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Abstract: In this paper, a preliminary baseball player behavior classification system is proposed.
By using multiple IoT sensors and cameras, the proposed method accurately recognizes many of
baseball players’ behaviors by analyzing signals from heterogeneous sensors. The contribution of this
paper is threefold: (i) signals from a depth camera and from multiple inertial sensors are obtained and
segmented, (ii) the time-variant skeleton vector projection from the depth camera and the statistical
features extracted from the inertial sensors are used as features, and (iii) a deep learning-based
scheme is proposed for training behavior classifiers. The experimental results demonstrate that the
proposed deep learning behavior system achieves an accuracy of greater than 95% compared to the
proposed dataset.

Keywords: behavior recognition; multimodal; machine learning; deep learning; LSTM network;
depth camera; inertial sensor

1. Introduction

Human action recognition is widely applied in many smart environment applications.
For example, video surveillance, interactive gaming, and health monitoring need to recognize different
actions performed by a human subject. Triggered by the recognized actions and behaviors, a smart
system can respond the possible alert to a police department, interactive audio and visual effects,
and medical assisting. To achieve human action recognition, camera sensors [1-4] are used to obtain
the intensities from a visual sensor mounted in a camera. To overcome the high computational cost
from processing RGB images on a camera for the 3D skeletal joint positions, depth cameras [5-10] with
infra-red (IR) emitters and receiving sensors are used to obtain the 3D data from skeletal joints. Inertial
sensors, such as accelerometers and gyro sensors [11-13], mounted in wearable devices are used to
measure the movement of a user for hand gesture recognition.

To train a potential baseball player, on- and off-field behaviors have equal value for performance
evaluation. Most research has addressed only on-field activities. However, both on- and off-field
activities are essential for comprehending player performance and level. When a baseball coach
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chooses which player should be included in a game, not all of players’ off-field behaviors are known
to him or her. Therefore, in this paper, we propose a baseball player behavior classification system to
provided coaches with player performance evaluation. In the on-field situations, the swinging and
pitching behaviors recognized by the proposed system are recognized (see Figure 1a,b). In the off-field
situations, before a game, the proposed system tracks a baseball player’s warm up behaviors, level,
and times. In daily life, a potential baseball player should keep in a proper walking manner, and the
proper walking behaviors can be recognized and displayed on a smart glass. Moreover, to prevent
caffeine overdosing that might mislead a baseball player’s evaluation results, coffee-pouring (CP)
behaviors can be recognized, quantified, and reported by the proposed system.

Figure 1. The proposed baseball player behavior classification system: (a) the swing behavior
of a baseball player, (b) the pitch behavior of a baseball player, (c) a warm-up exercise, (d) the
normal walking of a baseball player outside the sport, and (e) coffee-pouring behavior in daily life,
outside the sport.

Therefore, in this paper, we propose a behavior recognition scheme combining information
captured from a depth camera sensor and inertial sensors worn on a human subject. To achieve
behavior recognition, the contribution of this paper is threefold: (i) segment and fuse a user’s sensory
data from a depth camera and multiple inertial sensors, (ii) extract features from the reliable skeletal
position based on time-variant skeleton vector projection from a depth camera and on statistical
properties from the inertial sensors, and (iii) train behavior classifiers based on a deep-learning
approach with decision-level fusion. The rest of this paper is organized as follows. Relevant research
is discussed in Section 2, The proposed behavior recognition system is described in detail in Section 3.
Experimental results are evaluated in Section 4. Finally, the conclusions are given in Section 5.

2. Related Work

For behavior recognition, Zelnik-Manor and Irani [1] proposed a stationary video camera analyzing
spatiotemporal features with a statistical distance measure for action recognition. In addition, with Hidden
Markov Model (HMM) training, Khan and Sohn [2] proposed analyzing video frames obtained from two
cameras capturing two viewpoints for abnormal human activity recognition. In addition, to recognize
human movements from a large video database, Kuehne et al. [3] proposed manually annotating around
7000 video clips for motion recognition. Moreover, Mehta et al. [4] proposed using a single RGB camera for
3D evaluation of human poses. However, from a monochromatic camera, obtaining real 3D information
in a real space for human behavior recognition is challenging.
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To measure precise 3D information in a real space, infrared-based depth cameras (Kinect) are
widely used for behavior recognition. Shotten et al. [5] used the Microsoft Kinect camera to quickly
and accurately recognize human poses from depth images. Luber et al. [6] used multiple depth
cameras with online boosted target models to track moving human subjects. To more precisely obtain
3D information on a human subject, Zollhofer et al. [7] used RGBD information from the Kinect camera
to reconstruct the 3D point cloud for nonrigid parts of a human subject. To obtain complex postures in
challenging scenes, Dou et al. [8] used multiple depth cameras for performance capturing based on
spatiotemporal coherent properties. To more precisely measure 3D information, Newcombe et al. [9]
proposed using dense simultaneous localization and mapping processes to reconstruct nonrigid scenes
from RGBD information for scanning moving objects and scenes. Orts-Escolano et al. [10] used the
RGBD streams with foreground human subject segmentation for virtual 3D teleportation in AR and
VR displays. However, although 3D information and the surface information can be more precisely
measured from depth cameras, inertial movement of a user’s body parts cannot be obtained from
depth cameras, only the environment for behavior recognition.

