions. Similar to the RGB ges-
ture recognition, the traditional methods may be applied to
gesture recognition based on RGB-D data. For example,
HOG and HOF features [19], [26], [27] are also widely used
to extract features, and HMM [27] and DTW [20], [28] are
commonly applied in temporal segmentation or gesture rec-
ognition from RGB-D data.

However, compared with gesture recognition based on
general RGB images, RGB-D sensors can capture RGB and
depth images simultaneously. It provides an easy and inex-
pensive access to depth information, which is convenient to
obtain the object mask using the simple Ostu method [11],
[29]. Besides, some elaborately designed features [9], [20],
[30] are also proposed for fusing RGB-D data.

One-shot learning problem is primarily presented by L.
Fei-Fei [31] in computer vision. It used a generative object
category model and variational Bayesian framework for
representation and learning of visual object categories.
Comparing with one-shot learning in image-based domain
[31], [32], we focus on one-shot learning in video-based
domain, especially for RGB-D videos.

2.2 CGD Dataset

The goal of the CGD dataset is to employ systems to per-
form gesture recognition from videos containing diverse
backgrounds, using a single example per class, i.e., one-shot
learning. CGD comprises 54,000 different gestures divided
into 540 batches. Gestures were recorded in RGB and depth
video using Kinect camera. The data set was divided into
development (480 batches), validation (20 batches) and
additional batches for evaluation (40 batches, referred to as
final batches). Each batch is associated to a different gesture
vocabulary, and it contains exactly one video from each
gesture in the vocabulary for training and several videos
containing sequences of gestures taken from the same
vocabulary for testing. Each batch contains 100 gestures.
The number of training videos/gestures ranges from 8 to 12
depending on the vocabulary. There are 47 videos in each
batch (frame size 320� 240, 10 frames/second, recorded by
20 different users) and each video contains one to five ges-
tures. Some samples are shown in Fig. 1.

To test the robustness of recognition to body translation,
images scaling and partial occlusions, CGD provided some
more challenging subsets. Some representative images of
these subsets are shown in Fig. 2 and their descriptions are
illustrated below:
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1) utran data (utran01� utran20): The untranslated
data are selected batches from the original data
including a large background area in which no ges-
ture was taking place. It comprises 2,000 gestures.

2) trans data (trans01� trans20): Using the utran data,
one made a different horizontal translation to gener-
ate the trans data.

3) scale data (scale01� scale20): Similarly, one applied
various scaling factors on the utran data to generate
the scale data.

4) uoccl data (uoccl01� uoccl20): This subsets are
selected from CGD as the unoccluded data. It com-
prises 2,000 gestures.

5) occlu data (occlu01� occlu20): One added a red rect-
angle with 10*240 pixels in the center of every frame
of both RGB and depth videos from the uoccl data.
This red rectangle is treated as occlusions.

In order to facilitate our discussions in the following parts,
we list all the methods and recognition results of the pub-
lished papers in Tables 1 and 2, and give some basic notions
here.

Metric of Evaluation: LD score is used to evaluate the per-
formances of different methods, which is explained in Sec-
tion 1. The results shown in this paper are LD scores unless
mentioned otherwise in our experiments.

Explanation of abbreviations: devel means the development
batches (devel01� devel20); valid means the validation
batches (valid01� valid20); final1 means the first 20 batches
for evaluation (final01� final20); final2 means the left 20
batches for evaluation (final21� final40);

2.3 Preprocessing

Before feature extraction from RGB-D data, a few authors
employed some image processing techniques to obtain the
body mask [11], [29], [33]. Wu et al. [11] applied the otsu

Fig. 1. Some samples from CGD. The first row is RGB images and the
corresponding depth images are shown in the second row. It is derived
from [9].

Fig. 2. It shows some samples derived from [20] for the new subsets on
CGD. (a) untranslated; (b) translated; (c) scaled; (d) occluded.

TABLE 1
The Survey of Published Methods about One-Shot Learning Gesture Recognition from RGB-D Data

Index Papers Preprocessing Feature
extraction

Temporal segmentation &
Recognition methods

Simultaneously Published
year

1 [26] No HOG, HOF mcHMM + BoVWmodel + LDA Yes 2012
[27]

2 [11] Yes Extended-MHI Appearance-based & No 2012
Maximum Correlation Coefficient

3 [16] No Raw data Appearance-based & No 2012
(RGB-D) Product Manifolds

4 [28] No Motion maps DTW & No 2013
PCA-based recognition error

5 [35] Yes 3D Histogram of Scene Sliding window + Sparse Yes 2013
[36] Flow + Global HOG coding + linear SVM 2013

6 [9] No 3D EMoSIFT DTW & BoVWmodel + nearest No 2013
neighbors (NN) classifier

7 [29] Yes MEI + HOG DTW & No 2013
PCA-based recognition error

8 [20] No 3D SMoSIFT DTW & BoVWmodel + nearest No 2014
neighbors (NN) classifier

9 [19] No HOG + HOF DTW + Quadratic-Chi Yes 2014
histogram distance

10 [17] No MHI DTW & Transfer learning decision No 2014
trees + naive Bayes model

11 [37] No 3D EMoSIFT DTW & CSMMI No 2014

12 [30] No HOG, HOF, VFHCRH Probability-based DTW & No 2014
BoVWmodel

13 [33] Yes HOG Conditional level Yes 2015
building (CLB)

14 [38] No Improved Principle Motion Appearance-based & No 2015
Multi-layered Classifier
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method of global image threshold [34] to segment human
bodies from the background, then used a median filter and
a morphological operator for noise reduction. As the
authors’ suggestion [11], the performances were improved
about 9 percent via the preprocessing operators. Similarly,
the otsu method and filter techniques are applied to achieve
background or outlier removal in [29]. Besides, image
smoothing via a median filter and in-painting [33] are used
to restore the images in the sequence by filling all the holes.
Some representative results are shown in Fig. 3.

In previous works, the aim of preprocessing is to obtain
more pure human body mask which will be used to extract
more efficient features [11], [29], [33].

2.4 Feature Extraction

As shown in Table 1, the motion and gradient features are
widely used in the published papers. For instance, nearly 50
percent listed papers used HOG or HOF features. In [26],
[27], Malgireddy et al. detected interest points by taking the
difference between two consecutive depth images, and then
extracted HOG and HOF features at each interest point.
Owing to the calculation of descriptors around interest
points, the extracted HOG and HOF features are local. How-
ever, in [19], [29], [33], [35], [36], the HOG or HOF features
are extracted globally because they are directly computed
from RGB or depth frames.

Another traditional features are motion energy informa-
tion (MEI) [29], MHI [39] and its variants. These two fea-
tures are used in [11], [17], [29]. Compared with the MEI or

MHI, the performances of HOG and HOF features are better
from the statistical results shown in Table 2. Moreover, a
new descriptor [30] Viewpoint Feature Histogram Camera
Roll Histogram (VFHCRH) was also introduced at the fea-
ture extraction stage.

Unlike the above mentioned features, some novel fea-
tures are specifically designed for RGB-D videos. In [9],
Wan et al. proposed the 3D EMoSIFT feature which fuses
RGB and depth data to calculate SIFT-based descriptors.
Later, the authors [9] extended their previous works and
presented 3D SMoSIFT [20]. These two SIFT-based features
first detect interest points from the scale spaces, and then
build three dimensional gradient and motion spaces around
each interest point, and finally calculate SIFT-like descrip-
tors on both 3D spaces, respectively. The proposed 3D
MoSIFT-based features are invariant to scale, transition, and
partial occlusions, which can be found in Table 2. We also
find that 3D MoSIFT-based features under the BoVW model
achieve the best performances in most cases from Table 2.

As the above discussions, the traditional features (HOG
and HOF) and the specifically designed features (3D EMo-
SIFT and 3D SMoSIFT) have achieved promising perform-
ances. But HOG and HOF features are sensitive to scaled
and translated data [13], that is because HOG and HOF fea-
tures are rigidly positioned on image feature maps [19]. For
example, in [19], the proposed method using HOG and
HOF features can get 0.2896 on utran data, while the per-
formances drastically declined at least 24 percent on trans
and scaled data. However, in [20], the results via the 3D
SMoSIFT feature are very robust (about 1 percent) to scale
and trans data. Therefore, 3D MoSIFT-based features can
well handle more complex cases, such as scaled, translated
or partially occluded data.

2.5 Temporal Segmentation and Recognition

In order to recognize gestures in continuous video streams,
gesture recognition and temporal segmentation can be
simultaneous or non-simultaneous depending on different
algorithms.

