
OR I G I NAL ART I C L E

Three-dimensional human activity recognition by forming
a movement polygon using posture skeletal data from depth
sensor

Dinesh Kumar Vishwakarma1 | Konark Jain2

1Department of Information Technology,
Delhi Technological University, Delhi,
India
2JP Morgan Chase, Mumbai, India

Correspondence
Dinesh Kumar Vishwakarma,
Department of Information Technology,
Delhi Technological University, Delhi,
India.
Email: dvishwakarma@gmail.com

Abstract

Human activity recognition in real time is a challenging task. Recently, a

plethora of studies has been proposed using deep learning architectures.

The implementation of these architectures requires the high computing

power of the machine and a massive database. However, handcrafted

features-based machine learning models need less computing power and

very accurate where features are effectively extracted. In this study, we pro-

pose a handcrafted model based on three-dimensional sequential skeleton

data. The human body skeleton movement over a frame is computed

through joint positions in a frame. The joints of these skeletal frames are

projected into two-dimensional space, forming a “movement polygon.”
These polygons are further transformed into a one-dimensional space by

computing amplitudes at different angles from the centroid of polygons.

The feature vector is formed by the sampling of these amplitudes at differ-

ent angles. The performance of the algorithm is evaluated using a support

vector machine on four public datasets: MSR Action3D, Berkeley MHAD,

TST Fall Detection, and NTU-RGB+D, and the highest accuracies achieved

on these datasets are 94.13%, 93.34%, 95.7%, and 86.8%, respectively. These

accuracies are compared with similar state-of-the-art and show superior

performance.
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1 | INTRODUCTION

Human activity recognition (HAR) is a widely studied
area in the field of computer vision. Its applications
include video analysis, surveillance systems, robotics,
and control of multimedia devices, assisting the sick or
disabled, and different systems consisting of human–

computer interfaces [1,2]. Most multimedia contents are
available in the form of videos and images. These images
and videos may be analyzed in the aspect of the human
being. The current multimedia device Microsoft Kinect
sensor provides an excellent road map for human–
machine interaction, and in every aspect, human activi-
ties are at the center. Currently, most studies on HAR
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have mainly been focused on learning and recognizing
activities from videos captured by a single vision camera,
that is, using RGB image videos [1,3].

Although the use of two-dimensional (2D) cameras
provides an easy and cheap way of collecting data, the
cluttered background, occlusions, cast shadows, varying
lighting conditions, and changes in viewpoint [1,2] can
vary the way activities are perceived. These drawbacks
lead to poor recognition rates in HAR when 2D imagery
is used. The use of range cameras can significantly allevi-
ate these challenges. The ability of the field camera to
capture the depth feature of videos is useful since perceiv-
ing depth leads to better recognition performance [4]. For
example, in the frontal view, actions, such as eating and
talking on the phone, may be the same in the 2D camera
extracted skeletons; however, using range cameras like
Microsoft Kinect, we can use the depth map sequence to
classify these activities in a better way [5]. Currently, ear-
lier range sensors were either too costly, provided subpar
estimation, or were problematic to use on human sub-
jects. The recent release of Microsoft Kinect [2] addresses
these issues by providing both an RGB image and depth
image streams. The Kinect was initially targeted for the
entertainment market. It has now excited considerable
interest within the vision and robotics community owing
to its broad applications, such as human–computer inter-
action, security and surveillance, and multimedia data
analysis [3,6,7]. Shotton and others [8] proposed a
method to swiftly and precisely estimate three-
dimensional (3D) position coordinates of skeletal joints
from a single depth image captured by the Kinect. The
method can provide an accurate estimation of 3D skeletal
joint locations at 200 frames per second on the Xbox
360 GPU. This skeletal joint information is constructive
in solving computer vision problems with human sub-
jects. Using skeletal joint information, we can easily
address the task of HAR compared with the use of RGB
imagery. There are some useful real-world applications of
HAR, such as healthcare, e-commerce, smart homes, and
surveillance systems [9–15].

There are different types of sensors used to capture
human activity, such as video cameras, wearable sensors,
thermal, and wireless devices [16–22].

Most methods employed for HAR can be classified
into three categories: silhouette-based, point-based, and
skeleton-based HAR. Silhouette-based HAR involves
using binary silhouettes (binary contours) to represent
various human activities. Point-based or object-based
HAR uses a particular object or point in the video and
classifies the data using the object’s trajectory in 2D or
3D Euclidean space [23]. Skeleton-based HAR uses the
skeletal joints extracted from the video sequence. It uses
their respective position and their change of position in

each frame to formulate the classification among human
activities. Although these methods are widely used, we
use the skeleton-based method owing to its advantages
over the other two methods.

The silhouette-based method has the advantage of
being exhaustive in extracting the region of interest
(ROI) since it uses contours of the whole person mov-
ing. However, it cannot distinguish activities where the
silhouettes do not differ by a considerable amount. For
example, in activities, such as brushing teeth and
talking on the phone, the silhouettes would be similar
and produce low performance in HAR. The point-
based method, although it considers every frame of the
movement, still does not yield high accuracy in HAR
if the activities have similar most-moving-joint trajecto-
ries. For example, activities, such as high arm wave
and hammer, may have similar trajectories of the arm,
resulting in low accuracy. The skeleton-based method
corrects all these inadequacies by being exhaustive,
considerate of every small movement by tracking the
movement of the joints instead of the person itself. It
also considers the relative motion of the joints with
respect to each other. The skeleton-based method also
allows us to visualize the activities better than the
point-based method. This is because skeletons formed
in each frame depict the activity in a more reasonable
way than just the trajectory of a part of the person. In
this study, we employed the skeleton-based method
and developed an algorithm to extract from the 3D
data points of joints of the skeleton to a 2D polygon
depicting the plotted joints’ movements in three
frames: the first, the middle, and the last. The 2D
polygon is converted to a one-dimensional (1D) vector
consisting of 360 features, each being the distance
from the centroid of the polygon of the points on the
polygon inclined at the angles equal their respective
indices. Next, we obtained the most-moving joint in
each example and stored the movement of the joint
using the angle with respect to the horizontal in each
of the 20 frames selected as a 1D vector. Then, 381 fea-
tures are passed through principal component analysis
(PCA) and the examples are classified against each
other using the linear support vector machine (SVM).

