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Abstract— Human action recognition is challenging, due to
large temporal and spatial variations in actions performed by
humans. These variations include significant nonlinear temporal
stretching. In this paper, we propose an intuitively simple
method to extract action templates from 3D human joint data
that is insensitive to nonlinear stretching. The extracted action
templates are used as the training instances of the actions to
train multiple classifiers including a multi-class SVM classifier.
Given an unknown action, we first extract and classify all its
constituent atomic actions and then assign the action label
via an equal voting scheme. We have tested the method on
two public datasets that contain 3D human skeleton data. The
experimental results show the proposed method can obtain
a comparable or better performance than published state-of-
the-art methods. Additional experiments also demonstrate the
method works robustly on randomly stretched actions.

I. INTRODUCTION

Action recognition has many applications in robotics and
computer vision [26],[17],[15] including healthcare mon-
itoring and human-robot interaction. Recognizing human
actions from RGB image sequences has been a long-standing
challenge [32],[2], partly due to the fact that it is difficult
to robustly track humans and extract action descriptors
from RGB images. The recent advent of inexpensive depth
cameras such as the Microsoft Kinect sensor has alleviated
the problem as depth images make tracking and extrac-
tion less difficult. However, if body parts are not correctly
labeled, precisely recognizing actions from depth images
is still challenging. Fortunately, extracting human skeleton
coordinates from a single depth image can be efficiently
done in real time [30]. While conventional motion capture
(MoCap) techniques employ expensive reflective markers or
intrusive inertial sensors to provide 3D marker coordinates,
a depth sensor based MoCap system has a much lower cost
and will be much simpler to set up. Therefore, our focus is
on developing an algorithm that can recognize human actions
from 3D joint coordinates in a fast and robust manner.

Still, due to the varied nature of human actions, it is
not trivial to extract expressive features from 3D coordi-
nates to recognize actual human actions. Specifically, there
are several difficulties in the temporal domain we need
to address, such as random pauses, nonlinear stretching,
and repetitions. Due to these challenges, if we directly use
the raw 3D coordinates as features without preprocessing
or feature selection, the intra-class variance will be very
large, making recognition difficult. Although algorithms like
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Fig. 1: Outline of the method to segment and extract poses for action
recognition.

HMM and MEMM have had some success in classifying
sequence-based human actions, their optimization can be
easily undermined by local maxima and multiple parameters.
Additionally, they are not specifically designed to tackle
challenges like temporal stretching. Therefore, a fast and
simple method to recognize human actions and that is robust
to temporal stretching is necessary.

In this paper, we present a method to recognize human
actions from 3D human skeleton coordinates. It consists
of a sequence of steps to address the spatial and temporal
challenges. The 3D skeleton data is normalized so that all
poses have the same size, position, and orientation relative
to the sensor. Then segmentation is performed on the pose
sequence to extract key poses, which constitute the atomic
action templates (Figure 1). This step eliminates the influence
of nonlinear stretching and random pauses in the temporal
domain, thus greatly reducing intra-class variance. The third
step builds a classification model that can classify actions
accurately and efficiently.

The remainder of this paper is organized as follows.
Section II introduces related work, Section III describes the
preprocessing of 3D skeleton data and the feature extraction.
The classifier design is discussed in Section IV. Experimental
results and analysis are presented in Section V. Section VI
concludes with a summary and discussion of future work.
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II. RELATED WORK

A. Input Features

Various types of sensor data have been used for human
action recognition. Early work on action recognition was
done with RGB image and video data. Aggarwal and Ryoo’s
comprehensive survey [2] focuses on human action recog-
nition in images and videos, and describes and compares
the most widely used approaches. Action recognition and
monitoring using inertial sensor data was explored by Maurer
et al. [21]. However, these sensors are more intrusive and
expensive than RGB cameras, and also cannot be set up and
accessed as easily as them.

Going beyond RGB images and videos, the recent ad-
vent of inexpensive RGB-D sensors such as the Microsoft
Kinect [1] that directly provide depth information has trig-
gered an increasing interest in using depth images for pose
estimation [30],[10] and action recognition [18],[31]. Depth
images coupled with RGB images have more information
available to discriminate different poses and actions, com-
pared to RGB images. Chen et al. [7] summarize research on
pose estimation and action recognition using depth images.
Li et al. [18] used a sampling method to sample from 3D
points in depth images to recognize actions. Wang et al. [33]
extract Random Occupancy Patterns from depth sequences,
use sparse coding to encode these features, and classify
actions. Munaro et al. [22] developed a 3D grid-based
descriptor from point cloud data and recognize different
actions using nearest neighbors.

