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Abstract Most studies on the selection techniques of projection-based VR systems are dependent on users
wearing complex or expensive input devices, however there are lack of more convenient selection techniques.
In this paper, we propose a flexible 3D selection technique in a large display projection-based virtual environment. Herein, we present a body tracking method using convolutional neural network (CNN) to estimate
3D skeletons of multi-users, and propose a region-based selection method to effectively select virtual objects
using only the tracked fingertips of multi-users. Additionally, a multi-user merge method is introduced to
enable users’ actions and perception to realign when multiple users observe a single stereoscopic display.
By comparing with state-of-the-art CNN-based pose estimation methods, the proposed CNN-based body
tracking method enables considerable estimation accuracy with the guarantee of real-time performance. In
addition, we evaluate our selection technique against three prevalent selection techniques and test the performance of our selection technique in a multi-user scenario. The results show that our selection technique
significantly increases the efficiency and effectiveness, and is of comparable stability to support multi-user
interaction.
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1

Introduction

Large display projection-based virtual reality (VR) systems [1–3], which present stereoscopic virtual
environments, have emerged as the prevalent display paradigms. Furthermore, with all users head-tracked,
large display projection-based VR systems have the ability to generate virtual environments that align
with the real space and the viewed positions of virtual objects inside the virtual space. Because the
alignment of the real and virtual environments has the potential to allow the user to intuitively perceive
his body as part of the virtual space, the efficient support of selecting stereoscopically displayed objects
is necessary in a head-tracked projection-based virtual environment (VE). To enable users to intuitively
select virtual objects on a large display from a distance, the ray-casting selection technique [4] has been
commonly used in projection-based VR systems. In this technique, the target object is determined by
computing the intersections of rays emanating from spatial interaction devices, such as laser pointers [5,6]
or 3D tracking equipment [7–9], through the display plane. Without interaction devices, the most intuitive
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Figure 1 (Color online) The illustration of our technique (once the object is selected, the contour is marked): (a) the
user points at the desired object with his fingertip; (b) the object is selected when the fingertip occludes part of the object.

instrument is the human hand. In recent studies [10, 11], the use of human hand ray-casting has been
proposed and evaluated.
When adopting the users’ hands as the interaction devices, the first priority is to precisely track
the user’s body. Having been widely used in various interaction techniques, an RGB-D camera such as
Microsoft’s Kinect, based on vision techniques, can effectively track the bodies of multiply users. However,
occlusion is a significant problem in the real deployment of single front-view camera systems. In recent
years, many methods have been proposed to solve this problem. Kim et al. [12] proposed a depth-based
tracking method for hand tracking and occlusion handling. By using depth cues for occlusion detection,
Zohra et al. [13] proposed an effective face recognition method. However, these proposed solutions are
suitable only for processing the occlusion of a single user. To resolve mutual occlusion when tracking
multiple users, multi-camera based tracking systems sense the tracking area from different angles by using
multiple RGB-D cameras, such as Out of Sight [14]. However, adopting more cameras leads to additional
issues, such as high cost, difficulty in calibration, and inconvenient deployment setup for users.
Recently, the use of a deep convolutional neutral network (CNN) has enabled significant progress in
multi-person pose estimation [15, 16]. By using a single, affordable and unintrusive RGB-D camera, the
existing state-of-the-art CNN-based multi-person pose estimation methods have shown the potential to
precisely track multiple users that encounter heavy occlusion or are in close proximity. These methods
can accurately track each joint position and even fingertip, and avoid shading due to the use of Kinect
equipment, unveiling new possibilities for selection techniques. Typically, CNN-based multi-person pose
estimation methods include bottom-up and top-down methods. Bottom-up approaches, such as Cao et
al. [16], detect body joints and assign them to people instances; therefore they achieve faster run time
than top-down approaches. In contrast, top-down methods [17–19] first detect people and then adopt a
single person pose estimation (SPPN) method to predict final pose for each person. In this manner, topdown methods enable higher accuracy than bottom-up methods. Because the SPPN method is performed
for each person instance, top-down methods are extremely slow.
In traditional large display projection-based VR systems, misalignment between real and virtual object
positions occurs when multiple users share a single-view stereoscopic display. To provide a separate,
correct image for each eye of each user, two general approaches [20, 21] have been proposed. The first
approach [20] is to correctly generate an individual image for each user. However, this approach is
limited by costly extensions and image separation techniques. The second approach [21] is to adapt the
stereoscopic images and depth cues to minimize the perceived distortion.
Inspired by the previous studies, we propose a flexible selection technique that enables multiple users
to intuitively select virtual objects via CNN in a single-view stereoscopic VR environment, as shown
in Figure 1. First, to support multi-user selection, our technique adopts a real-time CNN-based body
tracking method that requires only a single RGB-D camera to accurately track multiple users. Because
real-time performance is the primary factor of multi-user interaction, we adopt the bottom-up architecture
for our CNN-based body tracking method. Second, after obtaining the tracked skeletons of the users,
our technique adopts a region-based selection method that enables users to select virtual objects by
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directly pointing at the targets using their fingertips. To this end, the proposed selection technique
is comparatively flexible in contrast with classical selection techniques which adopt expensive tracking
equipment such as motion capture systems [11, 22]. Finally, to allow multi-user selection in a singleview virtual environment, our technique applies a multi-user merge method to effectively reduce the
misalignment between the visual perception and actions of each user.
Within the scope of this paper, the virtual environment is rendered by projection-based display system.
To this end, our selection technique requires the users to face the screen when selecting in the virtual
environment. For our CNN-based body tracking method, a comparative experiment is performed to
evaluate the the precision and the real-time performance by comparing with state-of-the-art CNN-based
pose estimating methods. To evaluate the performance of our selection technique, we conduct two
formative user studies to compare with prevalent selection techniques and test the effectiveness of our
selection technique in multi-user interaction scenario. In summary, the main contributions of this paper
are as follows:
(1) A flexible 3D selection technique that allows multiply users to rapidly and precisely select virtual
objects using their fingertips in a single-view stereoscopic VR environment.
(2) To support multi-user interaction, a real-time CNN-based body tracking method is proposed to
generate stable 3D skeletons of multi-users. The proposed body tracking method is able to achieve
considerable estimation accuracy on the premise of ensuring real-time performance.
(3) A region-based selection method is proposed to adopt the tracked skeleton of the user to select
virtual objects in a single-view stereoscopic VR environment. By using the extended region of the
tracked fingertip, our region-based selection method allows the user to accurately select target objects in
the virtual environment.
(4) To allow multiple users selecting virtual objects in the same virtual environment, we propose a
multi-user merge method by appropriately adjusting users’ viewpoints and interactions to make their
perceptions and actions consistent.
The remainder of this paper is organized as follows. Section 2 reviews previous studies on pose estimation and ray-casting selection technique. Section 3 describes in detail the process and calculation of
our technique, while Section 4 presents the evaluations that analyze the performance of our technique
and discusses the results. Finally, we conclude with future work in Section 5.