Our main contribution is threefold. First, we pre-
sent a unique algorithm using both skeleton-based and
point-based methods for data classification. Second, we
propose the reduction of the 3D data to 1D, which
proves to be less computationally expensive. Third, our
method can effectively differentiate activities with
minor differences, and the whole system runs at real
time. We used the following datasets: MSR-Action3D
[24], Berkeley MHAD [25], TST Fall detection dataset
v2 [26], and NTU-RGB+D [27].
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2 | RELATED WORK

In the past few decades, a broad spectrum full of inspira-
tional ideas has been proposed in the area of HAR. Vari-
ous researchers have used the skeleton-based method of
classification and recognition of activities in HAR. This
section presents a review of the study conducted in the
skeleton-based method of HAR. Chen and others [28]
operated on the so-called depth motion maps (DMMs)
from three projection views (front, side, and top). They
captured motion signals and used local binary patterns
(LBPs) to gain their feature representation, which is also
employed for object recognition for cloud video [29].
However, their method is computationally expensive and
consumes much time for the algorithm to learn the clas-
sifiers. Rahmani and others [29] combined the discrimi-
native information from depth images and 3D joint
positions to classify the activities. Although they could
achieve high speeds in implementing their algorithm,
the approach lacked in the accuracy of the classification
conducted. Chen and others [30] developed a 3.5D dem-
onstration of a depth video for action. The 3.5D graph of
the depth video consists of a set of nodes corresponding
to the joints of the human body. Zhuang and others [31],
similar to this study, extracted features from the coordi-
nates of human body joints and classified them using
machine learning. They combined a Markov blanket
with the wrapper method for sequential data feature
selection and proposed an algorithm using four sets of
human motion data and two machine learning methods
(Hidden Markov Model (HMM) and Dynamic Bayesian
Network (DBN)). However, they used just a part of the
data to classify their sequential data, which may have
led to a loss of information. Chen and others [32]
engaged skeleton joint locations in 3D spatial bins to
build histograms of 3D joint locations (HOJ3D) as fea-
tures for action recognition. A skeleton joint-based
method for recognizing person-to-person interaction
using the graph model has been presented [33]. It pre-
served the complex spatial evidence over joints. An evo-
lutionary algorithm for selecting the best subset of
skeleton joints based on the topological structure of a
skeleton has been presented, which lead to a fair
increase in recognition rates [32]. A modeled human
action through a spatiotemporal hierarchy of 3D skeletal
features inspired by human anatomy [33] has been pres-
ented. They employed linear dynamic systems for learn-
ing the dynamics of the above-stated features. Ofli and
others [25] formed and used the Berkeley MHAD dataset
in the same study to develop recognition accuracies
through Mocap (Motion Capture) data using methods,
such as 1-NN, 3-NN, and K-SVM. Xu et al. [34] investi-
gated fall prediction based on human biomechanics

equilibrium and body postural characteristics by analyz-
ing 3D skeletal joint data from a depth camera sensor
Kinect. Yang and Tian [35] proposed a 3D joint position
difference in consecutive frames and temporal differ-
ences in all frames for representing action. They could
capture all information on the activity using only 3D
joint locations. Wang and others [36] also used a similar
approach to the previous one; however, they introduced
the depth histogram-based feature. Low-frequency Fou-
rier components were used as features in the temporal
dimension. A human body joint using depth features
[37] was used for detecting human activities very effec-
tively. Similarly, a depth silhouette-based method is also
effective [38].

Indoor and outdoor human activities, such as object
localization, human gait recognition, spatiotemporal con-
tents detection, motion recognition, and text recognition,
have been conducted [39–46].

3 | PROPOSED MODEL

The proposed method considers the approach of reducing
the dimensionality of a 3D video (RGB images + Depth
data) to a 2D polygon representing the motion of the joints
in the activity. The 2D polygon is converted to a 1D vector
of the distance of the polygon’s points from its centroid
sorted with respect to the angle subtended by the point con-
sidered from the centroid with respect to the x-axis. We also
use another set of features: the most moved joint’s angle of
movement in 20 consecutive frames of the activity. Figure 1
shows the flow diagram of the proposed algorithm.

Figure 2 shows the dimension reduction technique
used for the two activities: golf swing and pick up and
throw. Figure 2A,D show the 3D data from the video cap-
tured with depth data of the activity golf swing and activity
pick up and throw, respectively. The color contour repre-
sents the depth data. As shown in Figure 2B,E, the red
polygon represents the 2D boundary plot generated for
each activity. As shown in Figure 2C,F, the plot’s ordinate
of the points corresponding to the integer angles in degrees
(�180 to +180) generates the 361 element vector. Thus, a
3D video was represented as a 1D vector for the SVM for
training and testing. The dimensional reduction enabled
the computer to visualize the videos captured by MS-
Kinect into a more elegant form of a total of 382 numbers
in a matrix. We used the data arranged in the form of a
n�3 matrix. Here, n is the total number of special coor-
dinates given for the sample, which is equal to the num-
ber of frames multiplied by the number of joints, with
each column representing the x, y, and z coordinates of
the skeleton’s joints, respectively. The number of joints
j identified varied in each dataset: 20 in MSRAction3D,
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25 in TST Fall Detection v2, and 43 in Berkeley MHAD.
We separated each coordinate per frame. Thus, conver-
ting the n�3 matrix to an n

j � j�3 matrix. Now, we select
the first, middle, and last frames empirically to represent
the movement in its initial, maximum moved, and final
stage, respectively. Then, we plot them together and
determine the boundary of the scatter plot using the
‘boundary’ function provided in the MATLAB tool [47].
It generates a closed boundary around the points, which
has a default shrink factor of 0.5, and its precise value is

not crucial. The algorithm used for determining the
boundary of the set of points can be found in Algorithm
1. Notice in Figure 3 the similarity in the polygons gener-
ated for activity “sidekick” in Figure 3A,B and for activity
“high arm wave” in Figure 3C,D. Additionally, note the
dissimilarities in Figure 3B,C, which are representative of
the two activities performed by the same test subject. The
boundary’s vertices were extracted, and the coordinates
of the centroid of the given polygon, G¼ Gx ,Gy,Gz