Inertial sensors may be helpful for behavior recognition. Xu et al. [11] used a mounted MEMS
accelerometer for user hand-gesture recognition. Gupta et al. [12] used accelerometer and gyroscope
sensors mounted in a smart device for hand gesture recognition. Furthermore, Xie and Cao [13] used
neural networks to train hand gesture models from accelerometers. However, the mounted inertial
sensors (accelerometers or gyro sensors) can recognize hand gestures, but human behaviors involving
body movements remain a challenge.

Therefore, based on the aforementioned research, herein, we propose obtaining signals from a
depth camera and wearable sensors to generate the fused classifiers for behavior recognition to be
used in smart baseball applications.

3. Proposed Machine Learning Based Behavior Recognition Fusion System

In this paper, as in Figure 2, user movements are captured by a depth camera and multiple
wearable inertial sensors. After the segmentation process, the behaviors can be recognized by decision
fusion. Detailed descriptions of the aforementioned processes follow.

Depth Camera Inertial Sensors
Sensing Data
: E !
I Skeleton Multiple Sensors |
Segmentation | Segme"tat':n Segmentation I
| Segments Fusion I |
ey e |

it i ettt
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Figure 2. The system block diagram of the proposed method.
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3.1. Segmentation from Multimodal Sensors

Kinect V2 [14] with the official Microsoft Kinect SDK 2.0 [15] are used to obtain the skeleton
joints from the depth camera. Motivated by the segmentation process of Dawar and Kehtarnavaz’s
method [16], for the skeleton joints (the empty circles) in Figure 3a, the 3D centroid position
(Cx,tsCy,t,C2t) at time t is obtained as:

Zfi1 Xt i Zzzil Y Zzl\i1 Zt,i)
N ' N '~ N !

)

(Cx,t/ Cy,ts Cz,t) = (

where the setting N = 25 is used for Kinect V2. In addition, a centroid difference C;; at the time ¢
is calculated as:

Cap = \/(Cx,t —Cxt-1)? + (Cyt = Cyp-1)? + (Czp — Czp-1)% )
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Figure 3. The joints according to Kinect SDK: (a) the normalization factor of the body height in each
frame, and (b) the basis vectors for time-variant skeleton vector projection.

As suggested by the authors in Ref. [16], the frames with centroid differences above the 5% level
of the maximum centroid difference to zero are treated as a movement or action.

For the inertial sensors, a similar segmentation process is operated on each sensor. Given the
gyroscope sensor value (g, 1k, 8,1k 82,1k) and the accelerometer value (a1, ay,1x %) at time ¢ of
the k-th sensor, the gyroscope difference G, ; x and the accelerometer difference A ; x of the k-th sensor
are calculated as follows:

Gatk = \/(gx,t,k — 8xt—16)2 + (8yk — Syt—15)2 + (8zpk — &zt-14)% (3)

and

Ak = \/(ax,t,k - ﬂx,t—l,k)z + (”y,t,k - ﬂy,t—l,k)z + (ﬂz,t,k - ﬂz,t—l,k)zr (4)

respectively. Similarly, the gyroscope and accelerometer differences above the 5% level of the maximum
gyroscope and accelerometer difference from zero are treated as the presence of movement or action
for the k-th sensor. In the proposed method, k = 1, - - - , 4 for four sensors worn on a user’s body parts.
An example for multiple sensing signals is shown in the left part of Figure 4.
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Figure 4. Segmentation fusion: raw data of the sensing signals from multiple sensors are on the left,
and the resampled data are on the right.

The left part of Figure 4 features raw data obtained from different sampling rates in different
sensor modalities, and the values from different sensors are resampled to the same number of points,
as shown in the right of Figure 4. From top to bottom, the example of centroid movement from
the depth sensor, and the sensor values of the gyro sensors and accelerometers are correspondingly
displayed. Our observation is that the value changing from sensor modality is more sensitive than
centroid movement in camera modality. Therefore, Equations (3) and (4) are used to detect the start
point (green lines) and endpoint (yellow lines) in the right part of Figure 4, respectively. In the segment
fusion process of Figure 2, by obtaining the combined set of the segments, the minimum values of
the start points and the maximum values of the endpoints of the segments from multiple sensors,
the behavior segments are bounded by the red dotted lines shown in the right part of Figure 4.
Moreover, the corresponding data in the same time segment (signals bounded by the red dotted lines
in the top right of Figure 4) obtained from the depth camera, gyro sensors, and accelerometers are used
for further feature extraction.

3.2. Behavior Recognition
3.2.1. Features from a Depth Camera: Time-Variant Skeleton Vector Projection

According to our previous research [17], given a 3D joint position j; ; = (¢, Yti,2z¢i) (i =1,---,25
in Kinect V2), by measuring the distance #; from the 3D position of the head joint to the middle point
between the FOOT RIGHT joint and the FOOT LEFT joint in Figure 3a, the normalized relative 3D
joint position is as follows:

. ST Y4 L st
= (xi — xj r]/t,zht YirZei — % >, )
where (x{,y;",z{") is the 3D position of the SHOULDER RIGHT joint (purple dot in the center
of Figure 3a) as the 3D origin point, and the prime symbol represents the normalized relative
position. The normalization process by the body height h; has a user-invariant (users with
different heights) property. o

Taking the SHOULDER RIGHT joint as a starting 3D starting point, a shoulder vector S; from the
SHOULDERﬁR_I>GHT joint to the SHOULDER LEFT joint is depicted by the green arrow in Figure 3b.
A foot vector F; from the SHOULDER RIGHT joint to the middle point (purple circle) between the
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FOOT RIGHT joint and thi> FOOT LEFT joint is depicted by the red arrow in Figure 3b. Based on the
obtained shoulder vector S; and the foot vector F;, a normal vector, ﬁt such that

