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Abstract

Challenges in Spatial Communication 
Using Deictic Gesture for Human-Robot 

Collaboration in Construction 

Sungboo Yoon

Department of Architecture

The Graduate School

Seoul National University

  Despite the recent advances in AI-based perceptual and manipulative 

abilities in robotics, construction robots are often interfered by other op-

erations when deployed onsite due to the complex work sequences and 

cluttered working environments. Thus, in order to frequently adapt and 

change their work flows and methods in these situations, the robots re-

quire humans’ improvisations. Along with the emerging needs for natu-

ral human-robot interaction, previous works have shown feasibility of 

the gesture-based human-robot interface for exchanging the spatial in-

formation, which is fundamental factors for in-situ improvisations. 

However, two critical gaps in evaluation exists: (1) Even though con-

struction tasks are mostly performed in a large-scale, unstructured, and 

cluttered environment, previous works limited the application of the ges-

ture-based interface for only for short-distance applications; (2) previous 

studies mainly focused on the evaluation of the robot performance with-



out considering various positional relationships between the robot and 

the human pointer. To this end, this study aims to identify the chal-

lenges associated with the deictic gesture-based target panel referencing 

in a large-scale environment to evaluate the potential of the deictic ges-

tures in panel installation tasks in construction. We selectively over-

viewed the spatial referring abilities of both human and robot through 

two experiments of panel pointing with different level of precision. In 

the first experiment, the results presented a significant performance drop 

in the ceiling and angled targets, while the overall recognition accuracy 

was acceptable (0.864). In the second experiment, the recognition accu-

racy of the robot dropped by 30.18% compared to the first experiment. 

The results of the second experiment presented that humans tend to 

have consistency in the spatial referring abilities, while the robots 

showed statistically significant difference pertaining to the pointer-robot 

distances. The results also showed the performance enhancement of the 

target deviation by 73.49% through pointing calibration. This paper con-

tributes to the body of knowledge by evaluating the deictic ges-

ture-based spatial referring ability of the robot in a large-scale hu-

man-robot collaborative environment, furthering the application of the 

deictic gestures and robotics to panel installation work. 

Keyword : Spatial Communication; Human-Robot Collaboration; Deictic 

Gestures

Student Number : 2020-26076
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Chapter 1. Introduction

1.1. Motivation

  Robotic technologies are envisioned as a promising alternative for 

construction job sites which constantly suffer from stagnant productivity 

and shortage of skilled workers [1]. The McKinsey Global Institute 

(MGI) survey revealed that construction productivity has fallen by half 

since the 1960s [2]. The construction industry has also experienced the 

loss of 600,000 skilled workers during the2008 recession. Recent global 

pandemic, Coronavirus disease 2019 (Covid-19) has exacerbated the 

exodus, according to the report from Forbes Technology Council [3]. 

Meanwhile, recent advances in artificial intelligence (AI) and AI-based 

perceptual and manipulative abilities in robotics have led to an un-

precedented increase in the robots’ performance enough to perform 

on-site construction tasks [4,5]. Examples include semi-automated brick-

laying robots [6], rebar-tying robots [7], site layout robots [8,9], and 3d 

printing robots [10,11]. These robots were first introduced in structured 

and repetitive construction tasks, benefitting from their high precision in 

conducting tasks and detecting minor deviations [12]. 

  Nevertheless, such robots have been limitedly employed in real con-

struction sites due to the unstructured and dynamic nature of con-

struction environments [13]. When deployed onsite, construction robots 
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are often interfered with by other operations, workers, and equipment 

due to the complex work sequences and cluttered working 

environments. Thus, in order to frequently adapt and change their work 

flows and methods in these situations, the robots require humans’ im-

provisations (adaptive decisions based on perceptual understanding and 

previous work experiences), making the communication between human 

and robot inevitable [12]. In this context, although some construction 

tasks have possibilities to be performed autonomously by robots, they 

still require human involvement to deliver in-situ improvisations.

  However, current methods for human-robot communication in con-

struction have several challenges. One of the most common methods is 

robot teleoperation using joysticks or control pads. However, it suffers 

from time delays in actuation and reduction of accuracy [14]. The com-

munication method which makes use of BIM models has been widely 

used as well [6]. In this method, the user manually models the BIM 

model based on a predetermined work plan and transmits the model to 

the robot. Despite the enhanced accuracy of this method, it faces some 

challenges in practice due to the predefined model, because in order to 

handle the in-situ variations or uncertainties, the user has to manually 

update the BIM model during the operation. Scan-to-BIM technique has 

been applied recently to reduce the effort of manual BIM modeling. 

This technique synchronizes up-to-date data to the project cloud through 

3D scanning. However, as-built BIM modeling through Scan-to-BIM 

technique is computationally expensive and requires the workers to con-

stantly update new improvisations during the data synchronization, mak-
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ing it unrealistic for real-time performance.
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1.2. Problem Statement

  Along with the emerging needs for natural human-robot interaction, 

previous works have shown feasibility of the gesture-based human-robot 

interface for exchanging the spatial information, which are fundamental 

factors for in-situ improvisations (Table 1-1). Previous applications in-

clude controlling a robot to change its position [14], referring to a tar-

get object [15-17] or area [18], and indicating target point on a wall 

surface [19-22]. Compared with other forms of interaction, human ges-

tures are the most ideal way because they can express rich semantics, 

are easy to identify [23]. They are especially beneficial for construction 

applications because they are more natural than the other methods (i.e., 

wearable method) and do not require additional devices such as control 

pads.