� �
were calculated using 1. The distance of the points on the
polygon from the centroid was taken as the representa-
tion of the polygon in a 1D form using the distance for-
mula in (2). Thus, the distance was sorted with respect to
the angle of inclination of the given point from the ori-
gin, generating a distance from the origin versus angle of
the point with respect to the centroid and the x- and y-
axes, θ (calculated using (3) and (4)), plot. D and Θ are
the 1D matrices containing all the distances and
corresponding angles, respectively.

G¼ mean Xð Þ,mean Yð Þ,mean Zð Þð Þ: ð1Þ

d¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
x�Gxð Þ2þ y�Gy

� �2þ z�Gzð Þ2:
q

ð2Þ

F I GURE 1 Schematic block diagram depicting the algorithm proposed through example of activities such as draw tick and tennis serve

F I GURE 2 Examples of dimensionality reduction in two

activities: golf swing and pick up and throw
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θ¼ tan�1 y�Gy

x�Gx

� �
: ð3Þ

D¼〚d〛,Θ¼〚θ〛: ð4Þ

As shown in Figure 4, note the dissimilarities between
the two activities 1D plot, like the number of peaks and
trenches. We passed the distance vector into a linear
SVM by taking the feature vector as 361 points from the
plot corresponding to each integer angle from �180� to
+180�. The SVM produced promising results. However,
the machine still had problems with activities, such as
draw x and draw a circle, whose movements could not be
adequately represented using the three-frame techniques.
Figure 5A,C shows polygon boundaries of two activities:
activity 7 (draw x) and activity 9 (draw a circle) in the
MSRAction3D dataset. These figures are strikingly simi-
lar to each other. Therefore, it will produce similar 1D

feature vectors, which may lead to worse experimental
results. As shown in Figure 5B,D, we can note the differ-
ence in the two activities using the trajectory of the most
moved joint method. The SVM will now have a set of
20 new features to effectively discriminate between the
two classes. Therefore, we follow the approach of deter-
mining the most moving joint in the body and deter-
mine its trajectory in 20 consecutive frames of the
sample. We represented the positions of the joint in
these 20 frames by storing the inclination of the points
to the x-axis with respect to the origin in a row vector of
20 entries.

The most moving joint is determined by computing
the covariance matrix ((5), (6), and (7)) of the matrix con-
taining the x, y, and z coordinates of each joint in all
frames of the sample as its columns. A single number
computed the trace of each matrix to represent the
covariance of the joint in the sample activity. The joint
with the maximum trace is considered the most moved
joint because its trajectory is the most scattered, as
depicted by the trace of the covariance of its x, y, and
z coordinates. The sample covariance of N observations
of K variables is the K�by�K matrix: Q¼〚qij〛.

cov X ,Yð Þ¼ 1
n2

XX 1
2

xi�xj
� �

yi� yj
� �

: ð5Þ

σ Xð Þ¼ cov X ,Xð Þ: ð6Þ

qij ¼
1

N�1

X
Xij�mean Xj

� �
Xik�mean Xkð Þ:ð� ð7Þ

Then, we concatenated the original 361 entries long vec-
tor with the index of the most moved joint and the
20-entry vector formed in the above step. The produced
feature vector now had 361 + 1 + 20 = 382 entries.
Figure 6 shows the similarity of the vector graphs of the

F I GURE 3 Some samples of the polygon generated from the MSRAction3D dataset: (A) activity number 15: sidekick performed by test

subject number 10. (B) Activity number 15: sidekick performed by test subject number 7. (C) Activity number 1: high arm wave performed

by test subject number 7; and (D) activity number 1: high arm wave performed by test subject number 9
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same activity and the difference between the graphs of
the two activities. Figure 6A,B has one peak, whereas
Figure 6C,D has plateau-type structure.

We then employed PCA on the matrix formed by the
number of samples used per action and their respective
382 features. We passed the eigenvectors generated from
PCA into the SVM and obtained promising results.
Algorithm 2 summarizes the proposed method.

4 | EXPERIMENT AND RESULTS

To test the performance of the proposed algorithm, we con-
duct an experiment using four publicly available datasets:
MSR-Action3D [24], Berkeley MHAD [25], TST Fall
detection dataset v2 [26], and NTU-RGB+D [27].

The recognition accuracy of each action and activity
is computed using the following equation.

F I GURE 5 Polygon and feature vector of two activities: (A), (B) draw x activity and (C), (D) draw circle activity

F I GURE 4 Samples of the 1D distance vector versus the corresponding inclination angle plot. The plots correspond to Figure 3:

(A) activity number 15: sidekick performed by test subject number 10. (B) Activity number 15: sidekick performed by test subject number

7. (C) Activity number 1: high arm wave performed by test subject number 7; and (D) activity number 1: high arm wave performed by test

subject number 9

F I GURE 6 Samples of the 20-feature vector generated for the most moved joint in activities (A) sidekick performed by test subject

number 10. (B) Sidekick performed by test subject number 7. (C) High arm wave performed by test subject number 7 and (D) high arm wave

performed by test subject number 9
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Accuracy¼ TPþTN
TPþTNþFNþFP

�100ðIn PercentageÞ: ð8Þ

Here, TN, TP, FN, and FP are True Negative, True Pos-
itive, False Negative, and False Positive, respectively.
For each dataset, a confusion matrix is predicted
through SVM, and the overall accuracy on the dataset
is computed. To verify the effectiveness of the proposed
algorithm, we compared the overall recognition accu-
racy on each dataset with the state-of-the-art on similar
datasets.