N, =5 xE, ©)

- =4 . .
can be calculated using the cross product of S; and F;, and ﬁt is depicted by the yellow arrow in
— =
Figure 3b. At time ¢, {ﬁ , St, Ft } are treated as the basis vectors. .
Taking the relative normalized joint j; ; in a 3D space, the vector j}; can be used to obtain the

_>
projection amount to the basis vectors {ﬁ , St, Ft }, and the feature f; ; is defined as:
e = -
fi= NS = <N.jl > <E.j,> <Suip> |- )

Furthermore, because Kinect V2 is used here, 25 joints are obtained from the official SDK.
Therefore, the feature ¢; at time f is expressed as:

N F S

ft},\z}:l ft},:i:l fts,izl

p friea  frim2 fiieo
t= . ) i

N F S
ft,i=25 ft,i:25 ft,i:25

Moreover, each feature ¢; at time ¢ can be conceived of a slice (bottom part shown in Figure 5) of
a spatio-temporal cube. By concatenating multiple slices along the temporal axis, a feature set ¢ can
be expressed as:

o1 = [[Pe=1], -, [Pr=T-1], [Pe=T1]], 9)
and the corresponding spatio-temporal representation is depicted in Figure 5.
Pr=1 [ flricn fierion fiiria
£N fF £S
()bf=T—1 f.‘%T—Li:l f![i:T—Li:l ftz:T—],i:I
o’ - fizrvi= fiervim2 fiiroie
Pr=1 i - N, F, S s
s flaim faim |viss Ji=rvies

N F S
fitviza fimima fit1im

; N F S
I fitrizs fic1imos fiiizos

Figure 5. Feature space, camera modality.
3.2.2. Features from the Inertial Sensors: Statistical Features

Given the mean ji¢ s, standard deviation 0y ;, and variance (T;k of the the k-th gyroscope sensor
in the x, y and z directions, and the mean , , standard deviation ¢, , and variance ag,k of the the
k-th accelerometer in the x, y and z directions, the features extracted from the gyro sensor 7, and the
accelerometer «,, are calculated as:

2 2 2
Hawk=1 Hoxk=1 Hgyk=1 Hgzk=1 UTgxk=1 UOgyk=1 Ugzk=1 Ugyp=1 Ugyk=1 Ygzk=1
7 7 7
” Nwk=2 | _ | Mexk=2 Mgyk=2 Mgzk=2 UOgxk=2 Ugyk=2 Ugzk=2 Ugyrp—n Ugyr—n Ugzj— (10)
w — - 2 2 2 7
Mwk=3 Hexk=3 Hgyk=3 Mgzk=3 Ugxk=3 Ugyk=3 Ugzk=3 Ugyrj-3 Ygyk=3 Ugzk=3

2 2 2
Twk=4 Hoxk=4 Moyk=4 Hgzk=4 Ogxk=4 Ugyk=4 Ugzk=4 (Tg,x,k=4 Ug,y,k:z} ag,z,k:z}
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and

2 2

Xy k=1 HPaxk=1 Hayk=1 Hazk=1 Yaxk=1 UVayk=1 UYazk=1 Ygrk=1 Ygyk=1 ‘T;',z,kzl
2 2

o — Qpk= | | Haxk=2 Hayk=2 HMazk=2 Uaxk=2 Uayk=2 UVazk=2 Upyi— ‘Tu,y,kzz Onzk=2 1)
w — - 2 2 2 7

Qo k=3 Haxk=3 Hayk=3 Hazk=3 Uaxk=3 UVayk=3 CVazk=3 Ypyk=3 Yayk=3 Yazk=3
2 2 2

Ky k=4 Haxj=4 P‘a,y,k:4 Hazk=4 Oaxk=4 ‘Tu,y,k:4 Oaz k=4 Ua,x,k:4 Ua,y,k:4 0a,z,k:4

where the statistical features are calculated in the time period from the time partitions of % -w for
w=1,---,M. The parameter M = 6 is adopted from the setting suggested in Ref. [18].

3.3. Machine Learning Classifiers with Decision Fusion

When the features ¢; in Equation (8), #,, in Equation (10), and &y, in Equation (11) from the depth
camera modality, gyro sensor modality, and accelerometer modality are obtained, before training the
classifiers, the feature vectors from the three modalities are correspondingly flattened as 1D vectors:

— | N F S N F S N F S
T = [ frimt Sz foim fria frica fria o frizes frizes frizas | (12)
Nw = { Nwk=1 Nwk=2 Nwk=3 Hwk=4 }/ (13)
and
Ky = [ Kpk=1 CKwk=2 Kwk=3 Kwk=4 ]/ (14)

as seen in the processes depicted in Figure 6. Furthermore, by concatenating the 1D vectors obtained
from different times t and observing window w, the concatenated 1D array from the three modalities
are obtained as:

Y= | ¥ Y oo Yer |, (15)
n= [ Nw=1 Nw=2 Nw=3 Nw=4 Hw=5 w=6 } (16)
and
o= |: Apy=1 Q=2 OAypy=3 OKy=4 &Ky=5 Ky=6 } . (17)
Depth Camera Inertial Sensors
Skeletons Gyro iensors Accelerometers
[ i
Extracted ¢ N . A I
Features \ | | |
\ | \ |
Flatten 1 1
1D arrays T T ;1
Machine
Learning Classifiers Classifiers Classifiers
Classifiers