2
2.1

Related work
Pose estimation

Human pose estimation has been extensively studied for many years. Because many studies focus on
detecting the body parts of individuals [15,23], it is significant to localize anatomical key-points. However,
challenges occur when inferring multi-user poses. The so-called top-down approach [24] is a classic
method of directly estimating single-user positions by leveraging existing techniques. However, the topdown approach suffers from computational cost when detecting multiple users. In contrast, bottom-up
approaches have the potential to decouple runtime complexity from the number of people in the image.
Yet, previous studies using the bottom-up method [17,25] fail to retain the gains in efficiency owing to the
costly global inference required by the final parse. For instance, Pishchulin et al. [25] proposed seminal
work of bottom-up approach to jointly label part detection candidates and associate them with individual
users. However, an NP-hard problem occurs in solving the integer linear programming problem over a
fully connected graph, and the average processing time is on the order of hours. Based on ResNet [26] and
image-dependent pairwise scores, Insafutdinov et al. [17] used stronger part detectors to vastly improve
the runtime. However the method still takes several minutes per image, with a limitation on the number
of part proposals.
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Ray-casting selection technique

As the commonly used selection technique, the ray-casting technique [27,28] adopts a virtual ray emitting
from a user’s hand or input device and detects the intersections of these rays to make a selection. Although
this technique is very simple, it suffers from a number of problems. These issues are mostly caused by
natural hand tremor and tracker jitter, making it difficult to control the ray using this technique. When
objects are in small size [29], the ray cast may become even more difficult to use because selecting such
objects by pointing requires a high level of precision.
To address these issues, a number of improvements have been proposed. By adding a cone-shaped
volume to the ray, the cone-casting [27] extends the ray cast to make it easier to select virtual objects at
a distance. Haan et al. [28] presented the snapping technique which uses a selection volume to calculate
and accumulate scores over time for each object to estimate the target. In addition, the bubble-cursor [30]
is a 2D technique that dynamically resizes a circular cursor to make this cursor contain only one object.
Vanacken et al. [31] extended the bubble-cursor to a 3D version by utilizing a virtual sphere instead of a
circle. In a cluttered virtual scene, these two techniques actually perform worse, because the ray or the
cursor constantly snaps or resizes to select new targets when even small movements occur. By changing
the control-display ratio, some other techniques improve ray cast accuracy, either automatically (e.g.,
PRISM [32], when moving slowly) or manually (e.g., ARM [33], by pressing a button), or by providing
the ability to zoom (e.g., zoom-and-pick [34]). Although very high levels of precision can be achieved by
these techniques, they all have limitations. For PRISM and ARM, a significant mismatch of the physical
pointing direction and the perceived pointing position happens during the selection process, and the
mapping is nonlinear. Zoom-based techniques suffer from a potential loss of detail. In addition, users
are required to interact very carefully and with full attention through these techniques. In contrast,
SQUAD [35] uses progressive refinement to narrow the choice of objects from which to select. This
technique presents the objects that are contained in a sphere-cast and displays these objects onto a
Quad-menu in the screen. The user selects the part of the Quad-menu that contains the desired object,
and the objects that are in the same part are then used to fill in the Quad-menu, in the same manner as
the original objects. The technique iteratively processes until the desired object is individually contained
in part of the Quad-menu.

3

The proposed selection technique

We aim to develop a selection technique to effectively achieve agreement between users’ actions and their
perceptions when multiple users view a single-view stereoscopic display. For instance, if a user attempts
to select a virtual object, the object will be selected when the user’s fingertip occludes part of the object
in his vision. Therefore, the precision and consistency of perception are the key points of the selection
technique. Regarding precision, we propose a real-time body tracking method to precisely track the 3D
joint data of the users. For consistency, we introduce the region-based selection method and multi-user
merge method to achieve correct agreement between the users’ interactions and perceptions.
3.1

Real-time body tracking

The first priority of our technique is to precisely track the heads and hands of multiple users, which
is the basis of subsequent processing. In general, a feasible approach is to adopt available real-time
body estimation techniques using an RGB-D camera, such as the Microsoft Kinect. However, Kinect
works inefficiently when the body parts of single user are heavily occluded, or multiple users are in close
proximity. In contrast, CNNs have been proved to effectively solve this issue in body estimation and
maintain good real-time performance. Thus, we implement a body tracking method with multi-stage
CNNs to accurately estimate the 3D body poses of multiple users. The method takes the color and depth
images of the users as the inputs. Inspired by Zhe et al. [16], the method uses a two-branch CNN to
predict the 2D joints of each user in the color images. Finally, all body joints are assembled into full 3D
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Figure 2 (Color online) Architecture of the two-stage body tracking method. Using the multiple sub-stage CNN with
two branches, the method eventually estimates correct full body poses for each user in the depth image.