4.1 | MSR action 3D dataset

Li et al. [24] introduced the MSR Action 3D Dataset in
June 2010. It consists of 20 activities performed by 10 peo-
ple, each performing three repetitions of the activity. Thus,
about 30 samples of each activity are obtained. The resolu-
tion is 320 � 240, and the video is shot in 15 frames per
second mode. The dataset consists of 567 action samples.
These actions are selected to know the various activities
that are generally undertaken while using gaming consoles
and cover different movements related to the torso, legs,
and arms. Figure 7 shows the description of these activities,
and Table 1 presents the name of these activities.

Classification result: In the experiments, we used a
linear SVM for classifying data in the 20 classes. The vali-
dation technique used was fivefold validation. Figure 8
shows the details of the classification result from the con-
fusion matrix.

The overall recognition accuracy achieved 94.13%,
which is shown in the Table 2 with bold text. To verify
the effectiveness of the proposed algorithm, we compared

F I GURE 7 Twenty activities in the dataset: Row 1 left to right: high arm wave, horizontal arm wave, hammer, hand catch, forward

punch; Row 2 left to right: high throw, draw x, draw tick, draw circle, hand clap; Row 3 left to right: two-hand wave, side boxing, bend,

forward kick, side kick; Row 4 left to right: jogging, tennis swing, golf swing, pickup and throw

TABL E 1 Activities of MSR action 3D dataset

Label Name of activity Label Name of activity

1 High arm wave 11 Two-hand wave

2 Horizontal arm wave 12 Side boxing

3 Hammer 13 bend

4 Hand catch 14 Forward kick

5 Forward punch 15 Side kick

6 High throw 16 jogging

7 Draw x 17 Tennis swing

8 Draw tick 18 Tennis serve

9 Draw circle 19 Golf swing

10 Hand clap 20 Pick up and throw
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this efficiency with that of similar state-of-the-art algo-
rithms. It is presented in Table 2.

Our algorithm misclassifies activity 2 (horizontal arm
wave) and activity 3 (Hammer) as activity 5 (Forward
Punch) because the actions have similar movements;
thus, generating similar polygons and leading to confu-
sion in the SVM. However, the algorithm performs
almost perfectly in classifying activity 14 (Forward Kick):
99.63% and activity 15 (Side Kick): 99.79% because of
their categorically unique polygon representations. It is
worth noting that the most moved joint criteria must
have played a vital role in classifying these two activities
almost correctly because these activities use the joints,
such as the knee and foot, more than the upper body
joints. The proposed algorithm outperforms all other
state-of-the-art algorithms by making a better representa-
tion of certain complex activities in the dataset, such as

activities 7, 8, and 9 (draw x, draw a circle, and draw
tick), and by considering the most moved joint and its
movement in many frames. It means that even if the per-
son’s stance and skeletons may be the same in the activi-
ties, the proposed algorithm has success in classifying
them accurately. The videos are shot in one view mode
only. However, multiple view data may provide better
recognition accuracy because a different view may cap-
ture a different aspect of the activity performed. For
example, activity number 5, forward punch, could have
been better represented if the side view of the activity
was also available. Another possible problem that the
dataset may have is that it is shot in a closed environ-
ment and activity, such as golf swing and tennis serve,
would generally be performed outdoors; thus, the dataset
may have different background disturbances. The algo-
rithm may be unable to work as well as it has worked on
indoor conditions.

4.2 | Berkley MHAD dataset

Ofli and others [25] introduced the Berkeley MHAD
dataset in 2013. The dataset consists of 11 activities per-
formed by 7 males and 5 female subjects having the age
range of 23 to 30 years except for one elderly subject. All
the subjects performed 5 repetitions of each action, giving
a total of about 660 action sequences, which tally to
about 82 min of total recording time. The dataset con-
tains a staggering number of 43 joints, which is more
than double of the joints considered by the MSRAction3D
dataset. This proves to be somewhat of a beneficial draw-
back. Beneficial because more number of joints produces
a more precise skeletal representation. The drawback also

F I GURE 8 Classification result of MSR 3D action dataset

TAB L E 2 Comparison of accuracy with similar state-of-the-art

on MSR action 3D dataset

Method
Validation
technique Accuracy

Li et al. [24] 1/3 holdout validation 86.50%

Chen et al. [28] 50% holdout 87.90%

Rahmani et al. [29] 50% holdout 82.70%

Cai et al. [48] 50% holdout 91.01%

Xu et al. [49] 1/3 holdout validation 82.87%

Zhuang et al. [31] 10-fold validation 83.37%

Jalal et al. [50] LOSO 92.40%

Ours Fivefold validation 94.13%

Bold means accuracy achieved by the proposed model.
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comes from the increased number of joints since the algo-
rithm takes more storage to run, and the time complexity
of the algorithm, in general, is O(n). Therefore, the algo-
rithm takes almost twice as much time as when it clas-
sifies MSRAction3D samples. Figure 9 and Table 3 show
the actions and labels, respectively.

As shown from the confusion matrix Figure 10, the
algorithm has difficulties classifying activity 9 (sit down/
sit up) as it misclassified it as activity 10 (sit down) and
activity 3 (bending) a few times. The reason for this
might be the complexity of activity 9, which cannot be
adequately represented by the three frames technique.
Additionally, activities 10 and 11 are giving an erroneous

result with each other because activities (sit down and
stand up) are the same activities performed in the reverse
order. This is a possible drawback in our algorithm since
it does not consider the time dimension of the activity.
Table 4 presents the comparison results with other state-
of-the-art on this dataset. The comparison parameters are
the highest recognition accuracy achieved through vari-
ous methods [25,32,51,52] and validation techniques,
such as one-vs-all (OVA), leave-one-out-cross validation
(LOOCV), and leave-one-subject-out (LOSO). To verify
the effectiveness of the proposed algorithms, we com-
pared the recognition accuracy of 93.34% with many exis-
ting algorithms.