An alternative approach is to utilize 3D data on skeleton
joint positions from the depth information. Given a single
pose image, 3D joint positions of a human can be esti-
mated [30]. Sung et al. [31] combine both the 3D skeleton
information and depth images to detect and recognize human
actions. Their feature set for a static pose has about about
700 elements, including joint positions and Histogram of
Oriented Gradients (HOG) of RGB and depth images. Xia
et al. [39] use 3D joint coordinates to describe the skeleton
configuration using spherical angles computed to the joints
from a reference point at the hip. They discretize the spher-
ical space and use the histogram of 3D joint locations as
features for a discrete HMM to perform activity recognition.
Zhang and Tian [41] define a structure similarity in different
actions and employ a set of SVM classifiers to recognize
actions. Oreifej and Liu [25] extract body parts and joint
coordinates from depth images, and then use the histogram
of oriented 4D normals of body parts and joint coordinates
to recognize actions.

In this paper, only 3D skeleton data estimated from
depth sensors will be employed. We are interested in the
recognition performance when only 3D coordinates of joints
of humans are used. The advantage of using 3D coordinates
is the smaller number of features, compared to depth images.

B. Classification Model

Human actions can be viewed as time series data. The
approach to classification of time series data is slightly

different from conventional pattern recognition problems,
since training and testing samples may have different lengths.
Usually, there are two classes of methods for time series
recognition, sequence-based classification algorithms and
classification using high-level feature extraction.

Among the sequence-based classification algorithms, dy-
namic time warping (DTW), hidden Markov models (HMM)
and maximum-entropy Markov models (MEMM) have been
used in many applications. DTW has been used to represent,
recognize, and predict activities with the motion trajectory
features [8],[11],[38],[29]. Calinon et al. [4], [5] employ
HMMs to recognize and reproduce movement of humanoid
robots. Piyathilaka and Kodagoda [27] use a Gaussian mix-
ture model based HMM to recognize human activities using
3D positions of each skeleton joint as input features. Sung et
al. [31] use a two-layer MEMM to recognize human actions
from both 3D skeleton information and depth images.

However, if we extract high-level features from pose
sequences, additional machine learning algorithms can be
used [41][40][35]. Yang and Tian [40] used Accumulated
Motion Energy (AME) computed from 3D skeleton joints
and used a non-parametric Naive-Bayes-Nearest-Neighbor
(NBNN) classifier. Wang et al. [34], [35] proposed an ac-
tionlet ensemble model using a temporal pyramid of Fourier
transform coefficients of 3D joint positions and depth images,
and tested it on five datasets.

This paper performs classification using high-level fea-
tures extracted using our segmentation algorithm. Various
segmentation techniques have been developed in computer
vision [20], [37], [13], [16]; our approach is most closely
related to Marr and Vaina’s [20] state-motion-state shape
representation for motion recognition. In this paper, we
extract key poses using kinetic energy to segment sequences
of human action data.

III. OUR APPROACH

In this section, we first describe the preprocessing of 3D
skeleton data. We then explain the extraction of temporal
features of actions, a key aspect of the paper.

A. Preprocessing of 3D Skeleton Data

The (x, y, z) coordinates of human joints can be obtained
from RGB-D sensors. It is therefore natural to use the coor-
dinates of all J joints as a descriptor of a static pose P , i.e., a
configuration of a skeleton. However, raw coordinates cannot
be used directly, since they are dependent on variables such
as the human subject’s height, limb length, and orientation
and position with respect to camera. Hence we preprocess
the raw coordinates to make the descriptor of static pose
insensitive to the aforementioned variables.

To normalize the 3D skeleton data, raw 3D coordinates
are preprocessed by the following three steps:

1) Translation. To eliminate the effect of different cam-
era positions, the origin of the coordinate system is
translated to a predefined joint on the human skeleton,
e.g., hip center.
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2) Rotation. The static poses are rotated to a predefined
orientation.

3) Scaling. After translation and rotation, we uniformly
scale all poses into a fixed range using their height and
shoulder width, reducing the influence of differences
in human height and limb lengths.

The resulting coordinates are normalized. The coordinates
of the joint selected as the origin are (0, 0, 0), and only
3(J − 1) values are needed to represent a static pose.