TABLE 2
It Shows the Recognition Performances of the Published Papers on Different Subsets of CGD

Index Papers devel valid final1 final2 utran trans scaled uoccl occlu

1 [26], [27] 0.2409 0.2333 0.1847 0.1853 0.3594 0.3962 0.4152 - -
2 [11] 0.26 0.2969 - - - - - - -
3 [16] 0.2873 - - - - - - - -
4 [28] 0.3016 0.3178 0.2641 0.2124 - - - - -
5 [35], [36] 0.2511 - - - - - - - -
6 [9] 0.1945 0.1595 0.1382 0.1259 0.2635 0.253 0.254 0.1185 0.1375
7 [29] 0.2241 - - - - - - - -
8 [20] 0.1965 - - 0.114 0.257 0.2475 0.263 0.114 0.1335
9 [19] 0.2199 0.2001 0.1702 0.1098 0.2896 0.5993 0.5296 - -
10 [17] 0.3155 - 0.2834 0.2475 - - - - -
11 [37] 0.1876 - - - - - - - -
12 [30] 0.2662 - - - - - - - -
13 [33] - 0.2105 0.1642 0.1687 - - - - -
14 [38] 0.1964 - - - - - - - -

Ours MFSK+BoVW 0.1645 0.1270 0.1395 0.0925 0.2390 0.2120 0.2375 0.1145 0.1150
MFSK+BoVW+TS 0.1590 0.1242 0.1326 0.0900 0.2315 0.2102 0.2300 0.0970 0.1125

The bold value in each column is the best result of the corresponding subsets except the last two rows in which the results of our method are listed. Compared with
the results of published papers, our methods achieve the best performances in all subsets of CGD.

Fig. 3. It shows the results by the preprocessing step. (a) original frame,
(b) image smoothing, (c) background removal. The image is derived
from [33].
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1) Non-simultaneous segmentation and recognition
As shown in Table 1 (see the fifth and sixth columns),

temporal segmentation and gesture recognition are not
done simultaneously in most of the published papers [9],
[11], [16], [17], [20], [28], [29], [30], [37], [38]. Usually those
approaches first perform temporal segmentation to localize
isolate gestures, and then recognize each isolate gesture.

For automatic segmentation, the authors in [9], [17], [20],
[28], [29], [37] used dynamic time warping algorithm to split
the continues gestures into some isolate gestures. More spe-
cifically, the difference image (see Fig. 4b) is first computed
by subtracting consecutive frames in a video. Then a grid of
equally spaced cells is defined over the difference image.
The default size of the grid is 3� 3 as shown in Fig. 4c. For
each cell, the average value is calculated in the difference
image, so a 3� 3matrix is generated. Finally, this matrix can
be flattened into a vector which is called motion feature [9].
Aftermotion feature extraction, the DTWdistance can be cal-
culated between the testing sample and the traing samples,
and then one can apply the Viterbi algorithm [40] to find the
temporal segmentation (see Fig. 4e). The code2 of DTW was
released by the organizers of the Chalearn gesture challenge.

Appearance-based method [11], [16], [38] is another way
to achieve temporal segmentation, which find candidate cuts
based on similarities with respect to the resting position or
the amount of motion. Liu [16] thought that hands return to a
resting position between each pair of neighboring gestures,
and the correlation coefficient were calculated between the
first frame (as a template) and subsequent frames. Then the
gesture segments can be localized by identifying the peak
locations from the correlations. Similarly, Wu et al. [11]
found the frames that are similar to the beginning and end-
ing frames in the unsegmented testing video sequence and
defined them as the interval frames between two gestures in
a video sequence. Jiang et al. [38] measured the quantity of
movement of each frame and then got the candidate bound-
aries based on a predefined threshold, and finally refined the
candidate boundaries using slidingwindows.

After temporal segment, different features can be
extracted from each isolate gesture. Then, in order to recog-
nize gestures, a lot of methods can be selected, such as
BoVW model with nearest neighbor (NN) classifier [9], [20],
class-specific maximization of mutual information (CSMMI)

[37], PCA-based recognition error [28], [29], product mani-
folds [16], transfer learning decision trees (TLDT) with
naive Bayes model [17], and maximum correlation coeffi-
cient [26], [27], which are summarized in Table 1. In addi-
tion, we can see that the traditional generative models (i.e.,
DBN, CRF, ANN) are rarely used for one-shot learning.
That is because it would be very difficult to train these mod-
els effectively due to the lack of training data, and very lim-
ited training samples can easily lead to the underfitting
problem. On the contrary, nonparametric methods, such as
the NN classifier [9], [20] can work surprisingly well for
one-shot learning.

2) Simultaneous segmentation and recognition
The simultaneous segmentation and recognition techni-

ques are very popular to recognize gestures in traditional
methods [41], [42]. For one-shot learning gesture recogni-
tion, some papers [19], [26], [27], [33], [35], [36] also execute
gesture segmentation and recognition simultaneously.

Malgireddy et al. [26], [27] proposed a temporal Bayesian
model for classifying, detecting and localizing gestures in
video sequences. First, after HOG and HOF feature extrac-
tion, the feature descriptors over the entire space of gestures
are converted to “visual words” via the BoVW model and
latent dirichlet allocation (LDA) [43]. So each frame can be
represented by a histogram over the visual words in that
frame. Then, multiple channel HMM (mcHMM) is pro-
posed for gesture spotting and recognition. Unlike classic
HMM, this model has multiple channels, where each chan-
nel is represented as a distribution over the visual words
corresponding to that channel. And mcHMM has multiple
observations per state and channel.

Fanello et al. [35], [36] extracted motion and gradient fea-
tures (3D Histograms of Scene Flow and Global HOGs), and
then adopted sparse coding [44], [45] to capture high-level
patterns from the extracted features, and finally used a slid-
ing window with linear support vector machines (SVMs)
[46], [47] to simultaneously segment and recognize gestures.

Besides, after feature extraction, Kone�cnỳ and Hagara
[19] simply utilized DTW with Quadratic-Chi histogram
distance to segment and recognize gestures. The proposed
method achieves high performances on regular data, such
as valid, devel and final data. But the proposed method is
not good at scaled and translated data (see Table 2). That
means the extracted HOG and HOF features are sensitive to
scaling and translations.

Fig. 4. Examples for the calculation of motion feature vector (a-d) and temporal segmentation by DTWalgorithm (e). Images are derived from [9].

2. http://gesture.chalearn.org/data/sample-code
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Lastly, Krishnan and Sarkar [33] proposed the condi-
tional level building (CLB) method to achieve this purpose.
Unlike the original level building algorithm [46], [48], [49]
using DTW as the distance measure, CLB is based on condi-
tional distances. From the experimental results in Table 2,
CLB can get a relatively high performance.

2.6 Challenges and Trends

Here, we first list some challenges that we are facing for
one-shot learning gesture recognition, and discuss the
trends which can improve recognition performances.

2.6.1 Challenges

We are facing the challenges on one-shot learning problem.
First, there is one training sample per class. It is one of the
biggest challenges to train a robust model using very lim-
ited samples. Second, feature extraction is also one of the
most difficult challenges. The effective features usually can
get better performances. When some errors or omissions
may be happened in performing gestures, it faces great chal-
lenges at the feature extraction stage. Third, large variances
of intra-class and small variances of inter-class are also a
challenging problem. For instance, some users are less
skilled than others when performing gestures or some ges-
tures from different classes are very similar. Fourth, partial
occlusions may occur, and it may face more complex envi-
ronments (i.e., variations in background, clothing, skin
color, lighting, resolution). Lastly, only the RGB-D data is
provided. The skeleton or audio data is not available. More-
over, outliers or black areas may occur in depth videos.

2.6.2 Trends

In order to improve the performance using limited training
samples, we list some trends as below. We think that these
trends may be useful for researchers in this field.

Designing new features from RGB-D data. Feature extrac-
tion is one of the biggest challenges. Different people have
different speeds, trajectories and spatial positions to per-
form the same gesture. Even when a single person performs
the gestures, the trajectories are not identical. In order to
overcome these problems, the extracted features will be
effective if they are robust to scale, translation, rotation and
partial occlusions, i.e., 3D MoSIFT-based features [9], [20]
shown in Table 2.

Fusing different features. The combination of different fea-
tures can also boost the performance. In the following, we
will prove this statement.

Selecting suitable models. Through analysis of the pub-
lished papers in Tables 1 and 2, DTW [19] and BoVW mod-
els [9], [20] can achieve the top performances.

Augmenting training samples. In order to augment training
samples, some strategies can be used to generate new train-
ing samples: 1) building temporal scales, which will be illus-
trated in Section 3; and 2) adding some noise in training
samples to cover more variations in learning.

3 THE PROPOSED APPROACH

We first introduce the MFSK feature and then give the
detailed information about temporal scales to augment the

training samples. Lastly, the inspirations of using MFSK fea-
tures are given, and finally a short summary of the pro-
posed approach is presented.