As shown in Table 4, the proposed method’s result
surpasses the results of other state-of-the-art methods.
This dataset had a plethora of 43 joints for each frame,
which is beneficial for our algorithm since it can generate
more accurate and constricted boundary polygons for the
given activity, representing the activity more adequately.
It can also be seen that the algorithm performs remark-
ably well for activities 5 and 6 (waving two hands and
waving one hand) because the proposed algorithm
considers the movement of a person along with the phys-
ical structure of the body when moving, unlike other
algorithms.

F I GURE 9 Eleven activities as performed in the dataset from left to right: jumping, jumping jacks, bending, punching, waving two

hands, waving one hand, clapping, throwing, sit down/stand up, sit down, and stand up

TAB L E 3 Berkeley MHAD action dataset

Label Name of activity Label Name of activity

1 Jumping 7 Clapping

2 Jumping jacks 8 Throwing

3 Bending 9 Sit down

4 Punching 10 Stand up

5 Waving two hands 11 Sit down and stand up

6 Waving one hand

F I GURE 1 0 Classification result of Berkeley MHAD action

dataset

TABL E 4 Comparison of accuracy with similar state-of-the-art

on Berkley MHAD dataset

Method Validation technique Accuracy

Ofli et al. [25] OVA 79.93%

Foggia et al. [51] LOOCV 82.00%

Guo et al. [52] LOOCV 86.83%

Chen et al. [32] LOSO 92.41

Ours Fivefold validation 93.34%

Abbreviations: LOOCV, leave-one-out-cross validation; LOSO, leave-one-
subject-out; OVA, one-vs-all.
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4.3 | TST fall detection dataset v2

Gasparrini and others [26] introduced the TST Fall
detection dataset in 2016. This dataset is a very recent
one, and not much work has been done on it, the sam-
ple of the dataset (Figure 11). The dataset contains
8 activities performed by 11 subjects in three repeti-
tions. The activities are classified into two categories as
activities of daily living (ADL) and fall (Table 5). The
problems with the dataset are due to a single view
mode of the captured data.

The fall activities could be classified more accurately
if the multiple view data were available because of the
activities front; the back and side are similar if the view
taken is different for each of them. The average recogni-
tion accuracy achieved on this dataset is 95.7% as shown
in the Table 6 with bold text, and it is compared with
similar state-of-the-arts, as shown in Table 6. The com-
parison strategy adopted is the feature extraction model
used on this dataset, such as depth data fusion, skeletal
joints, and 3D-CNN. The accuracy achieved in Hwang

and others [54] is slightly higher than our approach due
to the use of the 3D-CNN model. This accuracy is at the
cost of high computation since it uses the deep learning
model. The major problems that the techniques shown in
Table 5 had were with the EndUpSit activity under the
fall category. The polygons alone, when used for the
training of the SVM (361 features with PCA), produced
poor results, and it misclassified the EndUpSit activity.

The proposed algorithm overcomes the difficulty of
the most moving joint part of the algorithm. The hip joint
was found to be the most moving joint in EndUpSit,
which was an exclusive feature of this activity. PCA must
have helped with this because the hip joint’s index is
rarely seen in the other samples’ 362th feature (out of the
382), that is, the feature containing the index of the most
moved joint. Thus, it gave the SVM a feature that can
classify this activity in the best manner.

4.4 | NTU-RGB+D-60 dataset

Shahroudy and others [27] introduced this large RGB+D
videos dataset for HAR for 60 activities in which 40 are
daily actions (drinking, eating, reading, etc.), 9 are
health-related actions (sneezing, staggering, falling down,
etc.), and 11 are mutual actions (punching, kicking, hug-
ging, etc.). The total number of samples used in the
60-class dataset is 56 880. The number of classes in this

F I GURE 1 1 Activities performed in the TST Fall detection dataset v2: (A) ADL sit, (B) ADL grasp, (C) ADL walk, (D) ADL lay,

(E) Fall front, (F) Fall back, (G) Fall side, and (H) Fall EndUpSit

TAB L E 5 Description of categories of TST fall dataset

Class Activity Description

ADL Sit The subject sits on a chair

Grasp The subject walks and grasps an object
from the floor

Walk The subject walks back and forth

Lay The subject lies down on the mattress

Fall Front The subject falls from the front and
ends up lying

Back The subject falls backward and ends up
lying

Side The subject falls to the side and ends up
lying

EndUpSit The subject falls backward and ends up
sitting

Abbreviation: ADL, activities of daily living.

TABL E 6 Comparison of accuracy with similar state-of-the-art

on TST fall dataset

Method Feature model Accuracy

Gassparani et al. [26] Depth data fusion 79.00%

Xu et al. [34] Skelton Joints 91.70%

Manzi et al. [53] Skelton Joints 93.30%

Hwang et al. [54] 3D-CNN 96.90%

Ours Skelton joints 95.70%

Bold means accuracy achieved by the proposed model.
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dataset is significantly larger than the above datasets. We
use the skeletal data captured in the dataset by an MS-
Kinect device for 25 joints. The videos are captured using
three cameras set at different horizontal angles. Addi-
tionally, the data include videos from different distances
and heights. The total number of unique subjects is
40 with a wide range of age. The evaluation of this
dataset is conducted in two ways. First, the cross-subject
evaluation, which splits the 40 subjects into halves of
20 each for training and testing. The total amount of
training and testing samples is 40 320 and 14 560, respec-
tively. Second, the cross-view evaluation is where one of
the three cameras is used for testing, while the other two
are used for training. The total amount of training and
testing samples is 47 920 and 18 960, respectively. The
mean accuracy in cross-subject across 60 classes was
observed to be 83.5%, whereas the cross-view accuracy
was 86.8%. Table 7 presents the comparisons of our
model’s performance with that of other state-of-the-art.
The table shows that the accuracy achieved by the pro-
posed method is comparable with the state-of-the-art on
a similar dataset.

In Shi et al. [59], the accuracy is higher than our
method due to the use of multistream networks and mul-
tihop models [60]. These networks can achieve higher
accuracy in lieu of much higher computational time
required and much more architectural complexity, mak-
ing them infeasible in any practical application. Further
discussions of the computational time taken by the pro-
posed algorithm can be seen in Section 4.5.