For real datasets, additional preprocessing steps are needed
due to sensor error and noise. A simple moving average is
employed to smooth the data. In the presence of substantial
noise, estimated coordinates provided by the depth camera
may be corrupted. “Corrupted” poses are those poses that
cannot be validated as feasible human poses; they usually
lead to sharp discontinuities in motion. For example, when
a subject is not in the view of depth camera, the estimated
joint coordinates during this time may all be zeros, which
may compromise the entire action sample. Therefore, it is
necessary to detect corrupted poses. In our implementation,
if a pose is slightly corrupted, we correct the pose based
on geometric information. Otherwise, if the pose is heavily
corrupted, it is simply discarded.

B. Identifying Key Poses using Pose Kinetic Energy

We next define key poses and pose kinetic energy. Af-
terward, we discuss the usage of pose kinetic energy for
identifying key poses.

In a sufficiently long action sample with multiple repe-
titions of atomic actions, the movement of certain human
joints show acceleration and deceleration alternately. This
leads to changes in the total kinetic energy of all joints.
Therefore, some special poses that have the minimal kinetic
energy in a local neighborhood are good descriptors of an
action type, because these poses identify extremal positions
of action in high dimensional space. We refer to these poses
as key poses. For example, one key pose in a drinking water
action is where the human’s glass-grasping hand changes
its movement direction, from moving upward to moving
downward. Key poses can be used to segment and recognize
actions, as we demonstrate in this paper.

A human action sample S is an ordered sequence of poses
S = (P1, P2, . . . , PT ), where the ith pose Pi ∈ Rd, T is the
number of poses in the sequence, and d is the dimension of
each pose. S can be viewed as a path from P1 to PT in Rd

space.
The kinetic energy E(Pi) at a pose Pi is defined to be the

sum of the kinetic energy over all its d dimensions. That is,

E(Pi) =

d∑
j=1

E(P j
i ) (1)

where P j
i is the jth dimension of the pose Pi.

The kinetic energy is proportional to the square of velocity.
We ignore the mass term in kinetic energy as it is not
relevant. The velocity can be approximated in our case

by considering finite differences of position divided by the
sampling time interval ∆T , i.e.

vji =
P j
i − P

j
i−1

∆T
(2)

E(P j
i ), the kinetic energy of the jth dimension of pose Pi,

can be computed as follows:

E(P j
i ) =

1

2

(
P j
i − P

j
i−1

∆T

)2

(3)

Substituting Equation 3 into Equation 1, we obtain,

E(Pi) =
1

2

d∑
j=1

(
P j
i − P

j
i−1

∆T
)2 (4)

The key poses are those stationary poses that have zero
kinetic energy, which means a key pose P ∗ must satisfy:

E(P ∗) = 0 (5)

However, since the sampling frequency may not be suffi-
ciently high to capture the exact pose when the key pose has
zero energy, the computed kinetic energy of a key pose may
be slightly larger than zero. To make the algorithm more
robust for real data, we change Equation 5 to:

E(P ∗) < Eminimal (6)

where Eminimal is a parameter that we need to tune through
experiments.
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Fig. 2: Key poses identified from an example “drinking water” action sample
from the Cornell dataset are indicated by the dashed vertical lines (top). A
subset of the identified key poses are shown in the images (bottom).

Fig. 2 shows an example of extracted key poses using a
“drinking water” action sample from the Cornell Activity
dataset [31]. The “drinking water” atomic action has been-
repeated seven times, each repetion of which differs from
the others in temporal duration and spatial path. Despite the
obvious challenges posed by variations in the magnitude and
speed of each atomic action, the presented method based on
pose kinetic energy successfully identifies all the key poses.
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The key poses extracted by the method should be insensi-
tive to the temporal stretching commonly seen in real actions.
In Section V-A.4, we will demonstrate the robustness of
the method with experiments that show the key poses can
overcome distortion due to random temporal stretching.

C. Atomic Action Templates

After key poses are identified, we can use them to compose
the atomic action templates, a spatiotemporal representation.
One common feature representation in information retrieval
and computer vision is a bag-of-words model [19]. However,
since the relative order of poses is critical to describe human
actions, we instead define an atomic action template as an
n-tuple consisting of n poses in temporal order.

Atomic action templates will more closely approximate
samples as n increases. However, n should not be too
large, otherwise it will make the feature representation less
generalized and increase computation. In this paper, we chose
n to be 5 after extensive experiments. In one atomic action
template, the first, third and fifth pose are three key poses
directly obtained from pose kinetic energy, while the second
pose is temporally in the middle of the first and the third
poses, and the fourth pose is midway between the third and
fifth poses. So one atomic action template is a feature vector
of 3n(J−1) scalar values. There is a template originating at
each key pose, with overlap between successive templates.