3.1 Mixed Features around Sparse Keypoints

As the previously proposed features [9], [20], [50], we first
find keypoints and then calculate the descriptors around
the regions of each keypoint. However, MFSK is different
from these MoSIFT-based features [9], [20], [50]: 1) Having
more robust keypoint detection strategies; 2) Having more
descriptors around the detected keypoints.

Concretely, MFSK features broadly consist of three
stages. First, the spatial pyramid as the scale space is built
for every gray and depth frame, which is similar to the 3D
SMoSIFT feature [20]. In order to make this paper more self-
contained, we briefly introduce the processes of building
spatial pyramids. Second, keypoint detection around the
motion regions is applied in scale spaces via SURF detector
[24] and tracking techniques. Third, different descriptors
are calculated in local patches around keypoints.

3.1.1 Spatial Pyramid Building

For a given sample including two videos (an RGB video and
a depth video3), we can obtain a grayscale image Gt (con-
verted from RGB frame) and a depth image Dt at time t.
Then one pyramid can be built from Gt or Dt via downsam-

pling. Formally, at time t, two pyramids Pt
G and Pt

D can be

constructed via Eq. (1).

Gl
tðx; yÞ ¼ Gtð2ðl�1Þx; 2ðl�1ÞyÞ 1 � l � L

Dl
tðx; yÞ ¼ Dtð2ðl�1Þx; 2ðl�1ÞyÞ 1 � l � L;

(1)

where Gl
t (or D

l
t) is the image at the lth level in the pyramid,

ðx; yÞ is the coordinate of Gl
t (or Dl

t). Hence, at time t,

the pyramids Pt
G and Pt

D can be built, that is Pt
G ¼ fG1

t ;

G2
t ; . . . ; G

L
t g, Pt

D ¼ fD1
t ; D

2
t ; . . . ; D

L
t g.

Fig. 5 shows two pyramids Pt
G, P

tþ1
G (or Pt

D, P
tþ1
D ) built

from two consecutive grayscale (or depth) frames at time t
and tþ 1. The original frames are of size 320� 240. As shown
in Fig. 5, each pyramid has three levels and images in the first
level are original frames from RGB-D videos. After building
pyramids, we illustrate how to find robust keypoints around
motion regions in both RGB and depth frames.

3.1.2 Sparse Keypoint Detection

After building spatial pyramids, keypoints around motion
regions can be detected in each spatial scale by two steps.
Initial Keypoint Detection via SURF Detector. Bay et al. [24]
proposed a Fast-Hessian detector. Concretely, for a point
pðx; yÞ in an image I, its Hessian matrix Hðp; sÞ in p at scale
s is defined as follow:

Hðp; sÞ ¼ Lxxðp; sÞ Lxyðp; sÞ
Lxyðp; sÞ Lyyðp; sÞ

" #
; (2)

where Lxxðp; sÞ is the convolution of the Gaussian second

order derivative @2gðsÞ
@2x

with the image I in point p, and

3. The depth values are normalized to [0 255] in depth videos.
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similarly Lxyðp; sÞ ¼ @2gðsÞ
@xy , Lyyðp; sÞ ¼ @2gðsÞ

@2y
. In order to

achieve fast convolution calculation, the second orderGauss-
ian derivatives in Eq. (2) can be computed at a very low
computational cost using integral images [51], and the calcu-
lation time is independent of the gaussian filter size. This is
important when big filter sizes are used. Then, the 9 � 9 box
filters in Fig. 6 are approximations of a Gaussian with
s ¼ 1:2 for computing the blob response maps, which are
denoted by Dxx, Dyy and Dxy. More specifically, the blob
response maps are calculated via filtering one image with
the box filters shown in Fig. 6. The weights applied to the
rectangular regions are kept simple for computational effi-
ciency. So theHessian’s determinant can be approximated as

detðHapproxÞ ¼ DxxDyy� �
wD2

xy

�
; (3)

where w is the relative weight of the filter responses that is
used to balance the expression for the Hessian’s determi-
nant. And w is

w ¼ jLxyð1:2ÞjF jDyyð9ÞjF
jLyyð1:2ÞjF jDxyð9ÞjF

¼ 0:912 . . . ’ 0:9; (4)

where jxjF is the Frobenius norm.
Therefore, the approximated determinant of the Hessian

for every point can be computed in the image. Then the
maxima of the determinant of the Hessian matrix can be
found in a 3� 3� 3 neighborhood [24], and these points
with maxima are our initial keypoints. Initial keypoints can
be easily found via the function SurfFeatureDetector from
opencv library [52].

Keypoint Detection via Motion Filtering. We assume that
the initial keypoints are found at time t, then we can use
Lucas-Kanade optical flow method [25] to track these key-
points at time tþ 1 and calculate their velocities. If the

velocity of one keypoint is very small, this means the region
around this keypoint may have less motion. Therefore,
these keypoints with small velocities will be discarded. That
is to say, when the absolute velocity jvj of a keypoint at the

lth level is larger than a given threshold tl, this point will

become a keypoint. tl is defined as,

tl ¼ max maxðajvlmaxj; 0:5l�1bÞ
zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{local constraint

; d
z}|{global constraint

0
B@

1
CA

1 � l � L; 0 < a < 1;

(5)

where jvlmaxj is the maximum value of absolute velocities of

interest points at the lth level in the pyramid. The parameter

maxðajvlmaxj; 0:5l�1bÞ determines the motion constraint at the

lth level. d is the global parameters, whichmeans the absolute
velocity of each keypoint is not less than d. According to [20],
we fixed a ¼ 0:15, b ¼ 0:8 and d ¼ 0:5. And the detected key-
points are shown in Fig. 7. If the values a;b and d are larger,
the selected keypoints will have largemotions.

From the previous work [20], we know that when it uses
the gray images to detect keypoints for both initial keypoint
detection and motion filtering, it will get a relatively high
performance. Therefore, we also use gray images for key-
point detection.

3.1.3 Feature Descriptor Calculation

After keypoint detection, the feature descriptors can be
computed from the local patch around every keypoint. As
shown in Fig. 5, we suppose that one keypoint denoted by
the green circles has been detected. Then we can extract
four local patches (gt; dt; gtþ1; dtþ1) around the keypoint,

Fig. 6. The approximation for the second order Gaussian partial deriva-
tive in x-(Dxx), y-(Dyy) and xy�direction (Dxy). The grey regions are
equal to zero.

Fig. 5. Building four pyramids from two pair of consecutive frames. (a) Pt
G at time t; (b) Pt

D at time t; (c) Ptþ1
G at time tþ 1; (D) Ptþ1

D at time tþ 1. The
detected keypoints are denoted by the green circle, and the extracted local patches are shown within the green rectangles. The four local patches
are denoted by gt; dt; gtþ1; dtþ1 from left to right.

Fig. 7. The detected keypoints via SURF detector and motion filtering.
The keypoints are detected in the first two levels from the pyramids of
Fig. 5, and no keypoints are found in the third level.
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which are denoted by green rectangles. The size of the patch
is G� G pixels. Finally, we compute four descriptors (3D
SMoSIFT, HOG, HOF and MBH) from the extracted local
patches as shown in Fig. 8, and the final descriptor is a con-
catenation of these descriptors. To embed structural infor-
mation, the local patch is subdivided into g � g cells to
calculate HOG, HOF and MBH descriptors.

3D SMoSIFT. As shown in [9], [20], 3D SMoSIFT yields
excellent results for one-shot learning in comparison with
other state-of-the-art descriptors. Especially, as shown in
Table 2, 3D SMoSIFT is robust to scale, translation and par-
tial occlusions.

We compute the 3D SMoSIFT descriptors using the four
patches (gt; dt; gtþ1; dtþ1). For 3D SMoSIFT, 3D gradient and
3D motion spaces are constructed by fusing RGB-D data
shown in Fig. 8. Then in each 3D space, we map 3D space
into three 2D planes: xy, yz and xz plane, and SIFT descrip-
tors are calculated on each plane. Therefore, 3D SMoSIFT
consists of six SIFT descriptors, and 3D SMoSIFT size is 768
(6� 128). The detailed information about the calculation of
3D SMoSIFT can be found in [9], [20].

HOG and HOF. HOG and HOF descriptors [53] are
widely used for action recognition, which have achieved
very promising results [54]. Interestingly, as shown in
Table 1, they are also widely used for one-shot learning ges-
ture recognition. And some papers [19], [26], [27] also
achieved high performances (see Table 2).