Figure 6. Flattened 1D vectors of the extracted feature vectors.
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Concatenated one-dimensional features (camera, gyro sensors, and accelerometer) are taken as
the input (bottom of Figure 6) of the machine learning classifiers (top of Figure 7). Herein, we propose
applying the long short-term memory (LSTM) [19] network to use the sequential relationship for
training the behavior classifiers among multiple modalities, as shown in Figure 8. According to the
flattened 1D feature vectors obtained in Equations (15)-(17), from the depth camera sensor, gyro sensors,
and accelerometers-sensing modalities, the corresponding 1D features (the green rectangles in Figure 8)
are trained by the LSTM networks to obtain the behavior models (10 categories in the experiments in
this paper), as shown from top to bottom in Figure 8. The hidden units for LSTM is set as 32 (the number
of the hidden units of the proposed LSTM approach is evaluated from 8 to 256 with the power of 2.
The accuracy performance is saturated after 32 hidden units. Moreover, the execution time always
increases as the number of hidden units grows. Therefore, in this paper, the setting of 32 hidden units
is chosen for implementing the proposed method), and the dimension of dense/sigmoid is set as 10 for
classifying 10 categories. After the signals in each modality can be classified, a decision fusion (Level-1
fusion in Ref. [20]; Figure 7) from all modalities (herein, three modalities, namely depth sensor, gyro
sensors, accelerometers) are operated through a majority voting process.

Depth Camera Gyro Sensor Acceleror_neter
Sensor Modality Modality Modality

Machine Learning 1 1 1

Classjfj
( dasn_ C casn_ C cassN_
C casn1 3 C casghr 3 C casgs D
C_ces1 O C_coss1_ C_cos1 D

Recognized Class

A 4 \ 4

Decision

Fusion Fusion

Recognized Behavior

Figure 7. The decision fusion process of the proposed method.

( J
[ J
I °
_ _ R — ®
.
.
LST™ Dense/sigmoid .
(32 hidden units) (dimension : 10) @
(120 frames * 75 features) 10 categories
Feature data
o
o
( J
_ _ R — ®
.
.
Dense/sigmoid 4
(@2h ;ZTM ) (dimension : 10) ( J
i 32 hidden units
(6 mte;\:altsu'reagafte:mr“) 10 categories
°
( J
[ ]
_ _ R ®
.
.
Dense/sigmoid *
LST™M (dimension : 10) ®
(6 intervals * 36 features) (32 hidden units) 10 categories

Feature data

Figure 8. Training process for the behavior classifiers of the proposed LSTM-based scheme.
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4. Experimental Results

In the experimental results, a Kinect V2 [14] depth camera is used to obtain the depth sensing
information, and the skeletons of a user are obtained from the official Microsoft Kinect SDK 2.0 [15].
The skeletal joint obtained from the depth camera mounted in “Lab’ and “Office’ results are shown in
Figure 9, and it demonstrates that the camera can be mounted in many side view places for daily use.
In the experimental results, the depth sensor, the Kinect V2 depth camera, is mounted on the floor in
front of a user, and the distance from the camera to the user is about 3.5 m, as shown in Figure 10a.
The obtained body height &; in Equation (5) from all behavior tests are in the range between 1.29 m and
1.80 m. In addition, the inertial sensors, the x-OSC [21] sensors with a built-in Wi-Fi communication
capability, are worn on the elbows (EL and ER in Figure 3b) and the ankles (AL and AR in Figure 3b)
of the user, as shown in Figure 10b,c. In addition, to accurately position sensors on the respective
parts of the user’s body, the x-OSC [21] sensor with a battery is mounted in a smartphone sport belt,
as shown in Figure 10c. Therefore, the inertial sensor data and the skeletons analyzed using the depth
sensor were recorded for evaluation. The sensor data from 10 behaviors performed by 10 users were
recorded; the representative snapshots of the behaviors are shown in Figure 11. In Figure 11, BP and
BB are on-field behaviors of a baseball player; LS, RS, DS, LL, and RL are off-field behaviors during the
warm-up of a baseball player; and NW, AW, and PC are off-field behaviors in a baseball player’s daily
life. Moreover, each behavior of a user is repeated for 10 times in different trails. Therefore, a dataset
with 10 x 10 x 10 = 1000 behavior trails was generated in the experiments.

Testing Environment Left View Middle View Right View

Lab

Office

Figure 9. Skeletal joints obtained from Kinect SDK 2.0 [15] in “Lab” and “Office” environments.
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Two Xosc sensors are
mounted on both
forearms.

Two Xosc sensors are
mounted on back
side of both calves.

Kinect
v2

(a) (b) (c)

Figure 10. Testing environment: (a) the distance from the mounted depth sensor on the floor and the
user, (b) the user wearing inertial sensors, and (c) the inertial sensors worn on the elbows and the ankles.

BP BB LS RS DS LL RLI INW AW PC.

Y Y Y
On-Field Off-Field Off-Field
Behaviors Warm-Up Behaviors Daily Life Behaviors

Figure 11. Ten on- and off-field behaviors performed by users: baseball pitch (BP), baseball bat (BB),
left stretch (LS), right stretch (RS), deep squat (DS), left lunge (LL), right lunge (RL), normal walking
(NW), abnormal walking (AW), and coffee pouring (CP).