Figure 12 shows the heat map for the cross-subject con-
fusion matrix. The algorithm can distinguish various activi-
ties quite robustly with average performance matching
state-of-the-art in much lesser compute time than the deep
learning method. Figure 13 shows the details of class-wise
accuracy under the cross-view conditions.

4.5 | Computational time

The experiments were run in MATLAB software package
on an Intel i5-9300H Quad-core CPU machine with 8-GB

TAB L E 7 Comparison of accuracy with similar state-of-the-

arts on NTU-RGB+D-60 dataset

Method Cross-subject (%) Cross-view (%)

Liu et al. [55] 69.2 77.7

Liu et al. [56] 76.1 84.0

Tang et al. [57] 83.5 89.8

Li et al. [58] 76.2 82.3

Shi et al. [59] 88.5 95.1

Peng et al. [60] 89.4 95.7

Ours 83.5 86.8

F I GURE 1 2 Cross-subject confusion matrix heat map for

NTU-RGB+D dataset

F I GURE 1 3 Classification result on NTU-RGB+D-60

dataset [27]
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RAM. The average running time for each sample in the
NTU-RGB+D dataset is reported below since NTU-RGB
+D is the most complex dataset we have used for testing
the algorithm. The proposed method of dimension reduc-
tion takes, on average, a total of 3.6 s to create a 382 long
feature vector from an RGB+D Video segment. The total
prediction time when the model is provided with a new
video segment is about 5.1 s.

It is evident that for more than 40 000 samples used
in training for cross-subject evaluation, the total training
time of about 42 h for 40 000 samples is much lower than
most deep learning algorithms that can achieve minor
improvement in performance over the proposed algo-
rithm in place of computational expense.

5 | CONCLUSION

In this study, we developed a HAR algorithm using
dimension transformation concept. A 3D video data
(RGB-D) is transformed into a 2D plane, which is further
transformed into 1D. The projections of 3D points into
space are used to transform the 3D data into 2D space.
We used the 2D data points presented in Euclidean space
to draw a polygon. The polygons in 2D planes are further
transformed into 1D space by computing the distances of
the polygon boundary from the centroid of polygon. The
value of distances over the angles is sampled and stored
as a feature vector. The classification accuracy is com-
puted on different datasets using SVM. The proposed
algorithm achieved improved recognition accuracies:
94.13% in the MSR Action3D dataset, 93.34% in the
Berkeley MHAD dataset, 95.70% in the TST Fall Detec-
tion Dataset, and 86.84% in the NTU-RGB+D. This study
demonstrates the versatility of the proposed algorithm
since it can be used to classify activities individually or in
groups and can also be used in a binary classification for
challenges, such as fall detection.

In the future study, we will extend it for HAR in real
time for various applications, such as elderly health care,
sports action analysis, and yoga analysis.

CONFLICT OF INTEREST
It is declared that there is no conflict of interest.

ORCID
Dinesh Kumar Vishwakarma https://orcid.org/0000-
0002-1026-0047

REFERENCES
1. T. Singh and D. K. Vishwakarma, Video benchmarks of human

action datasets: A review, Art. Intell. Rev. 52 (2018), 1107–1154.

2. C. Dhiman and D. K. Vishwakarma, A review of state-of-the-art
techniques for abnormal human activity recognition, Eng. Appl.
Artif. Intel. 77 (2018), 21–45.

3. D. K. Vishwakarma, A two-fold transformation model for
human action recognition using decisive pose, Cognitive Syst.
Res. 61 (2020), 1–13.

4. J. K. Aggarwal and L. Xia, Human activity recognition from 3D
data: A review, Pattern Recognit. Lett. 48 (2014), 70–80.

5. C. Dhiman and K. D. Vishwakarma, View-invariant deep archi-
tecture for human action recognition using two-stream motion
and shape temporal dynamics, IEEE Trans. Image Process. 29
(2020), 3835–3844.

6. D. Vaufreydaz, W. Johal, and C. Combe, Starting engagement
detection towards a companion robot using multimodal features,
Rob. Auton. Syst. 75 (2016), 4–16.

7. D. K. Vishwakarma and C. Dhiman, A unified model for
human activity recognition using spatial distribution of gradi-
ents and difference of Gaussian kernel, Visual Comput. 35
(2019), 1595–1613.

8. J. Shotton et al., Real-time human pose recognition in parts
from single depth images, in Proc. Conf. Comput. Vis. Pattern
Recognit. (Colorado Springs, CO, USA), June 2011, pp.
1297–1304.

9. S. Susan et al., New shape descriptor in the context of edge conti-
nuity, CAAI Trans. Intell. Technol. 4 (2019), no. 2, 101–109.

10. T. Wiens, Engine speed reduction for hydraulic machinery using
predictive algorithms, Int. J. Hydromechatronics 2 (2019),
no. 1, 16–31.

11. Y. Tingting et al., Three-stage network for age estimation, CAAI
Trans. Intell. Technol. 4 (2019), no. 2, 122–126.

12. C. Zhu and D. Miao, Influence of kernel clustering on an RBFN,
CAAI Trans. Intell. Technol. 4 (2019), no. 4, 255–260.

13. S. Osterland and J. Weber, Analytical analysis of single-stage
pressure relief valves, Int. J. Hydromechatronics 2 (2019), no. 1,
32–53.

14. M. Shokri and K. Tavakoli, A review on the artificial neural
network approach to analysis and prediction of seismic damage
in infrastructure, Int. J. Hydromechatronics 2 (2019), no. 4,
178–196.

15. M. Mahmood, A. Jalal, and K. Kim, WHITE STAG model: Wise
human interaction tracking and estimation (WHITE) using
spatio-temporal and angular-geometric (STAG) descriptors,
Multimed. Tools Appl. 79 (2020), 6919–6950.