We compute theHOGandHOFdescriptors in two patches
gt and dt. For both HOG andHOF, orientations are quantized
into h bins with full orientations, and the magnitudes are
used for weighting [55]. The final descriptor size for both gt
and dt is 2� g � g � h for HOG and 2� g � g � h for HOF.

Motion Boundary Histograms. To overcome the camera
motion, Dalal et al. [56] proposed MBH descriptor by com-
puting derivatives separately for the horizontal and vertical
components of the optical flow. Since MBH represents the
gradient of the optical flow, locally constant camera motion
is removed and information about changes in the flow field
(i.e., motion boundaries) is kept. MBH is more robust to
camera motion than optical flow.

We compute MBH descriptors in two patches gt and dt.
The MBH descriptor separates optical flow into its horizon-
tal and vertical components. Spatial derivatives are com-
puted for each of them and orientation information is
quantized into histograms. The magnitude is used for
weighting. The orientations are also quantized into h bins.
Then we can obtain a h-bin histogram for each component
(i.e., MBHx and MBHy). Then the final descriptor size for

both gt and dt is 2� g � g � h for MBHx, and 2� g � g � h

for MBHy, respectively.

3.2 Building Temporal Scales

To further boost the recognition performance, we artificially
augment the training samples via building temporal scales.
Here, we define the temporal scales as V ¼ ½v1; . . . ;vn�,
where n is the size of temporal scales, vi 2 ½0; 1�. And we
can generate n new videos from one training sample.

Specifically, we assume that a video is represented by

V ¼ ½f1; f2; . . . ; fN � with N frames, where fi is the ith frame,
V is the original video. For a temporal scale value
vi 2 ½0; 1�; 1 � i � n, a new video Vi is generated via linear
interpolation. The full description is given in Algorithm 1.
When there are n temporal scales V ¼ ½v1; . . . ;vn�, we can
generate n new videos V1; V2; . . . ; Vn from the original video
(one video per temporal scale).

Algorithm 1. Building One New Video via a Temporal
Scale Value wi

Input: A temporal scale value: wi;
Input video: V ¼ ½f1; f2; . . . ; fN �;

Output: A new video: Vi

1: Initialization: Vi ¼ ½ �;
2: Calculate the frame number of Vi:N

0 ¼ floorðvi �NÞ, where
N 0 is an integer value;

3: Calculate the step D: D ¼ N=ðN 0 � 1Þ;
4: while idx � N do
5: Selecting one frame f : f ¼ V ðidxÞ
6: Vi ¼ ½Vi f �
7: idx ¼ floorðidxþ DÞ, idx is a integer value
8: end while

3.3 Inspirations and Summary of the Proposed
Approach

Inspirations. There are two reasons that we calculate these
feature descriptors (3D SMoSIFT, HOG, HOF and MBH) for
the MFSK feature.

1) For one-shot learning gesture recognition in RGB-D
data, the 3D SMoSIFT, HOG and HOF can achieve
high performances in previous works [9], [19], [20].

2) For video-based action recognition, the HOG, HOF
and MBH are widely used [53], [54], [55]. For exam-
ple, the dense trajectory method [55] is one of the
state-of-the-art methods for action recognition,
which also used HOG, HOF and MBH.

Fig. 8. Computing the descriptors (3D SMoSFIT, HOG, HOF, MBH) from the local patch around every keypoint.
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Owing to the above reasons, the MFSK feature is pro-
posed. As far as we known, it is the first time the MBH fea-
ture is used for one-shot learning gesture recognition. From
the experiments in this paper, the MFSK feature (combined
with 3D SMoSIFT, HOG, HOF and MBH) can get very
promising results.

Summary. In this section, we propose the MFSK feature,
which includes different descriptors (3D SMoSIFT, HOG,
HOF, MBH). Therefore, the proposed features have similar
properties of these four descriptors. According to our exper-
imental results, the proposed feature outperforms currently
published state-of-the-art methods on challenging data of
CGD. Besides, in order to further boost the recognition per-
formance, we propose a simple method to build several
temporal scales for augmenting training samples.

4 EXPERIMENTAL RESULTS

In our experiments, we use the BoVWmodel to evaluate the
proposed feature, where NN classifier is used for all subsets
of CGD. The LD score (normalized by the length of the truth
labeling) [13] is used to evaluate the performance. We use a
parameter � instead of the codebook size M (which is used
in [9]) in BoVW model. That is because the number of
extracted features from training samples is varied. If a given
codebook size M is too large, it may cause over-clustering
on some batches, which will affect the final performance [9].
Therefore, we set different codebook sizes to different
batches when we use a given value for �. The corresponding
codebook size can be calculated, M ¼ � � Ltr, where Ltr is
the number of features extracted from training samples on a
certain batch. Unless mentioned otherwise, we set � ¼ 0:5
which can obtain a high performance as shown in [9].

First, we discuss the parameters of the proposed method
which include parameters of MFSK features and temporal
scales. Then, we compare our method with current state-of-
the-art methods on CGD, Cornell Activity Dataset-60 (CAD-
60) and MSR Daily Activity 3D datasets. And we note that

we have released the code about the proposed MFSK fea-
ture (https://mloss.org/revision/view/1866/).

4.1 Parameter Settings

This part gives the discussion of parameters in the proposed
method. First, we analyze the parameters of MFSK features:
cell number g, bin number h, the patch size G� G. Then, we
discuss the parameter of temporal scales: V. For determin-
ing the parameters of MFSK features, we test the proposed
feature under the BoVW model without temporal scales.
We should declare that according to the results of [20], we
set the pyramid levels L ¼ 3.

4.1.1 Parameters of MFSK Features

We use a simple strategy to decide these three parameters.
At first, we keep g ¼ 2; h ¼ 8 and set G ¼ ½8; 16; 32; 64�. The
results are shown in Table 3, we can see that the performan-
ces will be better when the patch size increases, and the
result of G ¼ 64 is slightly better than G ¼ 32. With the trade
off between time complexity and recognition performance,
we set G ¼ 32.

Then, we set different values for g 2 ½1; 2; 3; 4� and
h 2 ½2; 4; 8; 16�. As shown in Table 4, the performances of the
MFSK features are very stable, and the best performance is
0.1645 when g ¼ 2; h ¼ 8. Therefore, we set g ¼ 2; h ¼ 8.

4.1.2 Parameters of Temporal Scales

Here, we test three cases: V ¼ ½1�, V ¼ ½0:4; 0:8; 1� and
V ¼ ½0:4; 0:6; 0:8; 1�. The results are shown in Table 5, where
the results for V ¼ ½0:4; 0:8; 1� and V ¼ ½0:4; 0:6; 0:8; 1� are
better than the original results by improving about 0:55 per-
cent. When V ¼ ½1�, it means temporal scales is not used. It
also demonstrates that the performances are very stable
when V is changed. And in our experiments, we set
V ¼ ½0:4; 0:6; 0:8; 1�, because it is more stable when gestures
have different speeds.

From the above discussions, we set g ¼ 2; h ¼ 8;G ¼ 32
and V ¼ ½0:4; 0:6; 0:8; 1� unless mentioned otherwise in our
experiments.

4.2 Comparisons

4.2.1 Comparison within MFSK Features

We know that the MFSK feature consists of four basic com-
ponents, namely 3D SMoSIFT, HOG, HOF and MBH fea-
tures. In order to find the effectiveness of each component,
we evaluate these four features in our experiments sepa-
rately or jointly, and the results are calculated under the
BoVW model without temporal scales. The HOG and HOF
features are used simultaneously, that is because HOGHOF

TABLE 3
Parameters: Cell Number g ¼ 2, Bin Number h ¼ 8

patch size G� G 8 � 8 16 � 16 32 � 32 64 � 64

LD score 0.2550 0.1840 0.1645 0.1630

The LD scores are calculated with different block sizes (devel01� devel20).

TABLE 4
Parameters: Patch Size G ¼ 32� 32

h
g

2 4 8 16

1 0.193 0.185 0.179 0.176
(16) (32) (64) (128)

2 0.1795 0.1775 0.1645 0.171
(64) (128) (256) (512)

3 0.1715 0.176 0.171 0.1815
(144) (288) (576) (1,152)

4 0.1775 0.1765 0.1895 0.2015
(256) (512) (1,024) (2,048)

The LD scores are calculated with different cell number g and bin nmuber
h (devel01� devel20). The values in the brackets are descriptor (HOG+
HOF+MBH) sizes.

TABLE 5
Parameters: g ¼ 2, h ¼ 8, G ¼ 32

temporal scale V LD score

½1� 0.1645
½0:4; 0:8; 1� 0.1590

½0:4; 0:6; 0:8; 1� 0.1580

The LD scores are calculated with different block
sizes (devel01� devel20).
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usually outperforms the HOG and HOF features [9], [30],
[55]. The results are shown in Fig. 9, where we can see that:

1. For individual features, the 3D SMoSIFT gets the best
performance, and the order of performance decrease is 3D
SMoSIFT > HOGHOF > MBH.