  However, deictic gestures are known to be inherently imprecise and 

ambiguous for both humans and robots. It is especially challenging for 

a robot to interpret the exact referent in an unstructured construction 

environment. Even though construction tasks are mostly performed in a 

large-scale, unstructured, and cluttered environment, previous works lim-

ited the application of the gesture-based interface for spatial information 

exchange only for short-distance applications such as tables [24] and 

head-up displays (HUDs) [25], where the distance to the targets are 

less than 2m and for known objects where one or more features (e.g., 

colors, shapes) of the objects are predefined.
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  Moreover, the deictic gestures are also known to be challenging for a 

human observer to interpret the exact referent of the human pointer 

[20,26]. While previous studies mainly focused on the evaluation of the 

robot performance at a fixed position, a significant knowledge gap re-

mains on the relative spatial referring ability with various positional re-

lationships between the robot and the human pointing subject.
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Author, Year Input feature (Method) Application (Task type) Layout (Distance)

Jirak et al., 2021
[2D Vision] Deictic gesture, 

 fingertip (contour)

Collaborative task with the NICO 

robot at fixed position. 95 object 

configurations

3 Objects (0.4m~1m)

Mayer et al., 2020
[3D Vision] Deictic gesture 

 (OptiTrack motion capture)

Multidirectional task in CVE. 

 Operator in the middle of the 

experimental environment at fixed 

position

16x5 grid spanning the 

whole 360º rotation 

(0.46~1.22cm)

Jevtić et al., 2019
[3D Vision] Deictic gesture, 

speech

Collaborative dressing task at fixed 

position
4 shoes (~1m)

Williams et al., 2019
[3D Vision] Deictic gesture, 

speech

Object selection task with allocentric 

mixed reality at fixed position
19 Objects (~2m)

Obo et al., 2018

[3D Vision] Deictic gesture, 

verbal cues 

(Kinect internal software)

3 object selection tasks at 4 

different locations at fixed position
4 targets (~2m)

Brand et al., 2016
[3D Vision] Deictic gesture 

 (Leap Motion)

HUD pointing task at fixed position. 

 15 iterations

HUD: 24.5x5.2cm 3 and 

4 segments (1m)

Table 1-1. Summary of Previous Studies Using Deictic Gestures for Spatial Referencing.
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1.3. Research Objectives

  To this end, this study evaluates the performance of the spatial com-

munication interface using deictic gestures for human-robot collaboration 

in an experimental task simulating a construction environment. The lat-

est deictic gesture-based spatial communication method was adopted, 

which utilizes human pose estimation with deep learning to detect the 

human body joints. We selected two common workspaces in con-

struction, wall and ceiling, and conducted multiple panel pointing tasks 

with two different levels of precision. Finally, we evaluated the accu-

racy of the human-robot interface when estimating targets referenced by 

deictic gestures and identified some challenges and potential of the dei-

ctic gestures in spatial communication for panel installation in 

construction.
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Chapter 2. Background
2.1. Deictic Gesture-Based Spatial Referencing

  Deictic gestures are often referred to as “pointing gestures”, typically 

performed by extending the arm and the index finger [19,27]. In gen-

eral, people often use pointing gestures to deliver spatial information to 

others. In other words, deictic gestures are fundamental to direct oth-

ers’attention to objects and help develop a mutual understanding of ob-

jects in space [28].

  Deictic gesture-based spatial referencing has been explored sub-

stantially in previous works for developing and evaluating various spa-

tial referencing models according to task requirements. This large body 

of work shares the same purpose: to solve the problem of interpreting 

deictic gestures in order to map the referent in the environment that the 

user wants to indicate [29]. Tölgyessy et al. [30] presented a spatial 

referencing method navigating a mobile robot to an endpoint marker on 

the ground floor defined by a pointing gesture of a human operator. 

The suggested method shows the precise positioning of all the entities 

included in the interaction in 3D space. Jevtić et al. [20] evaluated hu-

mans’ referencing accuracy when interpreting deictic gestures for point-

ing the targets positioned horizontally on the wall. However, they only 

measured the performance in a collaborative virtual environment (CVE).

  While previous works showed acceptable performance of the deictic 

gesture-based spatial referencing for short-distance applications, limited 

applications in large-scale environments need to be further evaluated.
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2.2. Deictic Gesture Recognition Methods

  Deictic gesture-based spatial referencing aims to exchange accurate 

spatial information through deictic gestures. Therefore, deictic gesture 

recognition has a considerable impact on the final referencing results.

Two main approaches for deictic gesture recognition have been pro-

posed in the literature. One is a wearable sensor-based approach. This 

approach attempts to recognize deictic gesture by analyzing the elec-

trical muscle stimulation (EMS) from electromyography (EMG) gen-

erated during the muscle activity [31,32], the change in measures from 

inertial measurement units (IMUs) [29,33], and the posture and motion 

data from data gloves [34]. However, although wearable sensors have 

the benefit of direct acquisition of the spatial posture of the pointing 

arm, they often require connection to a data acquisition (DAQ) device, 

thus restricting the applicability of this method outside of a controlled 

environment [35,36].