body poses for all users in the depth image. As shown in Figure 2, we divide the body tracking method
into two stages: (1) preprocessing and (2) CNN pose regression and skeleton extraction. The details are
as follows.
3.1.1 Preprocessing
The preprocessing stage mainly eliminates the background of the original color image while preserving the
main bodies of all users. A simple version is to initially capture a background image, which contains only
the stationary scene of the detection area, and directly eliminate the background from the subsequent
color images. However, even slight changes in illumination are detrimental to this approach. Because
many researchers [36, 37] have proved that human body can be effectively extracted using depth image,
we adopt a depth-image-based method to detect the main bodies of all users in the depth image. The
method initially captures a depth image that contains the experimental environment, except the users,
as the background. Using the background depth image, the method eliminates the stationary scene from
the depth image with a background subtraction process to produce a non-background depth image. All
pixels that indicate users are retained in the depth image. By mapping the pixels from the depth image
to the color image, the body extraction results can be easily obtained in the color image. We perform
these processes for the purpose of reducing the complexity of the image and accelerating the subsequent
CNN-based method.
During the preprocessing stage, the accuracy of body extraction is negatively affected by the noise of
the depth image. The noise of the depth image is usually presented as mounts of null-value areas that are
randomly distributed in the depth image. Therefore, we adopt pixel filtering and context filtering [36] to
smooth the depth image and remove most of the noise.
3.1.2 CNN pose regression and skeleton extraction
The core of our body tracking method is a two-branched CNN that predicts the 2D joint positions of each
user in real time. This stage takes as input the non-background color image and produces as output the
2D locations of the anatomical joints of each user in the color image. Using the architecture as proposed
in [16], we first utilize a feed-forward network to simultaneously predict a set of 2D confidence maps of
joints and a set of 2D vector fields of part affinities. Then, the confidence maps and part affinity fields
are parsed by bipartite matching to output the individual linked joints for all users in the color image.
We split this stage into several sub-stages.
In the first sub-stage, we process the input by the first 10 layers of the VGG-19 model [38] to generate
a set of feature images F . According to [38], VGG-19 adopts stacked small convolutional layers, which
are better than large convolutional layers [39]. Because a small convolutional layer has more non-linear
transformations than a larger convolutional layer, the CNN has a stronger ability to learn image features,
while the cost is relatively small (with fewer parameters).
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Next, we adopt two CNNs, α and β, which use the ResNet50 network architecture of He et al. [26],
to proceed with these feature images F , and simultaneously produce a set of confidence maps C=α (F ),
and a set of part affinity fields P =β (F ), in the second sub-stage. Iteratively, the feature images F , along
with the results of both branches in the previous sub-stages, are concatenated to calculate refined results
in subsequent sub-stages. At sub-stage t, the set of detection confidence maps C t , and the set of part
affinity fields P t , can be defined as follows:
C t = αt (F, C t−1 , P t−1 ),

∀t > 2,

(1)

P t = β t (F, C t−1 , P t−1 ),

∀t > 2,

(2)

where αt and β t are the CNNs for inference at sub-stage t.
To guide the network to iteratively predict the confidence maps of body parts and part affinities, two
loss functions are applied at the end of each sub-stage, respectively. We use the L2 loss between the
estimated predictions and the ground truth maps and fields. For sub-stage t, the loss functions at the
two branches are
I X
X
(3)
Cit (x) − CiGT (x) 2 ,
fαt =
i=1 X

fβt =

I X
X

Pit (x) − PiGT (x)

2

,

(4)

i=1 X

where CiGT is the ground truth part confidence map, PiGT is the ground truth part affinity vector field,
and x is the pixel location on the image. Similar to [15], we adopt intermediate supervision at each
stage to solve the problem of the vanishing gradient by replenishing the gradient periodically. The
network ultimately contains a set of detected joints and a set of part affinity fields for each user. Using
maximum weight bipartite graph matching, the entire 2D body skeleton of each user is presented to the
non-background color image. Finally, a bicubic interpolation is calculated to map the non-background
color image to the depth image in real time. Because the depth image is a source of 3D information, all
2D body joints and associations are transformed to 3D in the depth image. In this manner, our body
tracking method is capable of estimating the positions of the head and index fingertip for each user.
3.2

Region-based selection

Although our body tracking method provides the precise positions of the detected head and index fingertip
for each user, how does the user utilize them to interact in a virtual scene? A simple approach is to
generate an invisible virtual ray that emits from the use’s head position and extends through the fingertip.
The selections are identified by detecting the intersection of the ray with objects in the virtual scene. The
user’s head position directly corresponds with the virtual viewpoint, making the user’s perception and
virtual environment consistent. However, difficulties are experienced when attempting to select a certain
object of a small size or selecting an object in a cluttered scene, leading to confusion or frustration. Such
difficulties arise due to two limitations: (1) the method treats the fingertip as a single point, and (2) the
virtual ray projects to a single point in the viewing plane.
We propose a novel selection method that attempts to overcome the negative effects of these limitations.
In essence, our method adopts a selection region to select virtual objects contained inside this region. If
the method detects several objects that are simultaneously inside this region, a progressive refinement
proceeds to select the desired objects. The region is calculated by projecting the fingertip onto the
projection plane (which means the display screen in our VE). The algorithm of our method consists of
three general stages, and we describe the necessary algebraic calculations of each stage in the following
part.
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Figure 3 (Color online) The process of projecting a fingertip region onto the projection plane. The projection region of
the fingertip can be considered the “shadow” of the fingertip with the eye position.

3.2.1 Region test
The first stage of our method is to generate a selection region by the relevant fingertip and determine
which objects are inside the region. Consider the perspective relation which is shown in Figure 3. In the
coordinate system of the physical space Sp , the image of the virtual scene is projected onto the projection
plane M , which is located on the plane z = zm , and the user’s eye is positioned at pe . Because the
fingertip retains a certain size in the user’s vision, we need to calculate the volume of the fingertip in
this situation. To facilitate the computation, we adopt a small circle which is centered at the position
of the tracked fingertip to indicate the fingertip area in the color image. In our method, the radius of
the circle is 0.5 cm because the average minimum diameter of the human finger is approximately 10 mm.
Considering that the fingertip is represented three-dimensionally, we map the 2D shape of the fingertip to
the corresponding depth image to generate a set of 3D points, denoted by W . To simplify the calculation,
we use a circular 3D plane Hf to indicate the 3D fingertip representation. The plane is centered at the
fingertip position pf with its normal vector directly pointing to the eye position pe . To calculate the
radius of Hf , a vector v1 = pe − pf is defined. We then calculate the subset W ′ of W , in which each
point p of W ′ satisfies (p − pf ) · v1 = 0. By calculating the Euclidean distance between each point of
W ′ and the fingertip position pf , we adopt the point pm , which has the largest Euclidean distance, to
compute the radius r = |pm − pf |.
Then, the set of points on Hf is defined as those points a within a distance threshold of the line
segment, and we obtain
(
(a − pf ) · v1 = 0,
∀a ∈ Sp .
(5)
|a − pf | = r,
Based on the eye position pe , the plane Hf is projected onto the projection plane M . As shown in
Figure 3, a projection region Hf′ is then generated. Each point a′ on Hf′ is calculated by the intersection
of the projection plane with a line that is defined by pe = (xe , ye , ze ) and a point a = (xa , ya , za ) of Hf ,
as shown in Eq. (6):