2. For the composite features, MFSK achieves the best
performance, which is slightly better than 3D SMoSIFT þ
MBH. And the performances of another two combined fea-
tures (3D SMoSIFT þ HOGHOF, HOGHOF þ MBH) are
poorer than the MFSK or 3D SMoSIFT þMBH.

3. Overall, the combination of features can deliver better
performances than the individual features.

4.2.2 Comparison with Other Spatiotemporal Features

In our experiments, we use the BoVW model without tem-
poral scales to evaluate traditional spatiotemporal features
(i.e., Cuboid4 [57], STIP5 [58] (Harris3D+HOGHOF), dense
trajectory6) [55], and the specially designed features for
RGB-D data: 3D MoSIFT-based features7 (3D MoSIFT [50],
3D EMoSIF [9], 3D SMoSIFT [20]). All features are used
with their default parameters. For traditional features, we
can extract feature descriptors from RGB or depth videos.
Therefore, the results are calculated by these features
under two type data (RGB or RGB-D data). As shown in
Fig. 10, the proposed feature also achieves the best perfor-
mance. Besides, the performance of the dense trajectory
method outperforms other traditional spatiotemporal fea-
tures, but is still 4:4 percent lower than the proposed
MFSK feature.

4.2.3 Comparison with Other Methods

Here, the performances are executed by two settings: MFSK
+BoVW and MFSK+BoVW+TS, where TS denotes temporal
scales. First, we compare with the currently published
papers. The results are shown in Table 2. One can see that
our method consistently outperforms the state-of-the-art
methods (with an improvement of about 2:31 percent on
average), and our method is very robust to scale, transla-
tion, partial occlusions. Then, we also compare with the
results of all top 14 results on CGD data in Table 6. Those

top 14 results are derived from [18]. This table shows that
our method is comparable to the best performance of team
“Alfnie”. More importantly, our method is more robust
than “Alfnie” on challenging CGD subsets, such as tran and
scaled data. For examples, the performances of “Alfine1”
are decreased by 6:75 percent for trans data and 9:31 per-
cent for scaled data, while our performances of “MFSK
+BoVW+TS” are only decreased by 2:13 percent for trans
data, and only 0:15 percent for scaled data, respectively.

4.3 Running Time Analysis

We randomly selected a sample from CGD and tested the
average time with c++ programs and opencv library on a
standard personal computer (CPU: Intel(R) Core(TM) i7-
4790 @3.6 GHz, RAM: 24 GB). The average time of the
MFSK feature is about 98 ms=f (including keypoints detec-
tion, feature description calculation and feature saving in
the disk) without any optimization of the code. Moreover,
we also test the calculation time among different descrip-
tions: HOGHOF, MBH and 3D SMoSIFT. The running time
of HOGHOF and MBH is very similar (about 18 ms=f)
while 3D SMoSIFT costs more time (about 32 ms=f). How-
ever, as shown in Fig. 9, 3D SMoSIFT can get better perform-
ances when these three parts are tested separately.

4.4 Experimental Results on Other RGB-D Datasets

Although the proposed MFSK feature has gained promis-
ing performances on one-shot learning gesture recognition
from RGB-D data, it can also be evaluated on other RGB-D
datasets. Here, we evaluate the proposed feature on Cor-
nell Activity Dataset-60 (CAD-60) [59] and MSR Daily
Activity 3D dataset [60]. Some samples from these two
datasets are shown in Figs. 11 and 12, respectively. We can
see that these two datasets are more challenging for the
noise backgrounds (i.e. moving background, moving sub-
jects). In order to eliminate the noise effect and detect
more accurate keypoints, we first found the local bounding
box of the person based on skeletal information provided
by these two datasets and then computed MFSK features
within that bounding box.

4.4.1 Experiments on CAD-60

CAD-60 has five different environments: office, kitchen,
bedroom, bathroom and living room. Three to four common
activities were identified for each location, giving a total of

Fig. 9. The performances of different components in the MFSK feature
(devel01� devel20). It can be seen that the MFSK feature achieves the
best performance.

Fig. 10. The performances of different spatiotemporal features. It can be
seen that MFSK achieves the best performance. More exactly, the order of
performance decrease is MFSK > 3D SMoSIFT > 3D EMoSIFT >
dense trajectory(R+D) > 3D MoSIFT > dense trajectory(R) > STIP(R
+D) > STIP(R) > Cuboid(R+D) > Cuboid(R).

4. http://vision.ucsd.edu/ pdollar/toolbox/doc/
5. http://www.di.ens.fr/ laptev/download.html
6. http://lear.inrialpes.fr/people/wang/dense_trajectories/
7. https://mloss.org/software/view/499/
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12 unique activities and a random action. This dataset is col-
lected from 4 different people (2 males and 2 females).

Here, we test the proposed feature under two experimen-
tal settings: leave-one-out cross validation setting and one-
shot-learning setting. Besides, the precision, recall and F1

score are used as the evaluation criteria and the performan-
ces by different methods are ranked by the F1 score. The F1

score is the harmonic mean of precision and recall. It can be
computed as:

F1 ¼ 2� precision� recall=ðprecisionþ recallÞ: (6)

Leave-One-Out Cross Validation Setting Following the experi-
ments in [20], [59], we employed leave-one-out cross

validation to test each person’s data, which means the
model was trained on three of the four people from whom
data and tested on the fourth. In Table 7, we show a compar-
ison of our results with the state-of-the-art methods. It
shows that our model can obtain 87:1 percent precision,
83:8 percent recall and 85:42 percent F1 score which indi-
cates the proposed method exhibits a promising result. That
is because: (1) we just used RGB-D data while other state-of-
the-art methods [61], [62], [63] used skeleton information
which is more easier to locate the human body. For exam-
ples, Faria et al. [63] used raw depth images to estimate their
own skeleton model and then a dynamic Bayesian Mixture
Model was used to classify motion relations between body
poses. (2) We used the simple NN classifier. If nonlinear
Support Vector Machine is used, the performances may be
improved further.

One-Shot Learning Setting Similar to the settings of CGD
dataset, we select one sample per each class used for train-
ing and the left samples for testing. Owing to the varied
movements of the random activity, it is almost impossible
to recognize correctly the random activity if only one sam-
ple from the random activity is used in training stage.
Therefore, we only evaluate the proposed method on the 12
unique activities. We randomly repeated the experiments

TABLE 6
Our Method is Compared with the Results of All the Top 14 Results on the Validation, Final, Untranslated,

Translated and Scaled Data of CGD

Name valid final1 final2 utran trans scaled

Alfnie1 0.1426 0.0996 0.0915 0.2316 0.2255 0.2573
Alfnie2 0.0995 0.0734 0.0710 0.1635 0.2310 0.2566
BalazsGodeny 0.2714 0.2314 0.2679 0.4347 0.5636 0.5526
HITCS 0.3245 0.2825 0.2008 0.4743 0.6640 0.6066
Immortals 0.2488 0.1847 0.1853 0.3594 0.3962 0.4152
Joewan 0.1824 0.1680 0.1448 0.2623 0.2612 0.2913
Manavender 0.2559 0.2164 0.1925 0.3644 0.4252 0.4358
OneMillionMonkeys 0.2875 0.1685 0.1819 0.3633 0.4961 0.5552
Pennect 0.1797 0.1652 0.1231 0.2589 0.4888 0.4068
SkyNet 0.2825 0.2330 0.1841 0.3901 0.4693 0.4771
TurtleTamers 0.2084 0.1702 0.1098 0.2896 0.5993 0.5296
Vigilant 0.3090 0.2809 0.2235 0.3817 0.5173 0.5067
WayneZhang 0.2819 0.2303 0.1608 0.3387 0.6278 0.5834
XiaoZhuWudi 0.2930 0.2564 0.2607 0.3962 0.6986 0.6897
Zonga 0.2714 0.2303 0.2191 0.4163 0.4905 0.5776
Ours(MFSK+BoVW) 0.1270 0.1395 0.0925 0.2390 0.2120 0.2375
Ours(MFSK+BoVW+TS) 0.1242 0.1326 0.0900 0.2315 0.2102 0.2300

Our results are comparable to top 2 state-of-the-art methods on regular data (valid, final1, final2 and utran data), and get the best
performances on challenging data (trans and scaled data).

Fig. 11. Sample frames from different actions selected from CAD-60
dataset: (a) Brushing, (b) Opening pill container, (c) Writing on white-
board, (d) Cooking (chopping).