16. K. Kim, A. Jalal, and M. Mahmood, Vision-based human
activity recognition system using depth silhouettes: A smart
home system for monitoring the residents, J. Electr. Eng.
Technol. 14 (2019), 2567–2573.

17. A. Jalal and S. Kamal, Real-time life logging via a depth
silhouette-based human activity recognition system for smart
home services, in Proc. IEEE Int. Conf. Adv. Video Signal
Based Surveillance (AVSS), (Seoul, South Korea), Aug. 2014,
pp. 74–80

18. A. Nadeem, A. Jalal, and K. Kamal, Human actions tracking
and recognition based on body parts detection via artificial
neural network, in Proc. Int. Conf. Adv. Comput. Sci. (Lahore,
Pakistan), Feb. 2020.

19. A. Jalal et al., Human activity recognition via recognized body
parts of human depth silhouettes for residents monitoring services
at smart home, Indoor Built Environ. 22 (2013), no. 1, 271–279.

VISHWAKARMA AND JAIN 297

https://orcid.org/0000-0002-1026-0047
https://orcid.org/0000-0002-1026-0047
https://orcid.org/0000-0002-1026-0047


20. M. A. Quaid and A. Jalal, Wearable sensors based human
behavioral pattern recognition using statistical features and
reweighted genetic algorithm, Multimed. Tools Appl. 79 (2020),
6061–6083.

21. A. Jalal, S. Kamal, and D. Kim, Shape and motion features
approach for activity tracking and recognition from kinect video
camera, in Proc. Int. Conf. Adv. Inf. Netw. Appl. Workshops
(Gwangju, South Korea), Mar. 2015.

22. A. Jalal, S. Kamal, and D. Kim, A depth video sensor-based
life-logging human activity recognition system for elderly
care in smart indoor environments, Sensors 14 (2014), no. 7,
11735–11759.

23. D. K. Vishwakarma and K. Singh, Human activity recognition
based on spatial distribution of gradients at sublevels of average
energy silhouette images, IEEE Trans. Cognitive Development.
Syst. 9 (2017), no. 4, 316–327.

24. W. Li, Z. Zhang, and Z. Liu, Action recognition based on a bag
of 3D points, in Proc. IEEE Comput. Soc. Conf. Comput. Vis.
Pattern Recognit. Workshops (San Francisco, CA, USA), June
2010.

25. F. Ofli et al., Berkeley MHAD: A comprehensive multimodal
human action database, in Proc. IEEE Workshop Appl. Com-
put. Vis. (WACV), (Clearwater Beach, FL, USA), Jan. 2013.

26. S. Gasparrini et al., Proposal and experimental evaluation of
fall detection solution based on wearable and depth data
fusion, in ICT Innovations 2015, vol. 399, Springer, Cham,
Switzerland, 2016, pp. 99–108.

27. A. Shahroudy et al., NTU R GB+D: A large scale dataset for
3D human activity analysis, in Proc. Conf. Comput. Vis.
Pattern Recognit. (Las Vegas, NV, USA), June 2016, pp.
1010–1019.

28. C. Chen, R. Jafari, and N. Kehtarnavaz, Action recognition
from depth sequences using depth motion maps-based local
binary patterns, in Proc. IEEE Winter Conf. Appl. Comput.
Vis. (Waikoloa, HI, USA), Jan. 2015, pp. 1092–1099.

29. H. Rahmani et al., Real time human action recognition using
histograms of depth gradients and random decision forests, in
Proc. IEEE Winter Conf. Appl. Comput. Vis. (Steamboat
Springs, CO, USA), Mar. 2014.

30. G. Chen et al., Action recognition using ensemble weighted
multi-instance learning, in Proc. IEEE Int. Conf. Robot. Autom.
(ICRA), (Hong Kong, China), May 2014, pp. 4520–4525.

31. C. Zhuang et al., Markov blanket based sequential data feature
selection for human motion recognition, in Proc. IEEE Int.
Conf. Robot. Biomim. (ROBIO), (Zhuhai, China), Dec. 2015,
pp. 2059–2064.

32. C. Chen, R. Jafari, and N. Kehtarnavaz, Improving human
action recognition using fusion of depth camera and inertial
sensors, IEEE Trans. Hum. Mach. Syst. 45 (2015), no. 1, 51–61.

33. M. Li and H. Leung, Multiview skeletal interaction recognition
using active joint interaction graph, IEEE Trans. Multimedia 18
(2016), no. 11, 2293–2302.

34. T. Xu and Y. Zhou, Fall prediction based on biomechanics
equilibrium using Kinect, Int. J. Distrib. Sens. Netw. 13 (2017),
no. 4, 1–9.

35. X. Yang and Y. Tian, EigenJoints-based action recognition using
naive Bayes nearest neighbor, in Proc. IEEE Comput. Soc. Conf.
Comput. Vis. Pattern Recognit. Workshops (Providence, RI,
USA), June 2012, pp. 14–19.

36. J. Wang et al., Mining actionlet ensemble for action recognition
with depth cameras, in Proc. Conf. Comput. Vis. Pattern
Recognit. (Providence, RI, USA), June 2012, pp. 1290–1297.

37. A. Jalal, S. Kamal, and D. Kim, Depth map-based human activity
tracking and recognition using body joints features and Self-Orga-
nized Map, in Proc. Int. Conf. Comput., Commun.
Netw. Technol. (ICCCNT), (Hefei, China), July 2014, article no.
33044.

38. A. Jalal and Y. Kim, Dense depth maps-based human pose
tracking and recognition in dynamic scenes using ridge data,
in Proc. IEEE Int. Conf. Adv. Video Signal Based Surveillance
(AVSS), (Seoul, South Korea), Aug. 2014, pp. 119–124.

39. A. Ahmed, A. Jalal, and K. Kim, RGB-D images for object seg-
mentation, localization and recognition in indoor scenes using
feature descriptor and hough voting, in Proc. Int. Bhurban
Conf. Appl. Sci. Technol. (IBCAST), (Islamabad, Pakistan),
Jan. 2020, pp. 6061–6083.