(zm − ze )(xa − xe )
(zm − ze )(ya − ye )
′
a =
(6)
+ xe ,
+ ye , zm .
za − ze
za − ze
As the selection region Hf′ , has been correctly generated, it is simple to determine the pixels that are
covered by the selection region on the image displayed on the projection plane. In this case, an object is
considered a selectable object if its pixels are fully or partially contained by the selection region. Until
now, we have ignored the fact that displays in VE are stereoscopic, and there is actually no single eye
position. Therefore, our method takes the head position as the midpoint in the line joining both eyes
and estimates the approximate eye positions with a fixed offset σ. According to [40], the average human
physiological interocular distance is 6.3 cm. Therefore we set σ = 3.15. For both eyes, the region tests
are respectively proceeded and provide two selectable object sets Ol and Or . If Ol and Or contain only
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Figure 4 (Color online) The progressive refinement in selection. (a) Several selectable objects are detected; (b) the objects
are zoomed in for convenience of selection.

the same single object, the object is treated as the selection result. Once our method detects multiple
objects contained in Ol or Or , a progressive refinement selection is adopted to determine the desired
object.

3.2.2 Progressive refinement selection
The goal of this stage is to accurately select the desired object if Ol or Or contains multiple objects.
Inspired by [35], a progressive refinement process is adopted in our method. Upon completion of the
region test, all selectable objects that are contained inside Ol and Or are immediately zoomed in by
the virtual camera on the screen, while the other objects in the virtual environment are all ignored.
Among all these zoomed objects, the user points directly at the desired object to make the selection. By
performing a region test, our method detects the selectable objects for Ol and Or among all the zoomed
objects. To make the resulting selection, the procedure is repeated each time reducing the number of
selectable objects per region test until the desired object is the only one contained in both Ol and Or .
Figure 4 shows the progressive refinement of our method.

3.3

Multi-user merge

The previous subsections mainly discuss a single-user situation; here, we concentrate on the situation
of multiple users. In a classic, single-user situation, the user’s head position and the virtual viewpoint
can make a direct agreement, allowing the correct experience for both the stereo and motion parallax
depth cues and providing a co-located virtual environment. In the multi-user scenario, however, when
the projection is viewed by different users, the mental 3D reconstruction of the virtual scene and the real
space do not agree in their perceptions. Then, the parallax problem [21] in a stereoscopic image occurs.
We expect to make users’ perceptions and interactions consistent without influencing the general
viewing conditions by rendering a virtual scene into a consistent image. Inspired by the work of Simon et
al. [21], we calculate an observer viewpoint that is centered at the middle position of the tracked users in
the real space to make all users share the same projection image viewed from the observer viewpoint. For
each user, a warp calculation is processed by warping the user’s head position to the observer viewpoint.
By the warp calculation, the interaction position, i.e., fingertip position, is then transformed to a warped
interaction position with an affine transformation. Based on the observer viewpoint and the warped
interaction position, the users are able to unerringly select the target, because the users now see the
selection controlled by their true real position. Therefore, different viewpoint projections can be precisely
aligned with the users’ interactions while still maintaining and rendering a single consistent stereoscopic
image, as illustrated in Figure 5.
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(b)

(c)

Figure 5 (Color online) Multi-users’ interaction in the virtual environment is shown in (a). The individual visions of the
two users are respectively shown in (b) and (c).

4

Evaluation

Our technique makes the users’ fingertips an interaction tool and allows the users to directly select
virtual objects by pointing at the targets in their vision. According to the requirement of our selection
technique, our CNN-based body tracking method needs to accurately estimate the positions of users’
joints in real-time. Therefore, we first conduct a comparative experiment to quantitatively evaluate our
CNN-based body tracking method by comparing with state-of-the-art human pose estimation methods,
in Subsection 4.1.
In order to verify the performance of our selection technique, we then conduct two separate user studies
to test our system in Subsections 4.2 and 4.3. In study one, we evaluate the efficiency and effectiveness of
our selection technique in a single-user situation and have compared our technique with three prevalent
selection techniques. In study two, we evaluate the performance of our body tracking method in the
multi-user interaction task. Both studies adopt the same system setup. Besides, we invite the same
participants to participate in each of the studies.
4.1

Comparative experiment

Because our body tracking method is designed for interaction task, the major evaluation criteria contains
two aspects: the precision and the real-time performance. We compare our body tracking method with
state-of-the-art CNN-based multi-person pose estimation methods to evaluate the precision and realtime performance on different datasets. In the experiment, all comparisons are performed on an NVIDIA
GeForce GTX-1080 GPU.
4.1.1 Datasets and evaluation measure
Our body tracking method is pre-trained and evaluated for multi-person pose estimation on two widely
used datasets: the MPII multi-person dataset [41] and the COCO 2016 key points challenge dataset [42].
Moreover, to evaluate the performance of our body tracking method for estimating the position of user’s
index fingertip, we adopt our own dataset which labels index fingertip positions in addition to typical
joints.
MPII multi-person dataset. The MPII multi-person dataset contains 3844 training and 1758
testing groups with both multiple overlapping people in highly articulated poses. These groups are taken
from the test set as outlined in [25]. In the MPII multi-person dataset, the occupied areas of each
group and the scale term of all people in each group are provided. However, no information is provided
concerning the number of people or the scales of individual figures in this dataset. For evaluating the
precision, we use the evaluation metric called mean average precision (mAP), which is outlined by [25],
to calculate average precision of joint detections. In addition, we report the median running time per
frame to evaluate the real-time performance of our method.
COCO key points challenge dataset. The COCO 2016 key points challenge dataset consists of
around 100000 training images and more than 80000 testing human instances with annotated key points
(i.e., body parts). The testing set contains four roughly equally sized subsets, namely, “test-challenge”,
“test-dev”, “test-standard”, and “test reserve”. In the experiment, the performance of our body tracking
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Comparison of mAP (%) and time (s/frame) on the full testing set of MPII multi-person dataseta)

Method

Head

Shoulder

Elbow

Wrist

Hip

Knee

Ankle

Total

Time
485

DeeperCut [17]

78.4

72.5

60.2

51.0

57.2

52.0

45.4

59.5

Iqbal et al. [18]

58.4

53.9

44.5

35.0

42.2

36.7

31.1

43.1

10

CMU-Pose [16]

91.2

87.6

77.7

66.8

75.4

68.9

61.7

75.6

1.24

RMPE [19]

88.4

86.5

78.6

70.4

74.4

73.0

65.8

76.7

1.5

Ours
91.7
87.9
a) The optimal results are in bold.