Meanwhile, recent advances in computer vision technologies have 

brought vision-based approaches to mainstream deictic gesture 

recognition. Vision-based deictic gesture recognition does not require 

users any additional devices and only employs their pointing arms with-

in the camera angle. Earlier approaches detected gestures through the 

visual features (i.e., skin-color blobs) collected from monocular cameras 

(e.g., RGB or infrared camera) and binocular cameras [37]. Recent 

works on vision-based approaches have focused on the implementation 
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of RGB-D cameras. Owing to the ability to augment the RGB image 

with depth information, RGB-D cameras are frequently being adopted in 

vision-based approaches.

In a vision-based approach, the deictic gesture is defined based on the 

relationships among the body joints. Three main models for estimating 

the pointing direction were developed, as illustrated in Figure 2-1 

[30,38]:

� Elbow-wrist ray model assumes that the pointing direction is defined 

by a vector connecting the elbow and the wrist (hand) of the point-

ing arm.

� Head-wrist ray model assumes that the pointing direction is defined 

by a vector connecting the head and the wrist (hand) of the point-

ing arm.

� Shoulder-wrist ray model assumes that the pointing direction is de-

fined by a vector connecting the shoulder and the wrist (hand) of 

the pointing arm.

  This work evaluates the performance of the spatial referencing method 

using a shoulder-wrist ray model, because the elbow-wrist ray model 

gives lower accuracy in large-scale environments and the head-wrist ray 

model has potential problems associated with the occlusion in pose esti-

mation (i.e., safety helmets) [19].
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Figure 2-1. Illustration of the three models for the pointing direction estimation.
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Chapter 3. Methodology

  This chapter proposes the deictic gesture-based spatial referencing 

method. To evaluate the spatial referring performance of the collabo-

rative robot, this work adopts current deictic gesture-based method 

which utilizes deep learning-based human pose estimation, as illustrated 

in Figure 3-2. The detection of the deictic gesture is performed based 

on the 3D human skeletal data extracted from the RGB and depth 

images. To estimate the human skeletal data, this work employs 

OpenPose [39] library, a real-time human pose estimation system. The 

library (BODY-25 model) detects 25 human body joints from each 

RGB image frame in 2-D coordinates. The 2-D pose coordinates are 

then projected to corresponding 3-D pose coordinates using the depth 

and camera calibration information [40]. After the 3-D pose coordinates 

are transformed into world coordinates to map the 3-D position in 

world space, pointing gesture recognition is performed (Section 3.1). If 

the pointing gesture is recognized, the pointing position is estimated 

with the ray-plane intersection. Finally, the system estimates the point-

ing target panel with the estimated pointing position (Section 3.2). The 

whole process of the system is implemented through multiple nodes and 

integrated with the Robot Operating System (ROS) for online operation, 

as illustrated in Figure 3-1. Moreover, this work proposes a pointing 
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calibration method to enhance the accuracy of spatial referencing, which 

is covered in Section 3.3.

Figure 3-1. ROS node graph of the system.
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Figure 3-2. Process diagram of the deictic gesture-based spatial referencing method.
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3.1. Pointing Gesture Recognition

  As mentioned in Section 2, this work uses a shoulder-wrist ray mod-

el for estimating the pointing direction. Therefore, this work focuses on 

the position of the shoulder (1), elbow (2), and the wrist (3) joints.

p s  xsyszs (1)

p e  xeyeze  (2)

pw  xwywzw  (3)

  We use wrist position instead of fingers, considering the computation 

efficiency for further on-site applications. Given the position of the 

three body joints, the elbow joint angle θ is defined by:

cos v  v 

v  ∙v 
(4)

v   p p  (5)

v  pp  (6)

  where v   is the vector from the shoulder to the elbow joint (5) and 

v   is the vector from the shoulder to the wrist joint (6). If θ is below 

a predefined angle, the system assumes that the person is stretching 

their arm for pointing.

  Meanwhile, before pointing target estimation, the first and fourth 

quartile of the frames that were initially detected as “pointing” were 

excluded to have a buffer for the stabilization of the pointing motion 

[22], as illustrated in Figure 3-3.
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Figure 3-3. Egocentric (human body relative) 3-D coordinates of the head and 
the three right arm joints (shoulder, elbow, and wrist). Red shaded area 
represents excluded frames and the blue shaded area represents the candidate 
frames used for pointing target estimation.
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3.2. Pointing Target Estimation

  We first estimate the pointing target position with the stabilized can-

didate frames in order to predict the target panel. As mentioned in 

Section 3.1, the pointing direction is defined by a straight line starting 

from the shoulder to the wrist joint:

s p pp , ∈ (7)

  For the targets on a ceiling, the targets are parallel to the floor at a 

constant height of the ceiling h. Therefore, the pointing target position 

pp is calculated as follows: 

p    (8)

   

 
   (9)

   

 
   (10)

   (11)

  Meanwhile, for the targets on a wall, the targets are parallel to the 

wall at a constant distance d. Thus, akin to ceiling, the pointing target 

position pp in this case is computed as:

   (12)

   


   (13)

   


   (14)

  The target panel is then predicted using the pointing target position. 
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Let p    be the center point of the target panel index ∈⋯, 

where ∈ . A panel with the closest Euclidean distance from the cen-

ter point is selected as a target panel  .

  arg

minp p   (15)
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3.3. Pointing Calibration

Figure 3-4. Pointing calibration through linear regression. Red dots represent 
the external points and the black dots represent the collected data points.

  This work performs pointing calibration before the main experiments. 