4.1. Quantitative Evaluation

In the quantitative evaluation, to adopt the long short-term memory (LSTM) [19] network for
training the behavior classifiers with deep neural networks, Tensorflow [22] libraries are used for
implementing the proposed method. In addition, support vector machine (SVM) [23] is a widely
used method to train classifiers for human behavior recognition from a depth camera sensor [24]
and inertial sensors on a smart phone [25]. Therefore, SVM is implemented based on a built-in
Matlab function [26] to train classifiers to compare behavior recognition capabilities with the proposed
LSTM-based approach.
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The confusion matrix in the following results are with the leave-p-out cross-validation [27] (p = 30
in our experiments). In the 10 x 10 x 10 = 1000 behavior trails, 30% of the trails are used for testing,
and the other 70% of the trails are used for training the LSTM and the SVM models. To compare the
performance of the proposed LSTM-based approach to a conventional SVM-based [23] approach in the
experimental results, similarly, the 1D features are also taken as the input for training the behavior
classifiers, as shown by the green rectangles in Figure 12. Furthermore, the SVM-based classifiers can
be obtained for performance comparison.

In the proposed method, using the LSTM network to train the behavior models from the proposed
features, the model accuracies of the training phases and testing phases of the depth sensor only, gyro
sensor only, and accelerometer only situations are depicted by the blue curves and orange curves
in Figure 13a—c, among the observations from epoch 1 to epochs 500. The accuracy (orange curve)
converges to 0.90, 0.77, and 0.95 at 200, 300, and 100 epochs for the depth sensor only, gyro sensor
only, and accelerometer only modalities, correspondingly. To more completely obtain the training
models from the three modalities, we use the classifier models obtained at the 500 epochs. Furthermore,
the confusion matrices of the depth sensor only, gyro sensor only, and accelerometer only situations
are depicted in Figure 14a—c, with the average accuracy of 90.67%, 77.33%, and 95.67%, respectively.
Moreover, the average accuracy of the decision fusion is improved to 97.33%, and the confusion matrix
is depicted in Figure 14d. Therefore, in the proposed LSTM-based behavior recognition scheme, with a
decision fusion, the accuracy can be further improved. On the other hand, when the machine learning
classifier is replaced by SVM, the average behavior recognition accuracy ranges from 30.00% to 87.33%,
and the confusion matrices are shown in Figure 15a—c. However, because the average accuracy of the
gyro sensor modality is low (30.00%), with a decision fusion process, as shown in Figure 15d, the fused
average accuracy is only 79.33% with SVM-based classifiers.

Kinect_feature
|

Linear SVM
(Multi-Class)

10 categories

120 frames * 75 features
Feature data

Gyro_feature

Linear SVM
(Multi-Class)

10 categories

6 intervals* 36 features
Feature data

|

Linear SVM
(Multi-Class)

10 categories

6 intervals* 36 features
Feature data

Figure 12. The training process for the behavior classifiers for a SVM-based scheme for
performance comparison.
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(a) (b) c)
Figure 13. LSTM Accuracy of the depth-sensor only result (a) depth camera, (b) gyro sensor,
and (c) accelerometer.

Summarizing the average accuracy of the proposed LSTM-based approach and an SVM-based
approach (Figures 14 and 15) with different sensing modalities, Table 1 provides comparison results.
The LSTM-based approach demonstrates substantially better average accuracy. The sequential
relationships of the sensing data from multiple modalities can be retrieved using the proposed
LSTM-based approach with deep neural networks. Although the gyro sensor modality is noisy in the
behaviors to cause lower average accuracy, with a decision fusion process, the proposed LSTM-based
approach still provides more accuracy than single modalities do to compensate for noisy situations
occurring in the gyro sensor modality.

Accuracy: 90.67% Accuracy: 77.33%
aw EUIN o [0 (o |0 |0 |0 0o 0o AW 0| 0| 0 10000 0 3333 0 [13.33 0
B | 0 0|0 |0 |0 | 0667/ 0|0 88 | 0 EX¥43.33(3.33| 0 [333| 0 | 0 | 0 (3.33
BP 0 [3.33F 0 0 0 0 (333| 0 0 8P (3.33(3.33 EiNii] O 0 0 0 0 0 [13.33|
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Figure 14. The confusion matrix of the LSTM-based results: (a) depth sensor, (b) gyro sensor,
(c) accelerometer, and (d) decision fusion results.



Sensors 2019, 19, 1425 13 of 17

Accuracy: 74.67% Accuracy: 30.00%

aw [EEE6.67]667] 0 | 0 | 0 | 0 | 0 [333] o I 70.00 o|o]|o o] o] o |33

88 |33307X34 0 | 0 | 0 333 0o | 0 |3.33[3.33 B | 0 0|0 |0 oo |33

8 [10.006.674XK 0 | 0 | 0 | o |3.33] 0 |3.33 w | o olo|lolo|o 16.67
= o [6.6771333 o 333) 0 [ 0 | 0 1000333 w os [ 0 [0X3.33 0olo oo o 66
g v |333)3330667| o [FER1333 0 [0 [0 o] 2 u oo XM ofteer o[ o0 |0 [33
@ 5 f10.003.33] 0 [ 0 |0 [PXH333/ 0 |0 |0 | © s |0 1667 0 [0 [0 |0 | 0

w 10.00(3.33] 0 [6.67] 0 | o [XT10.00 o [10.00 w | o [EXN3.33]333] 0 | 0 [6.67] 0 |6.67

