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11 Abstract: Kinect is a device that has been widely used in many areas since it was released in 2010.
12 Kinect SDK was announced in 2011 and used in many other areas than its original purpose, which
13 was a controller for gaming. In particular, it has been used by a number of artists in digital media
14 art since it is inexpensive and has a fast recognition rate. However, there is a problem. Kinect create
15 3D coordinates with a single 2D RGB image for x, y value - single depth image for z value. And this
16 creates a significant limitation on the installation for interactivity of media art. Because the
17 Cartesian XY coordinate and the spherical Z coordinate system are used in combination, depth
18 error depending on the distance is generated, which makes real-time rotation recognition and
19 coordinate correction difficult above coordinate system. This paper proposes a real-time calibration
20 method of Kinect recognition range expansion for useful application in the digital media art area.
21 The proposed method can recognize the viewer accurately by calibrating a coordinate in any
22 direction in front of the viewer. 3,400 datasets witch acquire from experiment were measured as
23 five stances: the 1m attention stance, Im hands-up stance, 2m attention stance, 2m hands-up stance,
24 and 2m hands-half-up stance, which were taken and recorded every 0.5 sec. The experimental
25 results showed that the accuracy rate was improved about 11.5% compared with front
26 measurement data according to Kinect reference installation method.

27 Keywords: Kinect; Depth calibration; RGB-D; Media Art; Skeletal Joint Data
28

29 1. Introduction

30 With the advancement of Internet computer technology, studies on methods that make the
31  interaction between computers and humans simple, fast, and easy to understand have been
32 conducted continuously. In particular, human tracking in the video game industry has been
33 developed as a control method [1], and it has now been easily and rapidly applied through a number
34 of study results. This has led to the development of a gesture interface followed by the realization of
35 the natural user interface concept [2], which has been studied since 1971.

36 Human tracking has been studied continuously as a new user interface method. As a result,
37  various products for commercialization and equipment for experiments have been launched in the
38  market. More recently, with the advancement of infrared (IR) sensors and various image-processing
39  techniques, much attention has been paid to apparatus without applying equipment to the human

40  body.

41 The Microsoft Kinect has been recognized as the most well-implemented and applied device for
42 realizing a gesture interface using human tracking as a new input device.

43 Kinect is the world's fastest-selling equipment, as certified by Guinness World Records, after it

44  was launched in the market as an accessory for the Xbox 360 console in December 2010. The
45  production of Kinect was suspended from October 2017, but the core technology RGB single-depth
46  motion capture has been utilized in the Microsoft HoloLens.
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47 Kinect is a motion and voice recognition device based on RGB single-depth images [3]. The
48  original purpose of Kinect development was as a game controller. Kinect shows a good recognition
49  rate even though it is an inexpensive sensor. Not long after Kinect was launched, the equipment was
50  hacked, and the software development kit (SDK) was released. Since then, it has been widely used in
51 many areas, including art [4,5,6], application programs [7,8,9,10,11,37], computer vision [12,13,14],
52 and medical engineering [15,16,17], due to its inexpensive motion recognition function.

53 However, since the RGB single-depth image-based coordinate system in Kinect employs the
54 Cartesian X-Y and spherical depth coordinate systems in a mixed manner, it has a shortcoming in
55  that the equipment has to be located at the front always [18].

56 As a correction method to overcome the above installation limitation, several studies using a
57  fixed-coordinate correction method [19], multi-cameras [20,21,22], and Kinect fusion [23] have been
58  proposed, but these methods employ a polar coordinate system, which is different from the XYZ
59  coordinate system used in the Microsoft Kinect Software Development Kits (MS Kinect SDKs).
60  Microsoft has released Kinect V2 for Kinect for Windows and Xbox One, which improved the
61  recognition problem [24]. However, this also had to fix the installation location of the equipment and
62  subject [25,26].

63 As described above, Kinect is a low-cost motion recognition sensor and originally game control
64  device. Although it has been widely used in various areas rapidly, it is based on RGB single-depth
65  images, which created a problem due to installation requirements. In particular, this problem has
66  become serious in the game and art areas because Kinect must be straight from Kinect — Screen -
67  User, and the coordinate value will change greatly when moving outside the reference installation
68  method [18]. And this is a big problem in games and media arts where fast production and
69  accessibility matters [1].