Fig. 12. Sample frames from different actions selected from MSR Daily
Activity 3D Dataset: (a) Drink, (b) Play game, (c) Call cellphone,
(d) Cheer up.

TABLE 7
Comparison with State-of-the-Art on the CAD-60 Dataset

Approach Precision(%) Recall(%) F1 score(%)

Sung et al. 2012 [59] 67.9 55.5 61.08
Wan et al. 2014 [20] 74.8 65.8 70.01
Ni et al. 2013 [64] 75.9 69.5 72.56
Gupta et al. 2013 [65] 78.1 75.4 76.73
Zhang and Tian 2012 [66] 86.0 84.0 84.99
Ours (MFSK+BoVW) 87.1 83.8 85.42
Zhu et al. 2014 [61] 93.2 84.6 88.69
Parisi et al. 2015 [62] 91.9 90.2 91.47
Faria et al. 2014 [63] 91.1 91.9 91.50
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five times and calculated the average precision and recall.
As shown in Table 8, the MFSK feature can obtain 57 per-
cent precision, 57:6 percent recall and 53:8 percent F1 score
while the performances of other features is at least 2 percent
lower than the proposed feature in F1 score measure.

4.4.2 Experiments on MSR Daily Activity 3D Dataset

The dataset includes 16 activities: drink, eat, read book,
call cellphone, write on a paper, use laptop, use vacuum
cleaner, cheer up, sit still, toss paper, play game, lie down
on sofa, walk, play guitar, stand up, and sit down. There
are ten subjects. Each subject performs each action twice
(standing or sitting). The total number of the activity sam-
ples is 320.

For the leave-one-out cross validation setting, we evalu-
ate the proposed feature and the experimental results are
shown in Table 9. The proposed feature outperforms other
methods, demonstrating that the proposed feature is suit-
able for normal RGB-D video-based recognition.

In one-shot learning setting, it is similar to the experi-
ments on CAD-60. The only difference is that we randomly
selected two samples (standing and sitting) of each action
per subject in the training stage. That is because each action
is executed twice: standing and sitting positions. As shown
in Table 10, the proposed feature outperforms other descrip-
tors and achieves 41.2 percent accuracy, which is 4:5 percent
higher than the 3D SMoSIFT.

5 CONCLUSION

We have thoroughly reviewed the research on one-shot
learning gesture recognition fromRGB-D data.We have ana-
lyzed the great challenges, and pointed out some future
research directions. Then, we proposed the MFSK feature,
which is robust and invariant to scale, rotation and partial
occlusions. To further improve the recognition performance,
we have presented amethod to artificially augment the train-
ing samples, based on building temporal scales, which are
beneficial for recognizing gestures with different speeds. We
have also evaluated the proposed method on CGD and
another two RGB-D datasets. Experimentally the proposed
approach has achieved very promising results under either
one-shot learning or leave-one-out cross validation.

TABLE 8
Comparisons between the MFSK and Individual Feature Descriptors on the CAD-60 Dataset Using One-Shot Learning Settings

HOGHOF MBH 3D SMoSIFT MFSK

Location Activity precision recall F1 score precision recall F1 score precision recall F1 score precision recall F1 score

brushing teeth 90 40 54 53.3 26.7 33.3 70 40 47.4 100 53.3 68
bathroom rinsing mouth with water 90 100 94.3 77 93.3 81.5 90 100 94.3 95 85.6 97.1

wearing contact lenses 83.1 97.1 89.5 80.9 91.4 85.2 83.2 94.3 87.9 85.6 100 92.2
Average 87.7 79 79.3 70.4 70.5 66.7 81.1 78.1 76.5 93.5 84.4 85.8

drinking water 36.9 73.3 47 27 40 32.1 15.7 33.3 21 43.3 80 53.7
bedroom opening pill container 80.9 61.8 69.2 73.7 63.6 66.3 72 50.9 59.2 82.3 58.2 67.3

talking on the phone 61.3 46.7 49.3 29 26.7 22.3 21.8 33.3 25 14.7 20 16.7
Average 59.7 60.6 55.2 43.2 43.4 40.2 36.5 39.2 35.1 46.7 52.7 45.9

cooking (chopping) 59.1 60 53.3 39 40 37.3 38 26.7 28 48.3 46.7 46.8
cooking (stirring) 84.7 50.9 59.9 63.8 52.7 55.4 64.1 54.5 56.5 78 63.6 68.5

kitchen drinking water 30.7 53.3 37.3 37.3 40 38.3 33.5 26.7 25.7 31 53.3 37.8
opening pill container 31.7 33.3 30.7 31.9 46.7 36.8 27.6 46.7 33.3 26.9 46.7 33.6
Average 51.5 49.4 45.3 43 44.8 42 40.8 38.6 35.9 46.1 52.6 46.6

drinking water 47.6 80 56.1 33.7 66.7 43.8 26.7 33.3 26 34.5 60 43.1
living relaxing on couch 5 6.7 5.7 14.7 26.7 18.9 12.4 26.7 16.9 36.7 33.3 30.3
room talking on couch 23.3 26.7 24.8 20 6.7 10 33.3 26.7 29.3 53.3 40 45.3

talking on the phone 25 26.7 25.1 10 6.7 8 11.4 26.7 16 19 20 18.7
Average 25.2 35 27.9 19.6 26.7 20.2 21 28.3 22.1 35.9 38.3 34.4

drinking water 50.6 60 48.4 55.3 60 55.8 30.5 46.7 33.7 46.1 53.3 40.9
talking on the phone 40 20 26 10 6.7 8 6.7 6.7 6.7 35 26.7 27.1

office working on computer 100 66.7 80 100 86.7 92 38 26.7 28 100 80 88
writing on whiteboard 41.7 66.7 50.1 58.3 86.7 68.8 17.1 40 24 70.3 80 68.8
Average 58.1 53.3 51.1 55.9 60 56.1 23.1 30 23.1 62.9 60 56.2

Overall Average 56.4 55.5 51.8 46.4 49.1 45 40.5 42.8 38.5 57 57.6 53.8

TABLE 9
Comparison on the MSR Daily Activity 3D Dataset

Approach Average accuracy(%)

Wang et al. 2012 [60] 67.9
Oreifej et al. 2013 [67] 74.8
Ming et al. 2012 [50] 75.9
Li and Ling et al. 2013 [68] 78.1
Wan et al. 2013 [9] 86.0
Wan et al. 2014 [20] 93.2
Ours (MFSK+BoVW) 95.7

TABLE 10
Descriptor Comparisons in the MFSK Feature on the MSR Daily

Activity 3D Dataset under One-Shot Learning Seeting

3D SMoSIFT HOGHOF MBH MFSK

accuracy (%) 36.7 32.1 27.3 41.2

WAN ETAL.: EXPLORE EFFICIENT LOCAL FEATURES FROM RGB-D DATA FOR ONE-SHOT LEARNING GESTURE RECOGNITION 1637



ACKNOWLEDGMENTS

This work was supported by the Chinese National Natural
Science Foundation Projects ]61203267, ]61375037,
]61473291, ]61572501, ]61502491, National Science and Tech-
nology Support Program Project ]2013BAK02B01, Chinese
Academy of Sciences Project No. KGZD-EW-102-2, and
AuthenMetric R&D Funds.

REFERENCES

[1] S. Mitra and T. Acharya, “Gesture recognition: A survey,” Syst.,
Man, Cybern., Part C: Appl. Rev., vol. 37, no. 3, pp. 311–324,May 2007.

[2] L. Pigou, S. Dieleman, P.-J. Kindermans, and B. Schrauwen, “Sign
language recognition using convolutional neural networks,” in
Proc. Eur. Conf. Comput. Vis., Workshop, 2014, pp. 572–578.

[3] S. S. Rautaray and A. Agrawal, “Vision based hand gesture recog-
nition for human computer interaction: A survey,” Artif. Intell.
Rev., vol. 43, no. 1, pp. 1–54, 2015.

[4] K. Qian, J. Niu, and H. Yang, “Developing a gesture based remote
human-robot interaction system using Kinect,” Int. J. Smart Home,
vol. 7, no. 4, pp. 203–208, 2013.

[5] F. Porikli, F. Br�emond, S. L. Dockstader, J. Ferryman, A. Hoogs,
B. C. Lovell, S. Pankanti, B. Rinner, P. Tu, and P. L. Venetianer,
“Video surveillance: past, present, and now the future,” IEEE Sig-
nal Process. Mag., vol. 30, no. 3, pp. 190–198, 2013.

[6] S. Reifinger, F. Wallhoff, M. Ablassmeier, T. Poitschke, and G. Rig-
oll, “Static and dynamic hand-gesture recognition for augmented
reality applications,” in Proc. Human-Comput. Interaction. HCI
Intell. Multimodal Interaction Environ., 2007, pp. 728–737.