Pointing gestures vary in motion and accuracy depending upon the 

subjects. Therefore, the estimated points should be calibrated to com-

pensate for the variations in the subjects’ pointing gestures [17]. 

  In the calibration phase, the subjects were asked to point at the ex-

ternal panels. The system estimates the pointing position of the external 

panels through pointing gesture recognition and pointing target 

estimation. The mean values of each x and y coordinate are then calcu-

lated using the pointing positions. Finally, the parameters of the linear 

fitting function are computed with the initial mean coordinates.

  In the experiment, the linear regression model was applied for col-

lected and estimated data points. Figure 3-4 shows the initial and cali-

brated coordinates with the external target points.
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Chapter 4. Low-Level Panel Pointing Tasks

  In Chapter 4 and 5, two experiments are presented to evaluate the 

panel referring abilities of the robot and human in a large-scale 

environment. 

  In Chapter 4 (E1), this work evaluates the panel referring ability of 

the robot with panel pointing tasks which require low-level precision. In 

other words, this work performs pointing experiments based on large 

panel targets that are located one-way on the wall and ceiling surface, 

which are the most basic and common workspaces in construction.

  In Chapter 5 (E2), this work evaluates the panel referring abilities of 

both the human and robot observers in the human-human interaction 

and human-robot interaction respectively, with panel pointing tasks 

which require high-level precision. In this case, this work performs 

pointing experiments based on small panel targets that are located 

two-way on the ceiling surface. We identified the challenges related to 

the deictic gesture-based spatial referencing in a large-scale environment 

and with various positional relationships of the human and robot.
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4.1. Experimental Setup

Figure 4-1. Illustration of the experimental environment for the first experiment 
(E1).

  The experimental setup for the first experiment (E1) is depicted in 

Figure 4-1. We use Intel RealSense™ Depth Camera D435 for data 

collection. The operational and module specifications of the camera are 

shown in Table 4-1. The RGB and depth images are simultaneously 

captured at a frame rate of up to 30 fps and with an image resolution 

of 640 x 480 pixels and 840 x 480 pixels, respectively. It is installed 

at the position of the robot facing participants, at the height of 0.7m 

and the pointing subject is located at the position of the human, 3.0m 

away from the camera, as shown in Figure 4-1. 

  Five target panels with an equal size of 0.7 x 0.7m are located side 
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by side on both ceiling and wall. 

Specification Value

Dimensions (L x D x H) 90 mm x 25 mm x 25 mm

Operating range (Min-Max) ~.11m - 10m

Depth accuracy < 2% at 2m

Depth resolution and frame rate Up to 1280 x 720 / 90 fps

Depth Field of View (FOV) 87° × 58°

RGB resolution and frame rate Up to 1920 x 1080 / 30 fps

RGB Field of View (FOV) 69° × 42°

Depth technology Stereoscopic

Table 4-1. Specifications of Intel RealSense™ Depth Camera D435. 
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4.2. Procedure

  Four participants (two males and two females) were recruited to per-

form the pointing tasks (Figure 4-2). Each participant performed two 

experiments, 15 iterations for each experiment. A single iteration con-

sists of 10 pointing trials: five ceiling panels (from C1 to C5) and five 

wall panels (from W1 to W5), in sequential order. In sum, 2 x 15 x 

10 = 300 trials for each participant were obtained. 

Figure 4-2. Picture of the Subject 1 
conducting the first experiment (E1).



24

4.3. Evaluation

  We use the following metrics to evaluate the spatial referring ability 

of the human and robot. We use these two metrics for both experi-

ments (E1 and E2)

Recognition accuracy. Recognition accuracy is calculated by F1 score. 

F1 score is defined by:

 Pr
× ×

(16)

where, Pr 


(17)

 


(18)

  For each pointed position, this work consider it as:

True positive (TP) if it is classified as a correct target panel

False negative (FN) if it is classified as other target panels

False positive (FP) if the subject is pointing at other target panels

True negative (TN) if the subject is pointing at other target panels 

but classified correctly. 

Deviation from target. Deviation from target  is calculated by 

Euclidean distance between the estimated pointing position p  and the 

center point of the target panel p  . 

  p p  (19)
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4.4. Results

  A total of 1,200 pointing trials of four pointing subjects were eval-

uated in an offline setting in order to validate the performance of the 

spatial referencing method. The main results are shown in Table 4-2.

Panel 

ID

F1 Score Deviation from target [m]

Ceiling Wall Ceiling Wall

C1 0.849 0.948 1.118 ± 0.243 0.561 ± 0.204

C2 0.826 0.802 1.159 ± 0.197 0.325 ± 0.134

C3 0.837 0.946 1.121 ± 0.216 0.282 ± 0.196

C4 0.756 0.861 1.090 ± 0.319 0.352 ± 0.145

C5 0.808 0.921 1.135 ± 0.316 0.530 ± 0.180

Avg. 0.815 0.896 1.125 ± 0.263 0.410 ± 0.174

Table 4-2. F1 score and deviation from target (Mean ± SD).
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4.4.1 Recognition Accuracy

  

Figure 4-3. F1 score of the ceiling and wall pointing tasks.

  The F1 score of the predicted target panels by robot is shown in 

Figure 4-3. We found that the ceiling pointing task shows a lower rec-

ognition accuracy. The mean F1 score of the ceiling pointing task was 

0.815, while the F1 score of the wall pointing task was 0.896. 