70
71 Figure 1. Indoor installation media art using one Kinect
72 In particular, there is an installation problem between media art and device in the case of

73 indoor media art. For accurate recognition by Kinect, Kinect has to be installed in the front and start
74 recognition of human bodies and it is recommended to measure at a distance of 2.5 ~ 3M [18].
75  However, it is realistically difficult to install Kinect in front of works in media art exhibition centers
76 due to the continuous entry and exit of audience members.

77 In addition, a real-time correction method that is fast and simple without coordinate system
78  transformation is needed for the freedom of composition and installation formation approach
79  preferred by artists.

80 To achieve this, this paper proposes a sideline installation solution for Kinect that can perform
81  real-time calibration based on the user's body depth values using one Kinect and does not change
82  the coordinate system for media game art. Additionally, errors among the original coordinate
83 values of Kinect sensor, twisted coordinates, and calibrated coordinates are compared.

84
85
86
87
88
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89 2. Related research

90 According to the in-home depth camera calibration [18], Kinect recognizes user using the
91  unique coordinate system, which is made by combining a 2d Cartesian coordinate system using
92  RGB camera and a 3d spherical coordinate system using an IR camera. A depth-column-based 3D
93 coordinate system is excellent for single plane application when tracking objects in front of it. This is
94 the reason that Kinect enables good quality motion tracking at a small size and low price. But
95  according to related research [18,19,25,36] it has disadvantages of suffering from many errors when
96  tracking from the side. To overcome this, a method such as multi-tracking or coordinate system
97 transformation has been used [26,27,28,29]. A polar coordinate transformation method requires not
98  only high-level understanding from programmers but also many computation processes
99  [30,31,32,33,34] and an accurate installation angle [20,35].

100 As shown in (1), the rotation transformation requires a rotation angle 0. According to P.

101  Kumar's paper [36], the coordinates of the Kinect do not provide the rotation angle 6, and the

102 rotation angle 6 is derived from two different 3D transformations.

xr\ _ (cos@ —sinb\ (x
103 (y/) - (Sin9 cos@ (y) (1)
104  2.1. Tracking and gesture recognition using RGB cameras

105 If a gesture is recognized using a method based on image recognition, motions can be utilized
106  without the need for wearing a sensor or hardware at a specific area, expanding the utilization
107  range. Although there has been a case of inputting the hand motion of a user via a mouse using
108  general RGB cameras, it is not easy to separate a user’'s movements from background images in
109  complex environments[43], which is a drawback of the degradation in recognition rate. To overcome
110 this, the background and user are separated through the IR light-emitting element and IR cameras to
I11  increase the recognition rate, and gestures made by fingers are recognized in real space and utilized
112 as inputs. More recently, the image-based motion recognition rate has improved significantly since
113 Microsoft has configured the above functions in a single module and Kinect Microsoft released in the
114 market as a prototype has been utilized.

115 2.2. Types and features of the coordinate system used in image recognition based 3D tracking

116 The coordinate system is a way to mark the direction correctly. There are rectangular
117  coordinate system and polar coordinate system. The difference between the two is based on the
118  distance in each direction from the origin, the distance and the angle from the origin. Kinect is a
119  mixture of two coordinate systems. It uses rectangular coordinate system(Figure 2. a) to obtain the
120 X and Y coordinates using the RGB camera image and the 3D polar coordinate system - spherical
121 coordinate system(Figure 2. b) to obtain the Z coordinate [18].
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124 Figure 2. Rectangular coordinate system (a) Spherical coordinate system (b)
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2.3. Depth-column-based 3D coordinate system

Depth camera coordinate system

ix
M =1§ ‘
L I 'z:}?j
T w, | 2=D

®Y/ -

e Plane coordinate
e il
- system
RGB Camera coordinate system
(a) (b)

Figure 3. An illustration of a plane of the calibration object relative to a coordinate system of the
depth camera and relative to a coordinate system of the RGB camera [18 (pp.14,23)] (a)
Structure diagram of depth-column-based 3D coordinate system (b)

The depth-column-based 3D coordinate system (Figure 3.) is a unique coordinate system used
in Kinect. It is made by combining the values in two different coordinate systems [21].