78.3

68.7

75.2

74.1

64.3

77.2

1.05

Table 2
Method

Comparison on the testing subset test-dev of the COCO dataseta)b)

AP(%)

AP50 (%)

AP75 (%)

APM (%)

APL (%)

Time (s/frame)
0.1

CMU-Pose [16]

61.8

84.9

67.5

57.1

68.2

RMPE [19]

61.8

83.7

69.8

58.6

67.6

2.5

Ours

63.3

85.3

68.9

57.8

68.8

0.08

a) AP is the average of AP scores at 10 different OKS thresholds. AP50 is the AP at OKS = 0.50. APM is the AP for
medium objects, and APL is the AP for large objects.
b) The optimal results are in bold.

method is evaluated on “test-dev”. For the evaluation of the precision, the standard evaluation metric
is based on object keypoint similarity (OKS). By applying OKS, the official COCO evaluation metric
average precision (AP) can be computed as main competition metric. The median running time per
frame is also reported in the result.
Our own dataset. Because index fingertip is one of the key joints for our body tracking method,
we construct our own dataset for the training and evaluation. Our own dataset contains 2125 training
images and 843 testing images that are selected from MPII and COCO datasets. For each image of this
dataset, the index fingertip of each person is clearly discernible in the image. We manually add the index
fingertip positions for all images in the dataset. Similar to MPII, we adopt mAP and the median running
time per frame as the evaluation metrics to evaluate the precision and real-time performance of our body
tracking method, respectively.
4.1.2 Results
Results on MPII multi-person. Our body tracking method and the compared methods are evaluated
on full MPII multi-person test set. The comparison results are given in Table 1. The results illustrate
that our body tracking method achieves overall 77.2% mAP and outperforms previous state-of-the-art
method [16] by 1.6% mAP. Compared with RMPE [19], our method shows the similar performance
for several body joints (such as elbows or hips), and achieves better results over some joints, including
heads, shoulders and knees. These results indicate that our body tracking method can accurately detect
joints for multi-person pose estimation. Moreover, the computational speeds of all methods are reported
in Table 1. Notably, our method significantly reduces the running time for computing per image and is
about 1.4 times faster than the approach [16] with state-of-the-art speed for multi-person pose estimation.
Results on COCO. We also perform evaluation on the subset “test-dev” of the COCO dataset. We
compare our body tracking method with other approaches to measure the median run time and the AP
with different OKS thresholds. The quantitative results on “test-dev” are given in Table 2. From the
results, we find that our method outperforms previous method [16] on all AP results. In contrast with
RMPE [19], our approach shows a similar performance than that of RMPE on AP75 and APM while
achieving better performance on AP, AP50 and APL . However, it is noteworthy that the runtime speed
of our system is better than those of all compared methods.
Results on our dataset. A comparison between our method and CMU-Pose [16] is performed on our
own dataset. Different from MPII and COCO, our own dataset additionally labels the index fingertips
of all people on each image. Thus, we report the mAP of index fingertip in the results, as shown in
Table 3. According to the results, our method outperforms CMU-Pose in both precision and real-time
performance.
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Comparison of mAP (%) and time (s/frame) on the full testing set of MPII multi-person dataseta)

Method

Head

Shoulder

CMU-Pose [16]

90.3

86.5

Ours
89.8
87.4
a) The optimal results are in bold.
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76.2
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0.13

(b)
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Finger

Total

Time

(c)

Figure 6 (Color online) Implementation of Ray Cast, Cone Cast and SQUAD in the virtual environment. (a) Ray Cast
technique; (b) Cone Cast technique; (c) SQUAD and the Quad-menu.

4.2

Study one

Study one is conducted to evaluate our selection technique by comparing with prevalent selection techniques, in a single-user situation. Of the many possible selection techniques to compare, we choose Ray
Cast [29], SQUAD [35] and Cone Cast [28] because they act as baselines for most of the current techniques. We extend Ray Cast and Cone Cast techniques with our body tracking method to enable the
virtual ray (cone) to be directly controlled by the user’s hand in the large display VR system. For both
Ray Cast and Cone Cast techniques, the positions of the user’s fingertip and the associated hand are
tracked to accurately generate a visible virtual ray (cone). The virtual ray (cone) defining the pointing
direction originates at the hand position and passes through the fingertip. For Ray Cast technique, the
first intersection of this ray with an object indicates the selected object. With regard to Cone Cast
technique, the object, which is contained in the virtual cone and nearest to the user, is treated as the
selected object. Figures 6(a) and (b) illustrate the implementation of Ray Cast and Cone Cast in our
system. To extend SQUAD in our system, we implement the sphere-cast in a hand-based manner similar
to the implementation of Ray Cast. We also apply our body tracking method to SQUAD in our system. The selection mechanism within the Quad-menu is a 2D cursor controlled by the user’s hand. The
implementation of SQUAD is shown in Figure 6(c).

4.2.1 Participants
A total of 20 participants (10 males, 10 females), age 21–29 (M = 24.35, SD = 2.56) participate in study
one. All participants are right-handed. All participants are frequent computer users, and 13 have very
skilled experience with stereoscopic projections. All participants are undergraduate or Ph.D. students in
computer science.

4.2.2 System setup
For the evaluation, we use a body tracking enabled active stereoscopic projection system. For visualization
we use a 2.5 m wide, 1.88 m high, hoist-projected display, with imagery generated by one 1920 × 1080
resolution 3D projector. The virtual environment is rendered by active stereo projection. Due to the
stereoscopic demand, the users wear active shutter glasses to perceive the stereoscopic images. We use
a Microsoft Kinect v2 for body tracking. For convenience of calculation, the tracking senor is placed at
the middle-bottom of the projection display. The system properly proceeds to track all users’ heads and
fingertips. All test scenes are developed by the unity game engine.
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Figure 7 (Color online) The four different scenarios used in study one. (a) The scene of Scenario 1; (b) the scene of
Scenario 2; (c) the scene of Scenario 3; (d) the scene of Scenario 4.