  Higher error in the estimation of the pointing position increases the 

probability of inferring the wrong panels located nearby, which in turn 

lowers the recognition accuracy. This tendency is especially salient in 

the panels near the center.
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4.4.2 Deviation from Target

  The experimental results of deviation from target is shown in Figure 

4-4. It was observed that on average, the ceiling pointing task yielded 

a higher mean deviation from target compared to the wall pointing task 

(Table 4-3). In addition, the mean deviation from target was higher 

when pointing at the side panels (C1/C5 and W1/W5) than the panels 

near the center (C2-C4 and W2-W4). This phenomenon will be ex-

panded up in Section 4.5.

  Meanwhile, a similar tendency between all four participants was ob-

served as illustrated in Figure 4-5. Among the subjects, Subject 3 

reached the highest mean target deviation for the ceiling pointing task 

with 0.482m of result gap between the lowest, Subject 1. For the wall, 

Subject 2 showed the highest distance error with 0.207m of result gap 

between the lowest, Subject 1. 

Deviation from target [m] p-value

Workspace
Ceiling 1.125 ± 0.263

p < 2.2e-16
Wall 0.410 ± 0.174

Angle
Side 0.836 ± 0.241

p < 0.001
Center 0.721 ± 0.210

Table 4-3. Mean deviation from target by workspaces and locations. The 
differences are statistically significant with both p < 0.001.
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Figure 4-4. Deviation from target of the ceiling and wall pointing tasks. C1-C5 
and W1-W5 refers to target ceiling and wall panels from left to right, 
respectively. Shaded areas represent the side panels of each surface and the 
rest represent the center panels of each surface.

Figure 4-5. Deviation from target by the pointing subject.
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Chapter 5. High-Level Panel Pointing Tasks

5.1. Experimental Setup

Figure 5-1. Illustration of the experimental environment for the second 
experiment (E2).

  The experimental setup for the second experiment (E2) is depicted in 

Figure 5-1. Nine target panels with an equal size of 0.6 x 0.6m are in-

stalled on the ceiling in a 3 x 3 array, starting from the far left posi-

tion from a pointier. The pointer is located 3.0m away from the origin 

of the world coordinate system, which is located at the projected posi-

tion of the center point of the C5 panel. 

  As with the first experiment, this work uses Intel RealSense™ Depth 

Camera D435 to collect RGB and depth images. The camera is initially 
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located at the origin, at a height of 1.22m facing participants. However, 

in the second experiment, the robot, as well as human, moves around 

the subject to observe and estimate the pointing position with various 

distances (2, 3, and 4m) and angles (0°, 45°, and 90°), resulting in 

nine combinations of location (Figure 5-2). In sum, pointing data from 

nine locations observed by both human and robot was collected.

Figure 5-2. Illustration of the egocentric distances and angles of the nine 
observation positions for human and robot.
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5.2. Procedure

Figure 5-3. (a) First person view of the C3 panel pointing trial. (b) Picture of 
the pointing subject, human observer at location 2 and 5, and the mobile robot 
conducting the second experiment (E2).

  11 participants (seven males and four females) were recruited to par-

ticipate in the second experiment. The average age of the participants 

were 27.2 years (SD=3.1), average height was 171.9cm (SD=9.6), and 

the average weight was 67.0kg (SD=14.7). 

  One of the participants (male) was asked to perform the pointing 

task and the robot collected data with a camera at nine observation 

positions. For each position, the pointing subject performed 5 iterations 

for each panel. A single iteration consists of nine pointing trials (ceiling 

panels C1 to C9). Moreover, the 5 x 9 = 45 pointing trials were or-

dered randomly rather than in a sequential order, considering the human 
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predictions. In sum, 9 x 5 x 9 = 405 trials of pointing data for robot 

in a single experiment was obtained.

  Meanwhile, the rest of the 10 participants (six males and four fe-

males) were asked to predict which panel the subject is pointing at, al-

so at nine observation positions. 

  A single experiment took approximately an hour per participant, in-

cluding the orientation.
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5.3. Results

5.3.1. Recognition Accuracy

  The recognition accuracy results showed that the performance of both 

human and robot were comparable on average. In addition, while vari-

ous observation positions showed a considerable impact on the perform-

ance of the robot, especially the pointer-robot distance, human observers 

showed a consistent performance, regardless of the observation 

positions.

  The average recognition accuracy of all panels and observation posi-

tions is shown in Table 4-5. Human observers predicted target panels at 

an F1 score of M=0.567 (SD=0.097), precision of M=0.562 (SD=0.124), 

and recall of M=0.599 (SD=0.148). Although the robot’s recognition ac-

curacy was higher in precision (M=0.590, SD=0.280), the recall 

(M=0.591, SD=0.278) and F1 score (M=0.569, SD=0.251) did not pres-

ent a significant difference in values. A sample of target recognition 

cases is shown in Figure 5-4.

Human Robot

F1 score 0.567 ± 0.097 0.569 ± 0.251

Precision 0.562 ± 0.124 0.590 ± 0.280

Recall 0.599 ± 0.148 0.591 ± 0.278

Table 5-1. Evaluation results (Mean ± SD): Recognition 
accuracy (F1 score, precision, and recall).
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Figure 5-4. Sample target panel recognition cases.