Pc [333/1333 0 [0 [0 [ o [ o B o | 0 ec[o]o o [ o 208 o [333] o

R 1000 0 |0 | 0| o] o]0 o XY o " | o] o667 0|00 o] o [[Xpeer

s [ o [3.33 3.33|6.67 23183333 [3.33] 0 R o | o @XM o|o|o|o|o]o

AW BB BP DS LL |53 NW PC RL RS AW BB BP DS LL s NW PC RL RS
predict predict
(a) (b)
Accuracy: 87.33% Accuracy: 79.33%

aw PEER3.33] 0 [0 [0 [333[ o000 P

8 | 0 [k 0 [3.33| o [20.00 0 0

e | 0 |3 olofo oo B
= [0 [333] o I3 2000 0 [0 [ o . o
g ulio|lo|o]|o o/o|o0o|o0 g )
@ sloflofo]o o|oo = 5

w | o [2000 0 | 0 0o P

Pc| 0 [333) 0 | 0 0 5

R{o[o oo ,

/s [0 [333) 0 | 0

AW BB BP DS (18 ES NwW PC RL RS
predict s erLedic':st
(c) (d)

Figure 15. The confusion matrix of the SVM-based results: (a) depth sensor, (b) gyro sensor,
(c) accelerometer, and (d) decision fusion results.

Table 1. Comparison results of average accuracy.

LSTM SVM

Depth Sensor ~ 90.67%  74.67%
Gyro Sensor 77.33%  30.00%
Accelerometer  95.67%  87.33%
Decision Fusion 97.33%  79.33%

4.2. Qualitative Evaluation

Figure 16a depicts the deep squat (DS) motion and Figure 16b depicts the left lunge (LL) motion.
The sensor signal distribution bounded by the red rectangles on the left in Figure 16a is quite different
to the signal distribution bounded by the red dashed rectangles on the left in Figure 16b, which are
observed in the corresponding time region. The distributions of the signals bounded by the green
rectangles and the green dashed rectangles are quite different. Therefore, the DS and LL motions can
be distinguished as different behaviors in the multiple modalities according to the proposed feature
extraction process.
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Figure 16. Representations of (a) the deep squat motion and (b) the left lunge motion.

Similarly, the left stretch (LS) motion (Figure 17a) and CP (Figure 17b) can be classified as two
separate behaviors. For instance, during the period bounded by the red rectangle in Figure 17a,
the accelerometer has stable distribution for the sensor ER, AR, and AL, because the feet and one of the
user’s hands is not moving. Simultaneously, for the PC motion, the ER, AR, and AL sensors have large
responses as per the signals bounded by the red dashed rectangle in Figure 17b, because the user’s
hand and body are rotated and move the desk of the coffee machine. Furthermore, the user’s right
hand is moved with a rotating motion to cause the ER sensor response indicated by the green dashed
rectangle in Figure 17b. Consequently, the motion LS and PC can be distinguished from the signal
distribution of the multiple modalities.
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Figure 17. Representations of (a) the left-stretch motion and (b) the coffee-pouring motion.
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When two behaviors are very similar (Figure 18), abnormal walking (AW) behavior may be
incorrectly identified as normal walking (NW) behavior in one of the modalities. The gyrosensor
signal distributions (bounded by the red rectangle) of AW and NW are similar, and the resulting gyro
features also share similar patterns. Therefore, according to the values in Figure 14b, 30% of AW is
erroneously recognized as NW and 20% of NW is incorrectly recognized as AW. However, AW and
NW behaviors in the camera modality have different distributions. As per the signals bounded by the
green rectangles at the bottom of Figure 18, the skeleton feature obtained can distinguish two separate
behaviors. The values in Figure 14c demonstrate that 0% of AW is erroneously recognized as NW and
vice versa. As a result, even if behaviors may be erroneously recognized in one modality (gyro sensors
in this case), the other modalities (depth cameras in this case) can compensate after a decision fusion
process. As per the values in Figure 14d, 0% of AW is incorrectly recognized as NW and vice versa.
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_
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AR R p e
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Skeleton
Feature

Gyro
|

ACC

(a) (b)

Figure 18. Results from AW to NW; similar gyro features, dissimilar skeletal features.

4.3. Complexity Comparison

The proposed deep-learning method is compared for an LSTM approach and an SVM approach.
To offer mobile capability to collect different behaviors for on- and off-field activities, both approaches
are operated on a laptop computer in a Windows 10 environment, with an Intel Core i7, a 2.70-GHz
CPU, and 8 GB of RAM. The total computational time for operating the whole dataset is presented
in Table 2. A total of 1000 sensing temporally synchronized data were collected for each trail. With a
leave-30-out cross-validation, 300 trails were used for testing, and 700 trails were used for training.
The total training time for the depth modality, gyro sensor modality, and accelerometer modality are
included in the first to third rows of Table 2. The LSTM approach clearly requires more time than the
SVM approach does to generate the deep-learning model. In addition, because the depth modality has
many more features than the gyro sensor modality and the accelerometer modality do, the operational
time for the depth sensor is much greater than for the other two modalities. However, when the
behavior model is already obtained, in the testing phase, the operational time for the proposed
decision-level fusion behavior recognition method of the LSTM and the SVM approaches is in the same
time scale. Comparing Table 2 and Table 1, we may conclude that the proposed LSTM-machine learning
modeling achieves higher behavior recognition accuracy with spending much more computational
time in the training phase. By contrast, in the testing phase, more computational time is needed for the
LSTM approach as for the SVM approach.
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Table 2. Comparison results of computational time (s).