The underlying assumption of this method is that an action
is defined by the presence of a few key poses, independent
of the majority of the intermediate poses and the speed of
the motion between poses.

In the datasets we have tested, the action samples have
different numbers of poses as well as different numbers of
repetitions. One or more atomic action templates can be
extracted from an action sample. In the training phase, all the
atomic action templates belonging to the same action type
are training instances of the action type. In the testing phase,
a testing action sample is processed using the presented
pipeline (Fig. 1). First, the identified one or more atomic
action templates will be extracted from the testing action
sample; then, the label of each atomic action template will
be determined by the classifier we have trained; finally, the
class label of the testing action sample will be assigned via
an equal voting scheme.

IV. CLASSIFICATION MODELS

After the features for an action sample are extracted, they
are fed into a classification model. To test our feature rep-
resentation more thoroughly, we employ four classification
models. HMM is chosen to be the baseline classification
model, as a typical generative model and sequence-based
classification algorithm. In addition, we used K-Nearest
Neighbor (KNN), Support Vector Machine (SVM), and Ran-
dom Forest (RF). We now discuss their settings.

• HMMs [28],[3] have found wide applicability in many
areas such as speech recognition. A HMM first has
to be trained for each action type. Given a set of
observation sequences, we can learn the parameters

of HMMs using the Expectation Maximization (EM)
algorithm [28],[3]. Given an action sample Aj , which
consists of a series of L observed poses, o1, o2, . . . , oL,
we can calculate the probability of the action Aj for
the ith action type Ti, that is P (Aj |Ti). In general, an
HMM is defined by three elements: the prior distribution
for initial states π, the transition matrix M(St+1|St),
and the emission matrix P (ot|St) where St is the hidden
state at time t. We use the Gaussian distribution to
model the coordinate values. Hence, the goal of training
the HMM is to learn all these parameters.

• K-Nearest Neighbor (KNN) is a lazy instance-based
classifier without training. When using KNN, all we
need to do is to provide a distance function to measure
proximity. Since the time complexity of predicting a
sample point with KNN is O(N), where N is the
number of training samples, it is not recommended
for large N . Since the number of training samples
and testing samples in the datasets we have tested is
very small, roughly 100 in each case, using KNN is a
viable option. We let K be 1 and choose the canonical
Euclidean Distance function to measure proximity.

• Support Vector Machines (SVM) try to find a hyper-
plane that can separate different classes. When com-
bined with kernel tricks, SVM shows good perfor-
mance on nonlinear classification problems. Unlike
KNN, SVM does not need to store all samples after
training, and it is faster in classifying a new sample.
However, selecting optimal kernel functions and tuning
parameters are the main challenges of applying SVM.
Since the number of features for a sample is very high
(1000+), we found that the linear kernel is a better
choice than the radial basis function (RBF) kernel.

• Random Forests (RF) is a type of ensemble classifier
that consists of multiple decision trees. When using
RF, few parameters need to be chosen. The number of
decision trees is 200 in our experiments using RF.

V. EXPERIMENTAL RESULTS

In this section, we describe the experimental settings and
datasets we used, and our test results. Finally, we compare
our results with state-of-the-art results.

To evaluate the effectiveness of our method for recognition
of 3D human actions, we used two public datasets: Cornell
Activity dataset [31] and MSR Action3D dataset [18]. To
compare our results with previous work, we use the same
experimental settings.

The parameters in our method are chosen as follows. The
size n of the atomic action template is determined by the
complexity of atomic actions, which depend on the number
of distinct key poses present. More complex atomic actions
may need larger n, with a resulting increase in computation.
To find the optimal value of n, we tested values from 1 to
20 on the Cornell activity data and MSR Action3D data. We
found n of 5is sufficiently large to obtain good recognition
results while keeping computation efficient. Eminimal is
determined by the noise level of the 3D coordinates. In
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our experiments, we let Eminimal = 10−2 m2/s2. All
experiments were run using Matlab, using software packages
including LIBSVM [6] and randomForest-matlab [14].

A. Cornell Activity Dataset

1) Data Set: The Cornell Activity Dataset [31] focuses
on realistic actions from daily life. The dataset was col-
lected using the Microsoft Kinect sensor and actions were
performed by four different human subjects, two males and
two females. Three of the subjects use the right hand to
perform actions, one of them uses the left hand. There are
12 type of actions in the dataset, which are: “talking on the
phone”, “writing on whiteboard”, “drinking water”, “rins-
ing mouth with water”, “brushing teeth”, “wearing contact
lenses”, “talking on couch”, “relaxing on couch”, “cooking
(chopping)”, “cooking (stirring)”, “opening pill container”,
and “working on computer”.