The Z value is provided from the Euclidean distance from the origin r value in the 3D spherical
coordinates. Combine this with the 2D rectangular coordinate system and use it as 3D coordinates.

This unique coordinate system of Kinect has a depth error based on the distance and FOV
value. (Figure 4.)

With this depth-column-based 3D coordinate system have many limitations on the installation
and utilization of single Kinect.
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Figure 4. Depth Error Rate Depending on Device - User's Angle(a), Depth Error Rate Depending on
Device - User's Distance(b) [18(pp.17)]

Despite these disadvantages, depth-column-based 3D coordinate system is still used because
the size of the equipment can be reduced, without wearing equipment and remote sensor with fast
and accurate measurement in limited installation unlike existing tracking equipment such as RGB
cameras, motion trackers and controllers. According to related research, Kinect is a high-quality
motion tracking device at low cost.
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152 2.4. Tracking and application method of Kinect

153 Kinect from Microsoft is a depth-column-based 3D tracking device that has been widely used
154  due to its low price and high performance compared to existing tracking equipment following its
155  release in Nov. 2010.

156

157 (a (b)

158 Figure 5. Reference Front Tracking (a) and Axis Conversion Top Tracking (b)

159

160 According to Kinect patents IN-Home Depth Camera Calibration [18], basic tracking method is

161  to place the equipment at least 2 m outside, in front of the user, as shown in Figure 5a. Obtaining the
162 best recognition rate is recommended when using Kinect. And this tracking method does not have a
163 shade area for most human motion created. However, Kinect has a significant limitation in terms of
164  its installation environment or usage due to the characteristics of its installation, which require the
165  screen and user angle to be matched [7,18 (pp.25)].

166 There is a method by installing the equipment at a right angle (90°) in the angular direction as
167 shown in Figure 5b. [7,18]. This can solve some installation limitations, however, there is no solution
168  to the depth error shown in figure 4.

169  2.5. Gesture interface recognition and subject rotation recognition

170 Previously, various methods have been developed to facilitate gesture recognition from
171  various angles using Kinect, such as multilayer perception (MLP), artificial neural networks (ANN),
172 and support vector machines (SVM). Table 1 summarizes the approach method, datasets, and
173 accuracy of the previous study results that have attempted calibration using other methods.

174 Many studies have been conducted on rotation recognition, and most of them have been
175  applied to recognition of gesture recognition or sign language. The Depth-column-based 3D
176  coordinate system was used 3 and 6, and the 6th item was measured by converting the angle
177  between the user and Kinect into 0, 45, and 90 degrees.

178
179
180
181

182


http://dx.doi.org/10.20944/preprints201806.0367.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 June 2018 d0i:10.20944/preprints201806.0367.v1

183

184

185

186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201

6 of 22

Table 1. Summary of the related work in comparison to the proposed methodology

Author & Year Approach Dataset Accuracy (%)
Kinect joint
positions,
Patsadu et al. [38], SVM, Decision Tree, 3 gestures 93.72%
2012 NN

Naive Bayes
3D joint positions,
angular

Monir et al. [39], 2012 .y 4 postures 89.1%
features, priority
matching
. Hands shape,
Almeida et al. [40], movement, 34 BSL signs 80%
2014 .
position, SVM
Serial particle filter, . o
Lim et al. [41], 2016 covariance matrix 50 ASL signs 87.33%
Hand orientation,
Uebersax et al. [42], MM, 7 ASL alphabets 88%
2011
DD
3D hand joints,
Affine
Transformation,
Pradee;z) 0e1t7al. [36], angular, 30 ISL signs 83.77%
curvature, Velocity,
dynamic features,
HMM, SVM
3D hand joints, Side
Proposed correction, Human 2 distances
. 84.82%
Methodology proportional, 3 postures

velocity, real time

3. Proposed tracking calibration method

The proposed method in this paper aims to calibrate a coordinate by making it close to that of
the front measurement after a reference point is set up using the characteristics of the human body
without changing the coordinate system.

The aims of the proposed method are as follows:

1. First, conversion of the existing XYZ coordinate system used in Kinect SDK is not
performed. Because an official software development kit is provided, and official SDK is
one of the easiest ways for developers to access Kinect application development including
media art.