  Figure 5-5 shows the effect of pointer-observer angle on the average 

recognition accuracy of nine panels. This work conducted one-way anal-

ysis of variance (ANOVA) to determine whether the values of the F1 

score, precision, and recall is different for the three pointer-observer 

angles. The analysis showed no significant difference on the recognition 

accuracy at all distances (2, 3, and 4m) for both human (p > 0.102) 

and robot (p > 0.069). Therefore, the angle of the pointing subject and 

the observer has no significant effect on the recognition accuracy for 

both human and robot observers. Moreover, the results showed that the 

recognition accuracy of the robot remains higher than the recognition 

accuracy of the human observer until the distance of 3m, but the per-

formance degrades, thus resulting in lower recognition accuracy than 

human.
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  Meanwhile, the effect of pointer-observer distance on the average rec-

ognition accuracy of nine panels is shown in Figure 5-6. The one-way 

ANOVA was conducted to determine whether the values of the F1 

score, precision, and recall is different for the three pointer-observer 

distances. The analysis showed a significant effect of pointer-observer 

distance on the recognition accuracy for robot (p < 0.05). The perform-

ance drop was much worse in the angle of 0 and 45 degrees. 

However, in the case of the human observers, the analysis showed no 

significant difference on the recognition accuracy (p > 0.088) at all an-

gles (0°, 45°, and 90°). Thus, the effect of distance of the pointing 

subject and the observer on the recognition accuracy is only significant 

for the robot.

  Table 5-2 and Figure 5-7 show the human recognition accuracy of 

the nine panels and confusion matrix, respectively. The results show 

that the F1 score reaches its highest for panel C8 (0.657) and higher 

scores for the two panels located side by side (C7=0.629, C9=0.643) 

than the rest of the panels. The results indicate that the performance of 

the human observer is enhanced when the target panel is installed at a 

close distance to the pointing subject. However, there was no significant 

performance gap between the panels in the same row.

  Table 5-3 and Figure 5-8 show the robot recognition accuracy of the 

nine panels and confusion matrix, respectively. The results show that 

the F1 score reaches its highest for panel C7 (0.725). In the case of 

the robot, the performance gap between the highest F1 score and the 

lowest F1 score is bigger than the F1 score of human, while the per-
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formance is mostly enhanced when the target panel is located at the 

four corners.
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Figure 5-5. Effect of pointer-observer angle on the F1 score, precision, and 
recall of the predictions by the human observer (red) and the robot (green).
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Figure 5-6. Effect of pointer-observer distance on the F1 score, precision, and 
recall of the predictions by the human observer (red) and the robot (green). 
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Panels F1 score Precision Recall

C1 0.593 0.590 0.596

C2 0.602 0.571 0.638

C3 0.596 0.558 0.640

C4 0.482 0.446 0.524

C5 0.453 0.435 0.471

C6 0.472 0.463 0.482

C7 0.629 0.674 0.589

C8 0.657 0.739 0.591

C9 0.643 0.826 0.527

Table 5-2. Human Recognition accuracy (F1 score, precision, and recall) of 
nine panels.

Figure 5-7. Confusion matrix of human predictions on nine target panels: 
average (left) and by nine observation positions (right).



40

Panels F1 score Precision Recall

C1 0.632 0.699 0.605

C2 0.454 0.531 0.428

C3 0.711 0.685 0.760

C4 0.416 0.448 0.405

C5 0.554 0.538 0.601

C6 0.450 0.451 0.486

C7 0.725 0.615 0.919

C8 0.556 0.574 0.580

C9 0.627 0.769 0.539

Table 5-3. Robot Recognition accuracy (F1 score, precision, and recall) of 
nine panels.

Figure 5-8. Confusion matrix of robot predictions on nine target panels: 
average (left) and by nine observation positions (right).
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5.3.2. Deviation from Target

Metrics Values

Deviation from target [m] 0.449 ± 0.505

Horizontal component [m] 0.151 ± 0.156

Vertical component [m] 0.393 ± 0.504

Table 5-4. Mean deviation from target (Mean ± SD).

Figure 5-9. Estimated target positions by the robot and the deviation from 
target. Red markers represent the predicted points and the Blue dots 
represent the ground truth (center points of the each panel).

  

  Figure 5-9 shows the average estimated target positions and their de-

viations from target of nine observation positions. As shown in Table 

5-4, the robot estimated target positions with the mean deviation of 

M=0.449m (SD=0.505). The vertical component of the deviation was 

dominant (M=0.393m, SD=0.504) compared to the horizontal component 

(M=0.151m, SD=0.156). 

  Figure 5-10 shows the effect of the pointer-robot angle on the aver-

age deviation from target of nine target panels. This work conducted 
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one-way ANOVA to determine whether the target deviation is different 

for the three pointer-robot angles. The analysis showed no significant 

difference on the target deviation for 2m of distance (p=0.498) and 3m 

of distance (p=0.815). While the deviation increases as the robot moves 

away from the pointing subject, at 4m of distance, the deviation shows 

a drop in the 90° of pointer-robot angle, as well as the significant 

p-value (p<0.001). 