2) Experimental Setup: Since the actions to be recognized
may come from subjects whose actions are in the training
set, or from subjects whose actions are not in the training
set, each experiment must be conducted on both cases. We
adopt the naming convention from [31], calling them the
Have Seen setting and New Person setting respectively. We
follow the exactly same experiment setting in [31] and run
the “Have Seen” and “New Person” setting separately.

In the raw Cornell Dataset, most action samples actually
contain several repetitions of an atomic action. Segmentation
(Section III) is performed on the action samples. Beyond
the repetitions, there is another issue, the left-handedness
and right-handness of subjects. Three of the human subjects
use the right hand to perform actions, one of them uses
the left hand. Semantically, “drinking water with right hand
and “drinking water with left hand are equivalent because
both belong to “drinking water” action type. However, in the
feature space, they may not be close. To address the issue, we
double every action type to a right-hand version and a left-
hand version by creating mirrored copies. We train and test
on the left-handed and right-handed action types separately
and merge the results when computing the average precision
and recall.

All the results are obtained under the same settings for
all four classifiers. The performance numbers we report are
obtained consistently.

3) Comparison with Prior Work: The precision/recall
values of “Have Seen” and “New Person” setting are reported
in Table I. In “Have Seen” setting, the precision/recall reach
nearly 100%. The overall precision/recall of “Have Seen”
is higher than that of “New Person”, which is consistent
with the fact that inter-person variations make it significantly
more difficult to recognize actions from a new person. Our
discussion will focus on the “New Person” setting because
in many real application scenarios, most human actions to
be recognized will be from “new” subjects.

Table I also shows that the RF, SVM, and KNN classi-
fiers obtain nearly the same recognition performance. This
demonstrates also that the extracted feature representation is
sufficiently discriminative.

Note that we use only extracted features from the 3D
coordinates, while most other methods also used features
extracted from depth images. Table II compares the per-
formance of our method against a number of state-of-the-
art methods. The presented method outperforms previous
methods by achieving 93.8%/94.5% precision/recall in the
“New Person” setting.

TABLE I: Precision/Recall (%) of multiple classifiers on Cornell dataset.

Setting HMM RF SVM KNN
Prec. Rec. Prec. Rec. Prec. Rec. Prec. Rec.

Have
Seen 96.8 98.9 99.8 99.8 100.0 100.0 98.8 99.0

New
Person 74.2 82.5 87.9 91.2 93.8 94.5 93.3 95.2

TABLE II: A comparative summary of the performance of prior methods
and our method on the Cornell Activity dataset. (NA: Not available.)

Algorithm New Person
Prec. (%) Rec. (%) Accy. (%)

MEMM [31] 67.9 55.5 NA
SSVM [16] 80.8 71.4 NA
Kinematic Feature [41] 86 84 NA
Sparse Coding [23] NA NA 65.32
Eigenjoints [40] 71.9 66.6 NA
HMM+GMM [27] 70 78 NA
Image Fusion [24] 75.9 69.5 NA
Depth Images Segment [12] 78.1 75.4 NA
Actionlet [35] NA NA 74.70
Spatiotemporal Interest Pt. [42] 93.2 84.6 NA
Probabilistic Body Motion [9] 91.1 91.9 NA
Our Algorithm 93.8 94.5 91.9

4) Robustness under Random Stretching: Our algorithm
performs well on actions with temporal variations. The
quality of atomic action templates depends on the extracted
key poses. To test the algorithm’s robustness when actions
have greater temporal variation, we designed an experiment
to evaluate the ability of the algorithm to identify key poses
even with significant temporal stretching. We use the same
experiment setting as in the previous section. The only
difference is that we apply random temporal stretching to
the original actions.

The original actions are randomly stretched as follows.
Given a raw action sample in the Cornell Activity dataset,
we first randomly split the action into a random number of
short segments. Second, we randomly compress or lengthen
each segment temporally. Lastly, we concatenate all the
modified segments in their original order. All the training and
testing are conducted on the actions that have been randomly
stretched. Fig. 3 shows an example of random stretching. It
can be easily seen that all the atomic action templates have
been strongly stretched in a nonuniform manner.