LSTM SVM

Depth Sensor Training Time ~ 1637.92  2.92

Gyro Sensor Training Time 135.64  0.32
Accelerometer Training Time  134.61 0.48
Decision Fusion Testing Time 0.49 0.32

5. Conclusions

The proposed method can recognize on- and off-field behaviors of baseball players based on
the obtained LSTM classifiers trained from multimodal IoTsensors. A novel baseball player behavior
classification system is proposed. In the past, researchers considered only on-field activities; however,
both on- and off-field activities provide essential information for evaluating players’ performance and
status. Among the 10 behaviors proposed, baseball pitch and baseball bat are used to identify players’
on-field performance; left and right stretch, left and right lunge, and deep squat are used to understand
players’ status during warm-up or during workouts; normal or AW and CP behaviors are used for
daily general behavior classification. The contribution of this paper is threefold: (i) the data from a
depth camera and multiple inertial sensors can be segmented with a fusion manner, (ii) the skeletal
positions with time-variant skeleton vector projection and the statistical properties are extracted as
the features, and (iii) a decision-level fusion with a deep-learning process is proposed to train the
behavior classifiers. The preliminary results of the proposed baseball player behavior classification
system demonstrate that the on- and off-field behaviors of a potential baseball player can be analyzed
by multimodal sensing data for further evaluation by a baseball coach. In the future, a player’s
body status, not only the physical positions but also the internal muscle status can be analyzed by
deep-learning technologies using big data collected from baseball players.

Author Contributions: S.-W.S. conceived the study, participated in its design and methodology and drafted the
manuscript; T.-C.M. and C.-C.F. participated in its design and implemented and evaluated the performance of the
proposed method; P.-C.C., K.-L.H., and H.-C.S. analyzed and interpreted the sensing data. All authors read and
approved the final manuscript.

Funding: This work was supported in part by the Ministry of Science and Technology, Taiwan, grant number,
MOST 106-2221-E-119-002, MOST 107-2221-E-119 -001-MY2, MOST 107-2627-H-155-001, and this work was
financially supported by the Center of Intelligent Robots from The Featured Areas Research Center Program
within the framework of the Higher Education Sprout Project by the Ministry of Education (MOE) in Taiwan and
Ministry of Science and Technology of Taiwan under Grants MOST 107-2218-E-011-014.

Conflicts of Interest: The authors declare no conflict of interest. The funders had no role in the design of the
study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to
publish the results.

References

1.  Zelnik-Manor, L.; Irani, M. Statistical analysis of dynamic actions. IEEE Trans. Pattern Anal. Mach. Intell.
2006, 28, 1530-1535. [CrossRef] [PubMed]

2. Khan, Z.; Sohn, W. Abnormal human activity recognition system based on R-transform and kernel
discriminant technique for elderly home care. IEEE Trans. Consum. Electron. 2011, 57, 1843-1850. [CrossRef]

3.  Kuehne, H,; Jhuang, H.; Garrote, E.; Poggio, T.; Serre, T. HMDB: A large video database for human motion
recognition. In Proceedings of the IEEE International Conference on Computer Vision, Barcelona, Spain,
6-13 November 2011.

4. Mehta, D.; Sridhar, S.; Sotnychenko, O.; Rhodin, H.; Shafiei, M.; Seidel, H.P; Xu, W.; Casas, D.; Theobalt, C. VNect:
Real-time 3D human pose estimation with a single RGB camera. ACM Trans. Graph. 2017, 36, 44. [CrossRef]


http://dx.doi.org/10.1109/TPAMI.2006.194
http://www.ncbi.nlm.nih.gov/pubmed/16929739
http://dx.doi.org/10.1109/TCE.2011.6131162
http://dx.doi.org/10.1145/3072959.3073596

Sensors 2019, 19, 1425 17 of 17

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.
22.
23.
24.

25.

26.
27.

Shotton, J.; Fitzgibbon, A.; Cook, M.; Sharp, T.; Finocchio, R.; Moore, M.; Kipman, A.; Blake, A. Real-time
human pose recognition in parts from single depth images. In Proceedings of the IEEE International
Conference on Computer Vision and Pattern Recognition, Colorado Springs, CO, USA, 20-25 June 2011.
Luber, M.; Spinello, L.; Arras, K.O. People tracking in RGB-D data with on-line boosted target
models. In Proceedings of the IEEE International Conference on Intelligent Robots and Systems,
San Francisco, CA, USA, 25-30 September 2011.

Zollhofer, M.; Niebner, M.; Izadi, S.; Rhemann, C.; Zach, C.; Fisher, M.; Wu, C,; Fitzgibbon, A.; Loop, C.; Theobalt, C.;
et al. Real-time non-rigid reconstruction using an RGB-D camera. ACM Trans. Gr. 2014, 33, 156. [CrossRef]

Dou, M.; Khamis, S.; Degtyarev, Y.; Davidson, P.; Fanello, S.R.; Kowdle, A.; Escolano, S.0.; Rhemann, C.;
Kim, D.; Taylor, J.; et al. Fusion4D: Real-time performance capture of challenging scenes. ACM Trans. Graph.
2016, 35, 114. [CrossRef]

Newcombe, R.A.; Fox, D.; Seitz, S.M. DynamicFusion: Reconstruction and tracking of non-rigid scenes
in real-time. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
Boston, MA, USA, 7-12 June 2015.