  In the same context, the one-way ANOVA results of the effect of 

pointer-robot distance on target deviation presented no significant differ-

ence on the target deviation at the pointer-robot angle of 90° (p=0.824), 

as shown in Figure 5-11. Meanwhile, target deviation showed an in-

creasing trend at the pointer-robot angle of 0° and 45°, with the sig-

nificant p-values (p<0.001). Moreover, the results presented that the ver-

tical component dominates in the target deviation at the pointer-robot 

angle of 0° and both vertical and horizontal component had an impact 

on the target deviation at the pointer-robot angle of 45°.
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Figure 5-10. Effect of pointer-robot angle on the deviation from target and its 
horizontal and vertical component.
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Figure 5-11. Effect of pointer-robot distance on the deviation from target and 
its horizontal and vertical component.
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Figure 5-12. Estimated target positions by the robot and the deviation from 
target for nine observation positions. Red markers represent the predicted points 
and the Blue dots represent the ground truth (center points of the each panel).
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Chapter 6. Discussion

  In this chapter, the results from Chapter 4 and 5 will be leveraged 

for some discussions and to produce guidelines for improving the per-

formance of the deictic gesture-based spatial referencing method for ap-

plications in collaborative construction robots.
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6.1. Challenges in Low-Level Precision Tasks

  Our experimental results present that the deictic gesture-based method 

can interpret the spatial information at the most common workspaces in 

construction with a mean target deviation of 0.767m and the recognition 

accuracy of 0.864. 

  The results show worse performance in the ceiling with a mean tar-

get deviation of 1.125m, which was 0.715m higher than the mean tar-

get deviation of the wall. In recognition of the panel, the mean F1 

score dropped at a rate of 8.98% at the ceiling compared to the wall. 

These measures indicate that variation in plane causes a performance 

gap in the spatial referring ability regarding the recognition accuracy.

  Furthermore, the mean target deviation tends to increase by 15.91% 

when the location of the target panel changes from the center to side. 

In this situation, the human mainly delivers the angle information to 

the robot, because the target panels share the same plane.

  In general, these tendencies of the result can be explained by the 

pinhole projection model, as illustrated in Figure 4-6. Human eyes see 

the world via pinhole projection. The 3D world (on the world coor-

dinate system) is projected onto a flat projection plane: this plane is fo-

cal length d away from the projective center along the   axis (on the 

human coordinate system), the gaze direction [41]. Thus, a 3D point 

p xhyhzh  in the human coordinate system is projected to 2D coor-

dinates p ′ on the projection plane at a rate of :

p ′ zh

d
xhyh  (20)
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  Therefore, the area of the target panel is also projected to the projec-

tion plane, affecting the visible area of the panel with respect to the 

rate of  .

  The top and side views of the experiment setup are depicted in 

Figure 4-7. A  and A refers to the visible area of the panels projected 

on the projection plane, perpendicular to the gaze direction   and 

 (Here, this work assumes a person gazes at the center of the target 

panels when pointing). In both situations, A  is larger than A  due to 

the difference in between the angles   and  , as well as the position 

of the panels. A smaller visible area hinders the subjects from pointing 

precisely while maintaining consistency. Thus, compared to the targets 

with large visible areas (wall and center panels), the performance de-

grades in the targets with small visible areas (ceiling and side panels). 

Overall, it can be noted that the visible area of the target is a crucial 

factor for human’s ability of interpreting deictic gesture-based spatial 

communication for both wall and ceiling conditions. Therefore, in prac-

tice, one can expect lower performance in referencing a distanced and 

angled regions of interest in overhead operations (e.g., electrical wiring, 

plumbing, and interior finishing work). In such situations, collaborative 

robots need mobility for estimation of the workspace geometry through 

navigating themselves closer to the target.
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Figure 6-1. Pinhole projection model [47].

Figure 6-2. The top (left) and side (right) views of the experimental 
environment. The panels were spaced for a better understanding.
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6.2. Challenges in High-Level Precision Tasks

The results of experiment 2 (E2) present that although spatial referenc-

ing through deictic gestures is intuitive and natural to humans, it may 

be difficult to interpret and predict targets solely on them in these 

high-level tasks not only for robots, but also for humans. In this sec-

tion, the results of experiment 2 (E2) will be discussed in detail.

  The results show that the deictic gesture-based method can estimate 

the pointing position for the nine ceiling target panels at an mean F1 

score of 0.569, which is 30.18% lower than the mean F1 score of the 

low-level pointing tasks. Human observers showed even worse perform-

ance, with the F1 score of 0.567. 

  However, there were no significant variations in the performance 

among the observation positions in the case of humans. In other words, 

humans tend to have a consistent spatial referring ability, regardless of 

the observation positions. Robots, on the other hand, tend to show a 

constant decrease in the recognition accuracy when the distance of the 

pointing subject and the robot increases, while limited effects of the an-

gle were observed. In particular, the accuracy significantly dropped at 

the distance of 4m. This is not surprising as it is specified that the 

ideal range of Intel RealSense™ Depth Camera D435 is 0.3m to 3m. 

  In addition, human observers showed lower recognition accuracy in 

the middle row panels (C4, C5, and C6) compared to the front row 

panels (C7, C8, and C9). When in the case of misinterpretation of the 

middle row panels, human observers tended to predict the target panel 
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as one of the front row panels, other than the third row panels (C1, 

C2, and C3). This may be explained by the imaginary “attentional 

cone” suggested by Williams et al. (2019) [16]. Because of the conic 

nature of this region, when human observers had to choose between 

panel candidates, they were biased towards panels which are located 

closer to the pointing subjects, rather than distant panels.

  Meanwhile, the highest recognition accuracy of the robot reached up 

to 0.725 of F1 score in predicting panel C7, which was 9.3% higher 

than the highest F1 score (0.657) of the human in predicting panel C8. 