[7] M.-C. Roh, B. Christmas, J. Kittler, and S.-W. Lee, “Gesture spot-
ting for low-resolution sports video annotation,” Pattern Recog.,
vol. 41, no. 3, pp. 1124–1137, 2008.

[8] T. Pfister, J. Charles, and A. Zisserman, “Domain-adaptive dis-
criminative one-shot learning of gestures,” in Proc. 13th Eur. Conf.
Comput. Vis., 2014, pp. 814–829.

[9] J. Wan, Q. Ruan, W. Li, and S. Deng, “One-shot learning gesture
recognition from RGB-D data using bag of features,” J. Mach.
Learning Res., vol. 14, no. 1, pp. 2549–2582, 2013.

[10] J. Yamato, J. Ohya, and K. Ishii, “Recognizing human action in
time-sequential images using hidden Markov model,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recog., 1992, pp. 379–385.

[11] D. Wu, F. Zhu, and L. Shao, “One shot learning gesture recogni-
tion from RGBD images,” in Proc. IEEE Comput. Soc. Conf. Comput.
Vis. Pattern Recog. Workshops, 2012, pp. 7–12.

[12] A. Farhadi, D. Forsyth, and R. White, “Transfer learning in sign
language,” in Proc. IEEE Conf. Comput. Vis. Pattern Recog., 2007,
pp. 1–8.

[13] I. Guyon, V. Athitsos, P. Jangyodsuk, H. J. Escalante, and B.
Hamner, “Results and analysis of the chalearn gesture challenge
2012,” in Proc. Int. Workshop Adv. Depth Image Anal. Appl., 2013,
pp. 186–204.

[14] D. Wu and L. Shao, “Silhouette analysis-based action recognition
via exploiting human poses,” IEEE Trans. Circuits Syst. Video Tech-
nol., vol. 23, no. 2, pp. 236–243, Feb. 2013.

[15] T. Xia, D. Tao, T. Mei, and Y. Zhang, “Multiview spectral
embedding,” IEEE Trans. Syst., Man Cybern., Part B: Cybern.,
vol. 40, no. 6, pp. 1438–1446, Dec. 2010.

[16] Y. M. Lui, “Human gesture recognition on product manifolds,”
J. Mach. Learning Res., vol. 13, no. 1, pp. 3297–3321, 2012.

[17] N. A. Goussies, S. Ubalde, and M. Mejail, “Transfer learning deci-
sion forests for gesture recognition,” J. Mach. Learning Res., vol. 15,
pp. 3667–3690, 2014.

[18] I. Guyon, V. Athitsos, P. Jangyodsuk, and H. J. Escalante, “The
chalearn gesture dataset (CGD 2011),” Mach. Vis. Appl., vol. 25,
no. 8, pp. 1929–1951, 2014.

[19] J. Kone�cnỳ and M. Hagara, “One-shot-learning gesture recogni-
tion using HOG-HOF features,” J. Mach. Learning Res., vol. 15,
no. 1, pp. 2513–2532, 2014.

[20] J. Wan, Q. Ruan, W. Li, G. An, and R. Zhao, “3D SMoSIFT: Three-
dimensional sparse motion scale invariant feature transform for
activity recognition from RGB-D videos,” J. Electron. Imaging,
vol. 23, no. 2, p. 023 017, 2014.

[21] N. Dalal and B. Triggs, “Histograms of oriented gradients for
human detection,” in Proc. IEEE Comput. Soc. Conf. Comput. Vis.
Pattern Recog., 2005, vol. 1, pp. 886–893.

[22] A. Kl€aser, M. Marsza»ek, and C. Schmid, “A spatio-temporal
descriptor based on 3D-gradients,” in Proc. Brit. Mach. Vis. Conf.,
2008, pp. 995–1004.

[23] D. G. Lowe, “Distinctive image features from scale-invariant key-
points,” Int. J. Comput. Vis., vol. 60, no. 2, pp. 91–110, 2004.

[24] H. Bay, A. Ess, T. Tuytelaars, and L. Van Gool, “Speeded-up
robust features (surf),” Comput. Vis. Image Understanding, vol. 110,
no. 3, pp. 346–359, 2008.

[25] B. Lucas, T. Kanade, et al., “An iterative image registration tech-
nique with an application to stereo vision,” in Proc. 7th Int. Joint
Conf. Artif. Intell., 1981, pp. 674–679.

[26] M. R. Malgireddy, I. Inwogu, and V. Govindaraju, “A temporal
Bayesian model for classifying, detecting and localizing activities
in video sequences,” in Proc. IEEE Comput. Soc. Conf. Comput. Vis.
Pattern Recog. Workshops, 2012, pp. 43–48.

[27] M. R. Malgireddy, I. Nwogu, and V. Govindaraju, “Language-
motivated approaches to action recognition,” J. Mach. Learning
Res., vol. 14, no. 1, pp. 2189–2212, 2013.

[28] H. J. Escalante, I. Guyon, V. Athitsos, P. Jangyodsuk, and J. Wan,
“Principal motion components for gesture recognition using a sin-
gle-example,” arXiv preprint arXiv:1310.4822, 2013.

[29] B. Liang and L. Zheng, “Gesture recognition from one example
using depth images,” Lecture Notes Softw. Eng., vol. 1, no. 4,
pp. 339–343, 2013.

[30] A. Hern�andez-Vela, M. �A. Bautista, X. Perez-Sala, V. Ponce-L�opez,
S. Escalera, X. Bar�o, O. Pujol, and C. Angulo, “Probability-based
dynamic time warping and bag-of-visual-and-depth-words for
human gesture recognition in RGB-D,” Pattern Recog. Lett., vol. 50,
pp. 112–121, 2014.

[31] L. Fei-Fei, R. Fergus, and P. Perona, “One-shot learning of object
categories,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 28, no. 4,
pp. 594–611, Apr. 2006.

[32] E. G. Miller, N. E. Matsakis, P. Viola, et al., “Learning from one
example through shared densities on transforms,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recog., 2000, vol. 1, pp. 464–471.

[33] R. Krishnan and S. Sarkar, “Conditional distance based matching
for one-shot gesture recognition,” Pattern Recog., vol. 48, no. 4,
pp. 1298–1310, 2015.

[34] N. Otsu, “A threshold selection method from gray-level histo-
grams,” Automatica, vol. 11, no. 285-296, pp. 23–27, 1975.

[35] S. R. Fanello, I. Gori, G. Metta, and F. Odone, “One-shot learning
for real-time action recognition,” in Proc. Pattern Recog. Image
Anal., 2013, pp. 31–40.

[36] S. R. Fanello, I. Gori, G. Metta, and F. Odone, “Keep it simple and
sparse: Real-time action recognition,” J. Mach. Learning Res.,
vol. 14, no. 1, pp. 2617–2640, 2013.

[37] J. Wan, V. Athitsos, P. Jangyodsuk, H. Escalante, Q. Ruan, and I.
Guyon, “CSMMI: Class-specific maximization of mutual informa-
tion for action and gesture recognition,” IEEE Trans. Image Pro-
cess., vol. 23, no. 7, pp. 3152–3165, Jul. 2014.

[38] F. Jiang, S. Zhang, S. Wu, S. Deng, G. Yang, and D. Zhao, “Multi-
layered gesture recognition with Kinect,” J. Mach. Learning Res.,
vol. 16, pp. 227–254, 2015.

[39] A. F. Bobick and J. W. Davis, “The recognition of human move-
ment using temporal templates,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 23, no. 3, pp. 257–267, Mar. 2001.

[40] A. Viterbi, “Error bounds for convolutional codes and an asymp-
totically optimum decoding algorithm,” IEEE Trans. Inf. Theory,
vol. 13, no. 2, pp. 260–269, Apr. 1967.

[41] D. Kim, J. Song, and D. Kim, “Simultaneous gesture segmentation
and recognition based on forward spotting accumulative HMMs,”
Pattern Recog., vol. 40, no. 11, pp. 3012–3026, 2007.

[42] M. Elmezain, A. Al-Hamadi, and B. Michaelis, “A robust method
for hand gesture segmentation and recognition using forward
spotting scheme in conditional random fields,” in Proc. 20th Int.
Conf. Pattern Recog., 2010, pp. 3850–3853.

[43] J. D. Mcauliffe and D. M. Blei, “Supervised topic models,” in Proc.
Adv. Neural Inf. Process. Syst., 2008, pp. 121–128.

[44] H. Lee, A. Battle, R. Raina, and A. Y. Ng, “Efficient sparse coding
algorithms,” in Proc. Adv. Neural Inf. Process. Syst., 2006, pp. 801–808.