4.2.3 Design
To investigate the quantitative evaluation of the aforementioned different selection techniques, a comparative study is designed using a repeated-measures within-subjects factorial design including four conditions:
Ray Cast, Cone Cast, SQUAD, and our technique. According to [43], two main factors that influence
the performance of the selection technique can be identified: object size and object density. Therefore,
the study is performed in four different scenarios relating to object size and density. How the scenario
varies along the four scenarios is described below. To analyze the efficiency and effectiveness of these
selection techniques, the dependent variables are completion time and error number. During the test, we
counterbalance the influence of presentation order of the different techniques and the scenarios.
4.2.4 Test scenarios
We design four different scenarios that encompass the spectrum of potential selection situations for the
evaluation. These scenarios vary in object size (from small to large) and object density (from low to
high). All scenarios are illustrated in Figure 7.
Scenario 1. Large size, low density. The scenario consists of a large enclosed area that feature 15
large-sized floating cubes placed in a random manner, as shown in Figure 7(a). We design this scenario
to test the basic performance of the four techniques.
Scenario 2. Large size, high density. The participants are presented with a table that features
75 large-sized cubes of varying color (see Figure 7(b)). The cubes are stacked on the table, leading to
partial occlusion of the target object. We use this scenario to test the performance of the four techniques
in selecting occluded objects.
Scenario 3. Small size, low density. The participants are presented with a pool table that features
15 small-sized spheres of varying color, as illustrated in Figure 7(c). This scenario is used to test the
performance of the four techniques in selecting small visible objects.
Scenario 4. Small size, high density. In this scenario, a cardboard box which features 75 smallsized spheres of varying color, is presented to the participants (see Figure 7(d)). This scenario is designed
to be the hardest, as the participants experience difficulty in selecting a highly occluded small-sized
object.
4.2.5 Task and procedure
Before the participants start the formal test, the general purpose of the test is explained to them. The
participants are asked to evaluate the four selection techniques in the four different scenarios. To accustom
themselves to each selection technique prior to the test, the participants start with a two-minute special
practice scenario before testing each scenario and selection technique combination. The special practice
scenario consists of several virtual cubes which are randomly placed in the scene. Participants can end
the practice scenario at any time if they feel familiar with the technique.
In the formal test, each participant is required to select the target object of each scenario using each of
the four selection techniques. During the test, a random object of each scenario is appointed as the target
object and is uniquely colored red in the scene. Using the assigned techniques, the participant attempts to
select the target and holds his or her dominant hand in the same position for 200 ms to start the selection
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(Color online) The mean completion time (a) and error number (b) for the four techniques in each scenario.

detection. If the system fails to detect a selection or detects an incorrect selection, the participant has
to readjust the position of his or her hand until the selection succeeds. Once the participant succeeds
in selecting the target object, a notification of the correct selection is instantly displayed on the screen.
Subsequently, the next scenario is shifted to the test scene and follows the same procedure described.
The interactive portion of the test is accomplished after the participants have tested all four scenarios
using each of the four selection techniques.
The participants are initially positioned approximately two meters away from the projection plane.
During the multi-step selection process, the participants are informed that they are free to walk or rotate
their heads as long as they feel comfortable with the technique. During the formal test, we require the
participants to focus on selecting the target without too many misses or slowdowns.
4.2.6 Measures
The measures used to investigate the efficiency and effectiveness of these selection techniques are completion time and error number. The completion time is a major factor for investigating the efficiency of
these techniques. It is measured by the time for a participant to successfully select one target with the
assigned technique in a test scenario. The error number is the factor used to evaluate effectiveness. This
factor is measured by the number of wrong selections that occur when a participant adopts the assigned
technique to select one target. Because each test scenario is assigned with a single target object, the
wrong selection is detected if the participant selects a non-target object.
4.2.7 Results
The goal of study one is to compare the performance of the aforementioned selection techniques with our
technique in different scenarios. Therefore, we perform Paired-samples T tests on both completion time
and error number to analyze the quantitative data of each technique for each scenario.
Completion time. Figure 8(a) shows the mean completion time of each technique for each scenario.
In Scenario 1, which features several large-sized cubes in an enclosed area, the mean completion time of
our technique (1.36 s ± 0.19) is slightly lower than that of Ray Cast (1.43 s ± 0.25), SQUAD (1.52 s
± 0.20) and Cone Cast (1.41 s ± 0.24). The results of T test show that our technique is significantly
faster than SQUAD (t = 2.78, p = 0.007 < 0.01) but not Ray Cast (t = 0.89, p = 0.19) or Cone Cast
(t = 0.63, p = 0.27). It can be expected that our technique would perform similarly to Ray Cast and
Cone Cast because Scenario 1 is quite simple, and the participants are able to rapidly select the target
object by the virtual ray (cone) or fingertip. With regard to Scenario 2, it features many large-sized
cubes stacked densely on a table. Our technique (1.55 s ± 0.19) provides a shorter completion time than
Ray Cast (1.98 s ± 0.28), SQUAD (2.38 s ± 0.27) or Cone Cast (1.76 s ± 0.24). The T test reveals that
our technique significantly reduces the completion time compared with Ray Cast (t = 4.69, p < 0.001),
SQUAD (t = 9.96, p < 0.001) and Cone Cast (t = 2.42, p = 0.014 < 0.05). For Scenario 3, which features
small-sized objects at a low density, our technique (1.81 s ± 0.19) provides a shorter completion time
than Ray Cast (2.96 s ± 0.25), SQUAD (2.24 s ± 0.14) or Cone Cast (2.31 s ± 0.15). The T test results
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Figure 9 (Color online) Illustration of multi-user collaboration (a) in the virtual assembly application. (b) The mean
number of incorrect joint connections of each method for each scenario.