2. Second, the proposed method aims to the real - time correction. Because media art is
constantly replacing and accessing viewers.

3. Third, the proposed method aims to perform calibration at a distance of approximately 2m
in consideration of indoor installation.

4. Fourth, viewers are constantly replaced in media art. It is not suitable for using
post-processing such as machine learning. Therefore, the proposed method aims to correct
the initial value without post-processing.
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202 5.

203 () (b)

204 Figure 6. Skeleton tracking with front installation (a) Skeleton tracking with rotation (b)

205 The human body has organic movements overall rather than moving one part or organ

206  separately. Thus, the reference point of calibration was set as inside the human body.

207 Figure 6a. shows an example of a skeleton that is recognized by Kinect when tracking is
208  performed using the recommended front installation method. The right side of Figure 6a. simplifies
209  this, and the human skeleton model that is displayed has the same depth values overall. Thus, the
210  coordinate value can be expressed as follows:

211

212

213

215 Right hand(R,,, Ry, R,,

216 lefthand(Ly,, Ly, L,, )

217 Shoulder Depth (LS;,,CS,, RS, )

214 Ry =Lz =RS; =LS; =C(CSy, (2)
218

219 A twist phenomenon of the coordinate values in (X, Y, Z) occurred more as measuring was

220  performed at the side more due to the characteristics of Kinect, as shown in Figure 6b. because it
221  uses the "Depth-column-based 3D coordinate system" which overlaps only the x, y 2D rectangular
222 coordinates and depth values of the 3D spherical coordinate, not the rotation equations or the same
223 reference point. Therefore, when the user rotates, Kinect does not recognize that the user has
224  rotated, and recognizes that the human body has been reduced to the right and left [18] (pp. 29).
225  This is called the coordinate twist phenomenon. The coordinate twist phenomenon occurs the most
226  inthe X axis, while it occurs relatively less in the Y axis. The coordinate value is expressed as follows:

227

229 Right hand(R,,, Ry, R,,

230 left hand(R,,, Ry, R,,

228 Shoulder Depth (RS, RS, CSy,) (3)
231

232 R, # 1L,

233 LSz, # RSz, # CSg,

234 L, =LS,

235 R, = RSy, (4)
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236
237  3.2. Calibration method using depth-column application
238 If recognition is performed through real-time calibration on the side, as shown in Figure 6.a,

239 calibration is needed through equations to recognize Figure 6b. as Figure 6a. to extend the
240  installation range of Kinect and facilitate program use as well as promote freer planning and
241  production. The installation range of the equipment can be expanded if calibration is performed as if
242 the X and Z coordinates that are twisted due to the measurement from the side were measured from
243 the front.

244 We approach based on facts "Some parts of the human body, such as the shoulders, are
245  necessarily on the same plane". The following equation can be extracted from the data obtained in

246 (2),(3), and(4).

247 Ly :LSz, =L,,: LSy,

. _ Lx2 * LSZ1
248 Sly = S,
249 Ry, :RSz, = R,,:RS;,

_ Iex2 * RSZ1

250 Ry, = RS,,
251 LSz, — RSz, = Difference of reference depth value Z
252 Ly =L, —Zs (5)
253
254
255 As described above, the opposite side was calibrated based on a depth value from one side

256  (the left or right side) using a proportional equation to enable recognition as if they were located in
257  the same depth value. Each coordinate modified into the same depth plane can be expressed as

258  follows:

259
260
Ly, *LS
261 Left hand position (L,, = i52221’ Ly, L,, —Zs)
262 Right hand position (R,,,R,,R;,)
263 But, Zs = LS;, — RSz,, Suppose RS, = RS, (6)
264
265
266
267 Left hand position (L, Ly, L, )
Ry, *RS:
268 Right hand position(R,, = 1152221’ Ry ,R,, —Zs)
269 But, Zs = RS, — LSz, Suppose LS, = LS, 7)
270 If LS, <RS, using (6)
271 If LS, > RS, using (7)
272 (6) and (7) are depth values at the left and right sides, respectively, in which the angles are

273  modified by calibrating the opposite side. (6) and (7) were used when Kinect was located on the right
274  and left sides of the subject, respectively. When Kinect was located on the right side of the subject,
275  the error rate became larger than the target error in the original coordinate if the opposite equation
276  shownin (6) was used as its state became an inverse correction.