Orts-Escolano, S.; Rhemann, C.; Fanello, S.; Chang, W.; Kowdle, A.; Degtyarev, Y.; Kim, D.; Davidson, P.L.;
Khamis, S.; Dou, M; et al. Holoportation: Virtual 3D teleportation in real-time. In Proceedings of the ACM
Symposium on User Interface Software and Technology, Tokyo, Japan, 16-19 October 2016.

Xu, R.; Zhou, S.; Li, W.J. MEMS accelerometer based nonspecific-user hand gesture recognition. IEEE Sens. J.
2012, 12, 1166-1173. [CrossRef]

Gupta, H.P; Chudgar, H.S.; Mukherjee, S.; Dutta, T.; Sharma, K. A continuous hand gestures recognition
technique for human-machine interaction using accelerometer and gyroscope sensors. IEEE Sens. J. 2016,
16, 6425-6432. [CrossRef]

Xie, R.; Cao, J. Accelerometer-based hand gesture recognition by neural network and similarity matching.
IEEE Sens. |. 2016, 16, 4537-4545. [CrossRef]

Available online: https://support.xbox.com/en-US/xbox-on-windows/accessories/kinect-for-windows-
v2-info (accessed on 1 February 2019).

Available online: https://www.microsoft.com/en-us/download/details.aspx?id=44561 (accessed on
1 February 2019).

Dawar, N.; Kehtarnavaz, N. Action detection and recognition in continuous action streams by deep
learning-based sensing fusion. IEEE Sens. J. 2018, 18, 9660-9668. [CrossRef]

Kuo, C.H.; Chang, P.C.; Sun, S.W. Behavior recognition using multiple depth cameras based on a time-variant
skeleton vector projection. IEEE Trans. Emerg. Top. Comput. Intell. 2017, 1, 294-304. [CrossRef]

Chen, C; Jafari, R.; Kehtarnavaz, N. A real-time human action recognition system using depth and inertial
sensor fusion. IEEE Sens. |. 2016, 16, 773-781. [CrossRef]

Hochreiter, S.; Schmidhuber, J. Long short-term memory. Neural Comput. 1997, 9, 1735-1780. [CrossRef]
Peppoloni, L.; Satler, M.; Luchetti, E.; Avizzano, C.A.; Tripicchio, P. Stacked generalization for scene analysis
and object recognition. In Proceedings of the IEEE 18th International Conference on Intelligent Engineering
Systems INES 2014, Tihany, Hungary, 3-5 July 2014; pp. 215-220.

Available online: http://x-io0.co.uk/x-osc/ (accessed on 1 February 2019).

Available online: https://www.tensorflow.org/ (accessed on 1 February 2019).

Fan, R.E.; Chen, PH.; Lin, C.J. Working set selection using second order information for training support
vector machines. J. Mach. Learn. Res. 2005, 6, 1889-1918.

Kim, H.; Lee, S.; Lee, D.; Choi, S.; Ju, J.; Myung, H. Real-time human pose estimation and gesture recognition
from depth images using superpixels and SVM classifier. Sensors 2015, 15, 12410-12427. [CrossRef] [PubMed]
Pei, L.; Guinness, R.; Chen, R.; Liu, J.; Kuusniemi, H.; Chen, Y.; Chen, L.; Kaistinen, ]. Human behavior
cognition using smartphone sensors. Sensors 2013, 13, 1402-1424. [CrossRef] [PubMed]

Available online: https://www.mathworks.com/help/stats/svmtrain.html (accessed on 1 February 2019).
Hastie, T.; Tibshirani, R.; Friedman, J. The Elements of Statistical Learning: Data Mining, Inference, and Prediction;
Springer: Berlin, Germany, 2009; pp. 222.

® (© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1145/2601097.2601165
http://dx.doi.org/10.1145/2897824.2925969
http://dx.doi.org/10.1109/JSEN.2011.2166953
http://dx.doi.org/10.1109/JSEN.2016.2581023
http://dx.doi.org/10.1109/JSEN.2016.2546942
https://support.xbox.com/en-US/xbox-on-windows/accessories/kinect-for-windows-v2-info
https://support.xbox.com/en-US/xbox-on-windows/accessories/kinect-for-windows-v2-info
https://www.microsoft.com/en-us/download/details.aspx?id=44561
http://dx.doi.org/10.1109/JSEN.2018.2872862
http://dx.doi.org/10.1109/TETCI.2017.2674186
http://dx.doi.org/10.1109/JSEN.2015.2487358
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://x-io.co.uk/x-osc/
https://www.tensorflow.org/
http://dx.doi.org/10.3390/s150612410
http://www.ncbi.nlm.nih.gov/pubmed/26016921
http://dx.doi.org/10.3390/s130201402
http://www.ncbi.nlm.nih.gov/pubmed/23348030
https://www.mathworks.com/help/stats/svmtrain.html
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction
	Related Work
	Proposed Machine Learning Based Behavior Recognition Fusion System
	Segmentation from Multimodal Sensors
	Behavior Recognition
	Features from a Depth Camera: Time-Variant Skeleton Vector Projection
	Features from the Inertial Sensors: Statistical Features

	Machine Learning Classifiers with Decision Fusion

	Experimental Results
	Quantitative Evaluation
	Qualitative Evaluation
	Complexity Comparison

	Conclusions
	References