show that our technique significantly reduces the completion time compared with Ray Cast (t = 14.84,
p < 0.001), SQUAD (t = 7.37, p < 0.001) and Cone Cast (t = 8.21, p < 0.001). Scenario 4 features
small-sized cubes at a high density. For this scenario, Ray Cast (4.63 s ± 0.30), SQUAD (2.83 s ± 0.32)
and Cone Cast (3.86 s ± 0.24) provide a longer completion time than our technique (2.51 s ± 0.29). The
results of T test show that our technique can significantly reduce the mean completion time (for Ray
Cast, t = 18.19, p < 0.001; for SQUAD, t = 3.04, p = 0.004 < 0.01; for Cone Cast, t = 15.61, p < 0.001).
Error number. In Figure 8(b), the mean error number of each technique for each scenario is revealed
in graphical form. In Scenario 1, the error number of our technique (0.63 ± 0.50) is slightly smaller than
that of Ray Cast (0.69 ± 0.60), SQUAD (0.64 ± 0.62) and Cone Cast (0.66 ± 0.53). The results of T
test show that our technique causes a collision number similar to that of Ray Cast (t = 0.44, p = 0.33),
SQUAD (t = 0.13, p = 0.49) and Cone Cast (t = 0.24, p = 0.41). For Scenario 2, our technique (0.69
± 0.49) reduces the mean error number compared to Ray Cast (1.06 ± 0.57), SQUAD (0.73 ± 0.53) and
Cone Cast (0.99 ± 0.52). By performing the T test, the results show that our technique significantly
reduces error number compared to Ray Cast (t = 2.42, p = 0.014 < 0.05) and Cone Cast (t = 2.06, p
= 0.03 < 0.05). However, the results reveal that the error number of our technique is similar to that of
SQUAD (t = 0.27, p = 0.39). In Scenario 3, the mean error number of each technique is as follows: our
technique (0.81 ± 0.54), Ray Cast (1.44 ± 0.73), SQUAD (0.91 ± 0.53) and Cone Cast (1.06 ± 0.57). The
result of T test shows that our technique significantly reduces the error number compared with Ray Cast
(t = 3.10, p = 0.003 < 0.01). We find that the performance of our technique in terms of error number
is similar to that of SQUAD (t = 0.54, p = 0.30) and Cone Cast (t = 1.17, p = 0.13). With regard to
Scenario 4, the mean error number of our technique (1.19 ± 0.83) is smaller than that of Ray Cast (1.94
± 0.85), SQUAD (1.22 ± 0.84) or Cone Cast (1.75 ± 0.93). We find that our technique significantly
reduces the error number compared to Ray Cast (t = 2.54, p = 0.01 < 0.05) and Cone Cast (t = 1.86, p
= 0.04 < 0.05) while causing an error number similar to that of SQUAD (t = 0.09, p = 0.46).
4.3

Study two

Study two is to evaluate the performance of our body tracking method when multiple users interact
in our system. Currently, Kinect SDK is the most frequently used body tracking method for multiuser interaction, and therefore we compare our body tracking method with Kinect SDK in a multi-user
interaction scenario. For the comparison, we implement a simplified version of our selection technique that
adopts Kinect SDK for body tracking. Because we have introduced a multi-user merge approach which
allows several users to interact in a large display VE, we develop a simple virtual assembly application
for the study, as shown in Figure 9(a).
4.3.1 Design
To investigate the effectiveness of our body tracking method in multi-user interaction, we conduct a
comparative study using a within-subjects factorial design including two conditions: our body tracking
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method and Kinect SDK. The independent variable is the number of participants who simultaneously
interact in the system. Owing to the limitation of the tracking area, the number of participants varies
from 1 to 4, resulting in four different values for the independent variable. For each value, we randomly
select the corresponding number of participants from 20 participants during each test. Each value of the
independent variable is tested 10 times. During the test, the dependent variable is the number of incorrect
joint connections for our body tracking method and Kinect SDK for different numbers of participants.
4.3.2 Task and procedure
We explain the general purpose of study two to the participants before starting the formal test. Each
group of participants is required to complete two assembly tasks using our body tracking method and
Kinect SDK, respectively. The assembly tasks are all tested in a virtual assembly scene. In the scene,
a virtual car, which consists of several automotive components, is contained in a large enclosed area. In
each assembly task, the virtual car is split into same discrete parts, and the participants are asked to
reconstruct the virtual car by assembling the discrete parts. However, for each assembly task, the discrete
parts are randomly placed on the screen. To complete the assembly task, the participants are asked to
select all the automotive components and drag them to a fixed target position, which is located at the
center of the virtual scene. During the test, the skeletal data of the participants are visually presented
to us. If we detect an incorrect skeleton connection caused by mutual occlusion, or the incorrect joint
connections of a single skeleton, the participants are required to reposition until all the skeletal data are
calculated correctly.
4.3.3 Measures
We adopt the number of incorrect joint connections to investigate the effectiveness of the two body
tracking methods in multi-user interactions. This factor is measured by the total number of times that
the incorrect joint connections of a single skeleton and the incorrectly connected skeletons caused by
mutual occlusion occur in a single test.
4.3.4 Results
Figure 9(b) shows the mean number of incorrect joint connections of each method for each scenario.
For the single-user situation, the results show that both our body tracking method and Kinect SDK
have similar performance. However, a significant increase in incorrect joint connections can be found for
Kinect SDK as the number of participants increases. In contrast, the number of incorrect joint connections
for our body tracking method increases slowly when the number of participants increases. Comparing
with Kinect SDK, our body tracking method can effectively reduce the incorrect joint connections when
multiple users simultaneously interact in a virtual space. These results indicate that our body tracking
method is robust to the processing of occlusion compared to Kinect SDK.
4.3.5 Extension
In addition to the effectiveness, we also evaluate the accuracy of our body tracking method by comparing
with Kinect SDK. In the test, a participant is free to move around on the tracking area, and his skeleton
is calculated by our body tracking method and by Kinect SDK, respectively. To verify our body tracking
method, we compare the values calculated by our method with those calculated by Kinect SDK for the
same joint. For the test, the positions of the participant’s head are recorded in both tracking methods
and compared. The comparison between the positions of the participant’s head obtained by our body
tracking method and those computed by Kinect SDK is shown in Figure 10. The results show that the
trajectory of the head tracked by our method is more stable than that calculated by Kinect SDK, which
indicates that our method has better accuracy comparing with Kinect SDK. However, when the body
parts of a single user are heavily occluded, or multi-user occlusion occurs, the 3D skeletal poses tracked
by Kinect SDK yield erroneous reconstructions compared to those computed by our method. As shown
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Figure 10 (Color online) Comparison between the trajectories of the user’s head tracked by our body tracking method
and by Kinect SDK. (a) The values of X coordinate; (b) the values of Y coordinate; (c) the values of Z coordinate.
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Figure 11 (Color online) Our method succeeds in mutual occlusion (b) and (d), while the estimates of Kinect SDK are
erroneous (a) and (c).

in Figure 11(a) (red box) and Figure 11(c) (yellow box), the Kinect reconstructions are in disorder. In
contrast, our body tracking method succeeds in this case.
4.4

Discussion

4.4.1 Comparative experiment
In the comparative experiment, we compare our body tracking method with state-of-the-art CNN-based
pose estimating methods on different datasets. According to the results, our body tracking method
achieves the same performance and even outperforms the compared state-of-the-art methods on the
evaluation datasets. Thus, this demonstrates that our body tracking method is capable of accurately
tracking users’ bodies. In terms of the real-time performance, the results show that our body tracking
method achieves superior speed for processing each frame in contrast with other methods. Furthermore,
we investigate the computation time of our body tracking method in multi-user interaction task. When
tracking 4 users, the average time cost of our method is 58.8 ms for each frame. Because 58.8 ms for
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each frame is equivalent to approximately 17 frames per second (fps), the results indicate that our body
tracking method is feasible for real-time applications.