277

278

279

280

281

282


http://dx.doi.org/10.20944/preprints201806.0367.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 June 2018 d0i:10.20944/preprints201806.0367.v1

9 of 22

283 4. Analysis and evaluation of experimental results

284 In the experiment, three types of coordinate error rates were calculated: the normal
285 coordinates, which became the reference through front measurements; the original coordinates,
286  which varied according to the recognition location; and the modified calibrated coordinates through
287  the algorithm.

288 Kinect has been released up to v2 now, and v2 is up to 10 times different in distance error from
289  4m compared to v1. However, Kinect v2 is not often used in media art because it does not support a
290  variety of applications compared to v1, and the resolution between IR camera and RGB camera is not
291  directly proportional to v2 [24]. Therefore, in this experiment, Kinect v1 was used for the experiment
292 due to the advantages of resolution and media art usage.

293 Kinect's RGB cameras support 1280x1024 or 640 x 480 resolutions and are used to measure X
294  and Y axes. IR cameras support 640 X 480 resolutions and are used to measure the Z axis [18].

295 In this experiment, the resolution of the RGB camera and the IR camera was set to 640 x 480.
296 As shown in Figure 7, a measurement program was created to store the data every 500ms and

297  outputitto a file.

oint Apply resolution Conedie Exit the
coordinates e correction
Acquisition plied program

Data temporary File
caching output
every 500ms

Data
comparison
analysis
298
299 Figure 7. Block diagram of the proposed solution-applied measurement and comparison program

300
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302 Figure 8. Program interface screen of several datasets
303 Figure 8. shows the fabricated coordinate measurement program for measuring the original and

304  calibrated coordinates at the same time. The five sets of coordinates represent the coordinates of the
305 left hand, the coordinate of the left shoulder, the coordinates of the right hand, and the coordinates
306  of the right shoulder from above, and the calibrated coordinates of the left hand.

307

308 4.1 Experimental results

309 In the experiments, we have selected three basic postures: attention postures, hands-up
310  postures, and hands-half-up postures for act on something [36,38,39,40,41,42]. This was measured
311  for each pose up to 2 meters, which is most affected by distance, and 3 meters where the error
312 sharply decreased [18,24], were measured only attention postures.

313 The rotations were conducted at different speeds and in different directions for each stance to
314  evaluate the real-time measurement performance of the algorithm.
315 For the application of the algorithm, calibration was performed only when Kinect was located

316  on the left side of the subject (when the subject was rotated in the right direction) to evaluate the
317  inverse calibration state.

318
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319

320 (@) (b) ©

321 Figure 9. Subjects at different viewing angles: (a) front view with zero degrees, (b) side view with
322 approximately 45°, (c) side view with approximately 90°

323

324 In this experiment, Kinect was fixed to the location and the subject was also fixed to look at the

325  front (A) and rotated until the angle between Kinect and subject became 90° (Figure 9a.-> Figure
326  9b.-> Figure 9c.), and then they gazed at the front again (Figure 9c.-> Figure 9b.-> Figure 9a.) to
327  measure the accuracy rate of real-time calibration in a range of motion.

328 The error rate compared with the target value was measured between non-calibrated and
329  calibrated values only in the section that entered into the calibration state.

330 The following is a comparison of measurement data and error rate by posture and distance.
331 Figures 10, 12, 14, 16, 18, and 20 are time-position graphs that measure a rotating subject once
332 every 0.5 second.

333 Green line is set to the target value when the subject is in front.

334 Red line is raw data that is not corrected to the value when the subject rotates.

335 Blue line is the correction data that is corrected from 0 'to 90' as shown in Figure 9. and inverse
336  corrected from 0 'to -90'".