40. A. Jalal, S. Kamal, and D. Kim, Depth silhouettes context: A
new robust feature for human tracking and activity recognition
based on embedded HMMs, in Proc. Int. Conf. Ubiquitous
Robot. Ambient Intell. (URAI), (Goyang, South Korea), Oct.
2015.

41. A. Jalal et al., Robust human activity recognition from depth
video using spatiotemporal multi-fused features, Pattern
Recognit. 61 (2017), 295–308.

42. S. Badar, A. Jalal, and M. Batool, Wearable sensors for activity
analysis using smo-based random forest over smart home and
sports datasets, in Proc. Int. Conf. Adv. Comput. Sci. (ICACS),
(Lahore, Pakistan), Feb. 2020.

43. S. Kamal, A. Jalal, and D. Kim, Depth images-based human
detection, tracking and activity recognition using spatiotemporal
features and modified HMM, J. Electr. Eng. Technol. 11 (2016),
no. 6, 1857–1862.

44. A. Farooq, A. Jalal, and S. Kamal, Dense RGB-D map-based
human tracking and activity recognition using skin joints
features and self-organizing map, KSII Trans. Internet Infor.
Syst. 9 (2015), no. 5, 1856–1869.

45. S. Kamal and A. Jalal, A hybrid feature extraction approach for
human detection, tracking and activity recognition using depth
sensors, Arab. J. Sci. Eng. 41 (2016), 1043–1051.

46. A. Jalal, M. A. Khan, and K. Kim, A wrist worn acceleration
based human motion analysis and classification for ambient
smart home system, J. Electr. Eng. Technol. 14 (2019), 1733–1739.

47. MATLAB, R2019b (Version 9.7), The MathWorks Inc., Natick,
MA, USA, 2019.

48. X. Cai et al., Effective active skeleton representation for low
latency human action recognition, IEEE Trans. Multimedia 18
(2016), no. 2, 141–154.

49. H. Xu, Y. Lee, and C. Lee, Activity recognition using Eigen-
joints based on HMM, in Proc. Int. Conf. Ubiquitous Robot.
Ambient Intell. (URAI), (Goyang, South Korea), Oct. 2015, pp.
300–305.

50. A. Jalal, S. Kamal, and D. Kim, Human depth sensors-based
activity recognition using spatiotemporal features and hidden
Markov model for smart environments, J. Comput. Netw.
Commun. 2016 (2016), 1–11.

51. P. Foggia et al., Recognizing human actions by a bag of
visual words, in Proc. IEEE Int. Conf. Syst., Man, Cybern.
(Manchester, UK), Oct. 2013, pp. 2910–2915.

298 VISHWAKARMA AND JAIN



52. Y. Guo et al., Multiview cauchy estimator feature embedding
for depth and inertial sensor-based human action recognition,
IEEE Trans. Syst., Man, Cyber.: Syst. 47 (2017), no. 4,
617–627.

53. A. Manzi, P. Dario, and F. Cavallo, A human activity recogni-
tion system based on dynamic clustering of skeleton data,
Sensors 17 (2017), no. 5, 1–14.

54. S. Hwang et al., Maximizing accuracy of fall detection and alert
systems based on 3D convolutional neural network: Poster
abstract, in Proc. IEEE/ACM Int. Conf. Internet-of-Things
Des. Implementation (IoTDI), (Pittsburgh, PA, USA), Apr.
2017, pp. 343–344.

55. J. Liu et al., Spatio-temporal LSTM with trust gates for 3D
human action recognition, in Computer Vision–ECCV 2016,
vol. 9907, Springer, Cham, Switzerland, 2016.

56. J. Liu et al., Skeleton-based human action recognition with
global context-aware attention LSTM networks, IEEE Trans.
Image Process. 27 (2018), no. 4, 1586–1599.

57. Y. Tang et al., Deep progressive reinforcement learning for
skeleton-based action recognition, in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit. (Salt Lake City, UT, USA), June 2018,
pp. 5323-5332.

58. C. Li et al., Joint distance maps based action recognition with
convolutional neural networks, IEEE Signal Process. 24 (2017),
no. 5, 624–628.

59. L. Shi et al., Two-stream adaptive graph convolutional networks
for skeleton-based action recognition, in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit. (Long Beach, CA, USA), June
2019, pp. 12026–12035.

60. W. Peng et al., Learning graph convolutional network for
skeleton-based human action recognition by neural searching,
Proc. AAAI Conf. Artif. Intell. 34 (2020), no. 3, 2669–2676.

AUTHOR BIOGRAPHIES

Dinesh Kumar Vishwakarma
received his Doctor of Philosophy
(Ph.D.) degree in the field of Com-
puter Vision from Delhi Technologi-
cal University (Formerly Delhi
College of Engineering), New Delhi,
India, in 2016. He is currently a Pro-

fessor at the Department of Information Technology,

Delhi Technological University, New Delhi. His cur-
rent research interests include Computer Vision, Deep
Learning, Sentiment Analysis, Fake News Detection,
Crowd Analysis, Human Action, and Activity Recog-
nition. He is a reviewer of many Journals/
Transactions of IEEE, Elsevier, and Springer. He has
been awarded the “Premium Research Award” by
Delhi Technological University, Delhi, India

Konark Jain received his Bachelors
in Technology in Electronics and
Electrical Engineering in 2020 from
the Indian Institute of Technology,
Guwahati, India. He currently works
as a Quantitative Researcher at JP
Morgan Chase, Mumbai, India. His

research interests include Computer Vision, Rein-
forcement Learning, and Bayesian Statistics.

How to cite this article: D. K. Vishwakarma and
K. Jain, Three-dimensional human activity
recognition by forming a movement polygon using
posture skeletal data from depth sensor, ETRI
Journal 44 (2022), 286–299. https://doi.org/10.
4218/etrij.2020-0101

VISHWAKARMA AND JAIN 299

https://doi.org/10.4218/etrij.2020-0101
https://doi.org/10.4218/etrij.2020-0101