4.4.2 User studies
In study one, we use the term of completion time and error number to analyze the efficiency and effectiveness of the four techniques. The outcomes are statistically significant, which enables us to draw
multiple meaningful conclusions. In Scenario 1, the results of completion time show that our technique
has performance similar to Ray Cast and Cone Cast, and is significantly faster than SQUAD. Because
Scenario 1 features large-sized objects and the distribution of the objects is sparse, our technique, Ray
Cast and Cone cast, could rapidly select the target, while SQUAD spends more time on refinement. For
the error number in Scenario 1, we find similar performance of all four techniques owing to the simplicity
of the virtual scene.
With regard to Scenario 2, we find significant differences among the four techniques in terms of completion time. As we expected, our technique performs faster than the other three techniques. When
looking at the error number for Scenario 2, we notice that our technique significantly reduces the error
number compared to Ray Cast and Cone Cast while performing similarly to SQUAD. Owing to the dense
distribution of objects in Scenario 2, users could make more wrong selections using Ray Cast or Cone
Cast and spend more time on reselection. When using our technique or SQUAD, the progressive refinement effectively reduce wrong selections. However, the Quad menu of SQUAD increases the complexity
of refinement, resulting in a longer completion time.
For Scenario 3, the results show that our technique significantly reduces the completion time compared
with Ray Cast, SQUAD and Cone Cast. For the error number, the results reveal significant differences
between our technique and Ray Cast. Compared to SQUAD and Cone Cast, our technique performs
similarly in terms of error number. Considering the features of Scenario 3, the poor performance of Ray
Cast in both completion time and error number is to be expected because selecting small-sized objects
using the virtual ray is quite difficult. For Cone Cast, the error number result indicates that Cone Cast
performs similarly to our technique. The reason is that the virtual cone of Cone Cast and the selection
region of our technique are able to efficiently select sparse virtual objects. With regard to SQUAD,
the progressive refinement of our technique and SQUAD ensures that both techniques effectively reduce
wrong selections and preserve similar performance regarding error number. Nevertheless, the sphere-cast
of SQUAD requires users to carefully adjust the position of the sphere to ensure that the desired object
is contained in the sphere. This is why SQUAD needs more completion time than our technique.
In Scenario 4, the results reveal that our technique significantly reduces the mean completion time and
error number compared with Ray Cast, SQUAD and Cone Cast. Because Scenario 4 is the most complex
of the scenarios, Ray Cast has the worst performance in both completion time and error number. For
SQUAD, the density of objects increases the steps of refinement to make a single selection, which results
in a longer completion time than our technique. In consideration of Cone Cast, the dense objects increase
the difficulty of selecting the target object, leading to a longer completion time and higher error number
than our technique.
By analysing the mean completion time and error number across all scenarios, the stability of our
technique is comparable to that of the other three techniques, and our technique achieves the best
performance. Regarding error number, our technique and SQUAD are significantly accurate. However,
the results of completion time reveal that our technique performs at a higher speed than SQUAD. In
summary, the results indicate that our technique has better performance than Ray Cast, SQUAD and
Cone Cast techniques in stationary scenes.
In study two, the effectiveness of our body tracking method in multi-user interaction is evaluated by
comparing our method and Kinect SDK. When the body parts of a single user are in complex occlusion or
multiple users simultaneously interact in the same tracking area, the results show that our body tracking
method has better performance on correctly tracking the skeletons of the users than Kinect.
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Conclusion

In this paper, we introduce a flexible 3D selection technique that allows multiple users to efficiently
select virtual objects in a large display VE. In our selection technique, we present a real-time CNN-based
body tracking method that accurately tracks multiple users. Furthermore, we propose a novel regionbased selection method and a multi-user merge method to allow multiple users to efficiently select target
virtual objects in a single-view stereoscopic display. The proposed body tracking method is compared
with state-of-the-art CNN-based multi-person pose estimation methods. The results show that our body
tracking method achieves improvements on both accuracy and real-time performance. To evaluate the
performance of our selection technique, we conduct a user study to compare our selection technique with
prevalent selection techniques. The empirical evidence indicates that our technique clearly outperforms
the prevalent techniques in selection performance in stationary scenes. Moreover, to test the performance
of our body tracking method in multi-user interaction task, a user study is performed to evaluate our
body tracking method against Kinect v2. The results reveal that our body tracking method obtains
better performance than Kinect v2 as the number of users increases.
Limitation. In consideration of constraints, our technique is designed for projection-based virtual
spaces that require users to face the screen during the interaction. Therefore, our algorithm may degrade
in accurately detecting selection if the user’s head is not facing the target object. Because our body
tracking method can track the proper skeleton for each of multiple users, our technique has the ability
to support effective multi-user interaction. However, a limitation of our technique is that the proposed
body tracking method works inefficiently when multiple users’ body parts are highly overlapped. This
limitation causes our body tracking method to struggle with groups of people, such as crowded scenes. In
this case, our body tracking method may calculate wrong connection associating parts from two persons
in serious occlusion, or fail to detect the pose of the user who is completely occluded by another user. To
address this issue, a probable solution is to apply multiple body tracking devices in our system.
In the future, we plan to continue this research by designing and evaluating additional 3D selection
techniques. In addition, we would like to improve the proposed body tracking method to overcome
the limitation of our technique. Meanwhile, we expect to adopt more multi-user techniques, such as
Multi-view [44], to improve the performance of our technique in multi-user interaction.
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