[45] Z. Jiang, Z. Lin, and L. S. Davis, “Learning a discriminative dictio-
nary for sparse coding via label consistent K-SVD,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recog., 2011, pp. 1697–1704.

[46] V. N. Vapnik and V. Vapnik, Statistical Learning Theory. New York,
NY, USA: Wiley, 1998, vol. 1.

[47] I. Guyon, J. Weston, S. Barnhill, and V. Vapnik, “Gene selection
for cancer classification using support vector machines,” Machine
Learning, vol. 46, nos. 1–3, pp. 389–422, 2002.

1638 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 38, NO. 8, AUGUST 2016



[48] H. Ney and S. Ortmanns, “Dynamic programming search for con-
tinuous speech recognition,” IEEE Signal Process. Mag., vol. 16,
no. 5, pp. 64–83, 1999.

[49] R. Yang, S. Sarkar, and B. Loeding, “Handling movement epen-
thesis and hand segmentation ambiguities in continuous sign lan-
guage recognition using nested dynamic programming,” IEEE
Trans. Pattern Anal. Mach. Intell., vol. 32, no. 3, pp. 462–477,
Mar. 2010.

[50] Y. Ming, Q. Ruan, and A. Hauptmann, “Activity recognition from
RGB-D camera with 3D local spatio-temporal features,” in Proc.
IEEE Int. Conf. Multimedia Expo, 2012, pp. 344–349.

[51] P. Viola andM. Jones, “Rapid object detection using a boosted cas-
cade of simple features,” in Proc. IEEE Comput. Soc. Conf. Comput.
Vis. Pattern Recog., 2001, vol. 1, pp. I–511.

[52] G. Bradski, Dr. Dobb’s Journal of Software Tools, 2000, Available:
http://code.opencv.org/projects/opencv/wiki/CiteOpenCV

[53] I. Laptev, M. Marszalek, C. Schmid, and B. Rozenfeld, “Learning
realistic human actions from movies,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recog., 2008, pp. 1–8.

[54] H. Wang, M. M. Ullah, A. Klaser, I. Laptev, and C. Schmid,
“Evaluation of local spatio-temporal features for action recog-
nition,” in Proc. Brit. Mach. Vis. Conf., 2009, pp. 124.1–124.11.

[55] H. Wang, A. Kl€aser, C. Schmid, and C.-L. Liu, “Dense trajectories
and motion boundary descriptors for action recognition,” Int.
J. Comput. Vis., vol. 103, no. 1, pp. 60–79, 2013.

[56] N. Dalal, B. Triggs, and C. Schmid, “Human detection using ori-
ented histograms of flow and appearance,” in Proc. Comput. Vis.,
2006, pp. 428–441.

[57] P. Doll�ar, V. Rabaud, G. Cottrell, and S. Belongie, “Behavior recog-
nition via sparse spatio-temporal features,” in Proc. IEEE Int.
Workshop Visual Surveillance Perform. Eval. Tracking Surveillance,
2005, pp. 65–72.

[58] I. Laptev, “On space-time interest points,” Int. J. Comput. Vis.,
vol. 64, no. 2, pp. 107–123, 2005.

[59] J. Sung, C. Ponce, B. Selman, and A. Saxena, “Unstructured
human activity detection from rgbd images,” in Proc. IEEE Conf.
Robot. Autom., 2012, pp. 842–849.

[60] J. Wang, Z. Liu, Y. Wu, and J. Yuan, “Mining actionlet ensemble
for action recognition with depth cameras,” in Proc. IEEE Conf.
Comput. Vis. Pattern Recog., 2012, pp. 1290–1297.

[61] Y. Zhu, W. Chen, and G. Guo, “Evaluating spatiotemporal interest
point features for depth-based action recognition,” Image Vis.
Comput., vol. 32, no. 8, pp. 453–464, 2014.

[62] G. Parisi, C. Weber, and S. Wermter, “Self-organizing neural inte-
gration of pose-motion features for human action recognition,”
Frontier Neurobot., vol. 9, no. 3, pp. 1–14, 2015.

[63] D. R. Faria, C. Premebida, and U. Nunes, “A probabilistic
approach for human everyday activities recognition using body
motion from rgb-d images,” in Proc. 23rd IEEE Int. Symp. Robot
Human Interactive Commun., 2014, pp. 732–737.

[64] B. Ni, Y. Pei, P. Moulin, and S. Yan, “Multilevel depth and image
fusion for human activity detection,” IEEE Trans. Cybern., vol. 43,
no. 5, pp. 1383–1394, Oct. 2013.

[65] R. Gupta, A. Y.-S. Chia, and D. Rajan, “Human activities recogni-
tion using depth images,” in Proc. 21st ACM Int. Conf. Multimedia,
2013, pp. 283–292.

[66] C. Zhang and Y. Tian, “RGB-D camera-based daily living activity
recognition,” J. Comput. Vis. Image Process., vol. 2, no. 4, p. 12, 2012.

[67] O. Oreifej and Z. Liu, “HON4D: Histogram of oriented 4D nor-
mals for activity recognition from depth sequences,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recog., 2013, pp. 716–723.

[68] L. Liu and L. Shao, “Learning discriminative representations from
RGB-D video data,” in Proc. Int. Joint Conf. Artif. Intell., 2013,
pp. 1493–1500.

Jun Wan received the BS degree from the China
University of Geosciences, Beijing, China, in
2008, and the PhD degree from the Institute of
Information Science, Beijing Jiaotong University,
Beijing, China, in 2015. Since January 2015, he
has been an assistant professor at the National
Laboratory of Pattern Recognition (NLPR), Insti-
tute of Automation, Chinese Academy of Science
(CASIA). He received the 2012 ChaLearn One-
Shot-Learning Gesture Challenge Award, spon-
sored by Microsoft, ICPR 2012. He also received

the 2013, 2014 Best Paper Award from the Institute of Information Sci-
ence, Beijing, Jiaotong University. His main research interests include
computer vision, machine learning, especially for gesture and action rec-
ognition, face attribution recognition.

Guodong Guo (M’07-SM’07) received the BE
degree in automation from the Tsinghua Univer-
sity, Beijing, China, the PhD degree in pattern
recognition and intelligent control from the Chi-
nese Academy of Sciences, Beijing, China, and
the PhD degree in computer science from the
University of Wisconsin-Madison, Madison, WI, in
2006. He is an associate professor with the
Department of Computer Science and Electrical
Engineering, West Virginia University (WVU),
Morgantown, WV. In the past, he visited and

worked in several places, including INRIA, Sophia Antipolis, France; Rit-
sumeikan University, Kyoto, Japan; Microsoft Research, Beijing, China;
and North Carolina Central University. He authored a book, Face,
Expression, and Iris Recognition Using Learning-Based Approaches
(2008), co-edited a book, Support Vector Machines Applications (2014),
and published over 60 technical papers. His research interests include
computer vision, machine learning, and multimedia. He received the
North Carolina State Award for Excellence in Innovation in 2008, Out-
standing Researcher in 2013-2014 at the CEMR, WVU, and New
Researcher of the Year in 2010-2011 at the CEMR, WVU. He was
selected the “People’s Hero of the Week” by BSJB under Minority Media
and Telecommunications Council (MMTC) on July 29, 2013. Two of his
papers were selected as “The Best of FG’13” and “The Best of FG’15”,
respectively. He is a senior member of the IEEE.

Stan Z. Li received the BEng degree from the
Hunan University, China, the MEng degree from
the National University of Defense Technology,
China, and the PhD degree from Surrey Univer-
sity, United Kingdom. He is currently a professor
and the director of Center for Biometrics and
Security Research (CBSR), Institute of Automa-
tion, Chinese Academy of Sciences (CASIA). He
was at Microsoft Research Asia as a researcher
from 2000 to 2004. Prior to that, he was an asso-
ciate professor at Nanyang Technological Univer-

sity, Singapore. His research interests include pattern recognition and
machine learning, image and vision processing, face recognition, bio-
metrics, and intelligent video surveillance. He has published more than
200 papers in international journals and conferences, and authored and
edited eight books. He was an associate editor of the IEEE Transactions
on Pattern Analysis and Machine Intelligence and is acting as the editor-
in-chief for the Encyclopedia of Biometrics. He served as a program
cochair for the International Conference on Biometrics 2007 and 2009,
and has been involved in organizing other international conferences and
workshops in the fields of his research interest. He was elevated to IEEE
fellow for his contributions to the fields of face recognition, pattern recog-
nition and computer vision, and he is a member of the IEEE Computer
Society.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.

WAN ETAL.: EXPLORE EFFICIENT LOCAL FEATURES FROM RGB-D DATA FOR ONE-SHOT LEARNING GESTURE RECOGNITION 1639



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