337 Performance has been compared with raw data and the results are presented in "figure. 11, 13,
338 15,17, 19and 21.

339

340

341

342

343

344

345

346

347

348
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2M Hands-half-up stance, turn right—turn left
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476 Figure 22. Original tracking error rate (above) and corrected coordinate error rate (bottom)
477 This section analyzes raw data and calibrated data.
478 The most calibrated value posture was measured as 84.58%, which was 26.4% higher than
479  58.18% before calibration with 1m hands up stance.
480 This is estimated to be due to the largest error that occurs in close proximity of Kinect as shown
481  in figure 4.
482 In addition, the calibrated value was lowered as the distance was increased. As shown in Figure

483  22. about 10% in 1m attention stance, about 26% in Im hands-up stance, about 4.5% in 2m attention
484  stance, about 6.8% in 2m hands-up stance and less than 1% in 3m attention stance.

485 This distribution of the distance error is considered to be the main cause of the error rate of the
486  distance according to the FOV value of Kinect and the spherical Z coordinate system as shown in
487  figure 4.

488 In the case of 2m hands half up, it showed 10.8% calibrated value, but it is difficult to
489  manipulate finely with the accuracy rate of 67.68% according to the proposed method.

490 However, according to related research rotation calibration using the SVM [36], the accuracy

491  rateis 45 ~ 50% in the first attempt and it has a maximum accuracy rate of 77% after 50 ~ 60 times of
492  machine learning. In the proposed method, the initial hit rate is high, but the final hit rate drops by
493  about 10% because there is no post-processing. Media art, where in-out is fast and users are
494  constantly changing, is difficult to use post-processing methods such as machine learning.
495  Therefore, it is necessary to improve the proposed method in accordance with the characteristics of
496  media art.

497

498

499

500
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502 5. Conclusions

503 In this paper, we have proposed a real-time calibration method of Kinect recognition range
504  expansion for media art. Our method was proposed with the goal of real - time correction without
505  using coordinate transformation, without using machine learning. The proposed method has been
506  tested on a large dataset of 3,400. Dataset were measured and error rates were compared by
507  changing the distance, posture, direction, and speed to prove the utility of the proposed method. The
508  recommended installation method for Kinect was originally 2m away from the subject, but in this
509  experiment, Im and 3m distances were also used for measurements in various environments. As
510  shown in Figure. 10-22., the accuracy rate was improved by more than 12.5% on average compared
511  with the error rate in the non-calibration status, and higher accuracy rates were revealed as the
512  installation angle between Kinect and subject became narrower. A large error occurred even if
513 calibration was performed in the area where the conversion of the Z-axis coordinate of the hand was
514  conducted, such as the hand-half-up stance, which was the most widely used range of motion.

515 At 2m, related research rotation calibration using User Learning, Support Vector Machine and
516  Hidden Markov Model is about 10% more effective than our proposed method with a maximum hit
517  rate of 77% [36]. However, related research rotation calibration using User Learning, Support Vector
518  Machine and Hidden Markov Model has about 45% initial accuracy rate and that is about 15% lower
519  than the initial accuracy rate of our proposed method. Therefore, we can expect to increase the
520  accuracy rate in parallel with future learning methods.

521 The accuracy was increased by 5-10% in most cases, and accuracy was improved further at Im
522 than at 2m and when the hand was raised than when the hand was lowered. The largest error
523 calibration rate was exhibited when the hand was raised within a distance of 1m, in which the
524 accuracy was improved by 26%.

525 In future, we will combine various gesture interfaces, such as sign language recognition, to
526  analyze various motion recognition rates. In related research has obtained better results with
527 machine learning such as Support Vector Machine or Hidden Markov Model [36,38,39,40,41,42].
528 In this paper, we tried to get a better initial value by suggesting that machine learning is not
529  suitable in media art because media art is constantly changing audiences. As a result, the results
530  were at least 5% up to about 27% except the 2M Half Hands Up posture, but about 11% lower at the
531  2M Half Hands Up posture.

532 As future tasks, we can get better results by combining machine learning methods like Support
533 Vector Machine or Hidden Markov Model or User Learning as shown in related research. But
534  machine learning is mainly used for long-term and limited subject datasets, it is necessary to study
535  and modify short-term and various object datasets for media art. Additionally, more complicated
536  gesture recognition or data gathering and analysis about sign language mainly used in media art
537  should be performed. We will design a gesture interface analysis system in combination with
538  skeletal motion data.
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