The result of extracting the key poses is shown in Fig. 4.
Comparing the result with Fig. 2, we can confirm that the
extracted key poses are nearly the same, which demonstrates
that the method to identify key poses is very robust to
temporal stretching.

We next describe the results of testing recognition per-
formance of actions under random stretching. Table III
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shows the resulting precision and recall using the atomic
action template when SVM is selected as the classifier.
The precision/recall values in the “Have Seen” setting are
98.4%/98.8%, and the precision/recall values in the “New
Person” setting are 94.2%/95.4%. In comparison to the per-
formance on original actions without random stretching, the
performance on randomly stretched actions is degraded by a
small amount on “Have Seen” examples and in fact improves
on “New Person” examples. Again, the result demonstrates
that the presented method to identify key poses and use
atomic action templates is robust to temporal stretching.

0 200 400 600 800 1000 1200 1400 1600
−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

Frame Number

C
oo

rd
in

at
e

0 500 1000 1500 2000 2500 3000 3500 4000
−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

Frame Number

C
oo

rd
in

at
e

Fig. 3: Plots of all joint coordinates of a “drinking water” action sample
(top) and its randomly stretched version (bottom).
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Fig. 4: Plot of kinetic energy with key poses identified on the randomly
stretched “drinking water” action sample of Figure 3.

TABLE III: Prec./Rec. (%) of SVM on randomly stretched Cornell dataset.

Setting SVM
Prec. Rec.

Have Seen 98.4 98.8
New Person 94.2 95.4

B. MSR Action3D Dataset

1) Data Set: The MSR Action3D dataset [18] contains
20 action types performed by ten human subjects. The data
is collected with a depth camera similar to the Microsoft
Kinect sensor. The action types are categorized into three
subsets. There are 567 action samples in the dataset, of which

557 were usable after removing 10 heavily corrupted action
samples.

2) Experimental setup: To evaluate the action recognition
performance, we conducted experiments with three different
sets of training and testing samples, using the same settings
as in [18]. We concentrate our discussion on the “New
Person” (“Cross Subject Test” in [18]) setting.

3) Comparison with other methods: The evaluation of
our method is shown in Table IV. In Cross Subject Test,
the best average accuracy obtained is 84.0% when Random
Forest is employed as the classifier. The result is not directly
comparable to other state-of-art algorithms using both depth
image and coordinates. However it is better than the state-
of-the-art technique without depth images by 1.7%. There
are several possible reasons why our algorithm does not
get the same performance on the MSR Action3D dataset
as on the Cornell Dataset. Firstly, inter-person variance of
MSR Action3D is larger than that of Cornell Dataset. The
Cornell dataset is recorded with only four human subjects
and experiments are conducted by training on three subjects
and testing on the remaining one subject. However, there
are ten subjects in MSR Action3D dataset, with training on
five subjects and testing on the other five subjects. Secondly,
the 3D skeleton data extracted from MSR Action3D data is
more noisy, with more corrupted and occluded poses. The
proposed segmentation algorithm cannot completely recover
corrupted and occluded poses without using additional in-
formation, such as the depth image. Thirdly, most action
samples in MSR Action3D dataset do not have identifiable
key poses, i.e., poses with zero kinetic energy.

TABLE IV: Average accuracy (%) of multiple classifiers on the MSR
Action3D Dataset in Cross Subject setting.

HMM RF SVM KNN
Average Accuracy (%) 55.8 84.0 83.6 75.2

TABLE V: A comparative summary of the performance of prior methods
and our method on the MSR Action3D dataset.

Method
Used
Depth
Images

Average
Accuracy

(%)
Bag of 3D Points [18] Yes 74.7
Histogram of 3D Joints [39] Yes 78.9
Random Occupancy Pattern [33] Yes 86.2
Actionlet Ensemble [35] Yes 88.2
HON4D + Ddesc [25] Yes 88.9
MMTW [36] Yes 92.7
Eigenjoints [40] No 82.3
Our Algorithm No 84.0

VI. CONCLUSION

In this paper, we presented a method to extract features
from 3D joint coordinates in human action data and then
recognize actions using the extracted features. To extract
good features, multiple steps are taken to address the large
intra-class variances, including pose normalization in the
spatial domain, and segmentation in the temporal domain.
Atomic actions consisting of key poses are demonstrated to
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show good discriminative power with multiple classifiers.
The experimental results show the proposed method can
outperform published methods while using less input data. In
our future work, we plan to develop new methods to address
the challenge of improving recognition performance when
poses are corrupted and heavily occluded. Further, we will
evaluate our method on real-time streaming action data.
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