Nevertheless, considering the lowest recognition accuracy of the panel 

C4 which drops to an F1 score of 0.416, the results indicate that the 

high-level pointing tasks are still challenging for robots.

  Deviation from target showed more detailed results. The mean value 

of nine ceiling panel pointing tasks was 0.449m, which was 60.01% 

lower than the mean deviation of the ceiling panel pointing tasks in the 

first experiment (E1). This performance enhancement is mainly due to 

the pointing calibration. Without the pointing calibration, the mean devi-

ation of the second experiment increases up to 1.694m, which is 

33.59% higher than the mean deviation of the first experiment (E1). 

The pointing calibration showed considerable correction in the vertical 

component, as in Table 5-5, where the deviation decreased by 75.73% 

compared to the raw data, while the overall deviation decreased by 

73.49%. 
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No pointing 

calibration

With pointing 

calibration

Deviation from target [m] 1.694 ± 0.476 0.449 ± 0.505

Horizontal component [m] 0.396 ± 0.274 0.151 ± 0.156

Vertical component [m] 1.619 ± 0.496 0.393 ± 0.504

Table 6-1. Comparison of the deviation from target (Mean ± SD) with 
and without pointing calibration.

  Finally, the results showed a more consistent and higher spatial refer-

ring ability at the pointer-robot angle of 90° compared to the other an-

gles, where the ability drops when the robot moves away from the 

pointing subject. This is because this work performed deictic gesture 

recognition based on pose estimation. For the pose estimation-based dei-

ctic gesture recognition, three right arm joints are mainly detected and 

utilized: shoulder, elbow, and the wrist joint. Therefore, the more these 

joints come into the camera view without depth occlusion, the more 

likely the system will detect the exact position of the joints. This led 

to enhanced deviation at the angle of 90°, which has a comparatively 

low possibility of depth occlusion while stretching the right arm for 

pointing.

  Considering the results mentioned above, we see three ways to im-

prove the current spatial referencing method for application in collabo-

rative construction robots. First, we could give the robot dimensional 

and scaled spatial information with interaction modalities (i.e., speech). 

This allows the robot to reason about the region of interest with addi-

tional criteria, thus enhancing perception accuracy. Presenting the spatial 

information with a form of region could be considered as well. Deictics 
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are often thought of as referring to an object but can also be used to 

refer to a region of space [27]. This method provides interpretability 

and predictability to the user intent and has a collateral benefit of 

correction. Lastly, as suggested by Medeiros et al. [36], visual feedback 

makes a difference in the accuracy of the pointing task. In particular, 

we could enhance human’s ability to indicate the target with a smaller 

visible area by receiving visual feedback from robots.
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Chapter 7. Conclusion

  This work explored the challenges of the latest deictic gesture-based 

spatial referencing method to evaluate the potential of the deictic ges-

tures in panel installation tasks in construction. Despite the intuitiveness 

and naturalness of the deictic gestures, they are known to be inherently 

imprecise and therefore challenging for both human and robot to inter-

pret the exact region of interest, especially in a large-scale 3D con-

struction environment, cluttered in many situations. In this context, we 

selectively overviewed the spatial referring abilities of both human and 

robot through two experiments of panel pointing with different levels of 

precision. In the first experiment, the results presented a significant per-

formance drop in the ceiling and angled targets, while the overall rec-

ognition accuracy was acceptable. These tendencies imply that pointing 

the distanced targets in a large-scale environment is challenging for a 

human pointer, especially for targets located on ceiling surfaces. This 

work concluded that these tendencies result from the variations on visi-

ble area by the target locations. This work tried to further the knowl-

edge on spatial referencing through the second experiment, which in-

volved evaluation of both human and robot observers with various posi-

tional relationships with the pointing subject. Through the second ex-

periment, this work showed that it may be difficult to interpret and 

predict targets solely on the deictic gestures in this level of precision 

not only for robots, but also for humans. For these ceiling panel point-
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ing tasks with high-level of precision, the recognition accuracy of the 

robot dropped by 30.18% compared to the low-level tasks. The results 

of the second experiment presented that humans tend to have con-

sistency in the spatial referring abilities regardless of the observation 

positions, while the robots showed statistically significant differences 

pertaining to the pointer-robot distances. The results also showed the 

performance enhancement of the target deviation by 73.49% through 

pointing calibration.

  The primary contribution of this paper is in the evaluation of the 

deictic gesture-based spatial referring ability of the robot in a 

large-scale human-robot collaborative environment, furthering the appli-

cation of the deictic gestures and robotics to panel installation work. 

However, this work has limitations, since this work assumes that the 

robot has a full understanding of its surrounding environment and 

workspace geometry, which is completely accurate with no measurement 

errors. Future works are needed to investigate the spatial referencing 

system’s behavior when the robot has to learn its surrounding environ-

ment (i.e. with simultaneous localization and mapping).
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국 문 초 록

  
  최근 AI의 발전과 더불어 로봇의 지각 및 제어 능력의 비약적 

발전에도 불구하고, 건설 로봇은 실제 현장에 배치되었을 때, 

비구조화되고 비정형화된 작업환경으로 인해 빈번한 간섭을 받게 

된다. 따라서 이러한 현장의 상황에 유연하게 대처하여 작업 순서 및 

방식을 변형시키기 위해 인간의 현장 작업지시 (in-situ improvisa-

tions)가 필요하다. 선행연구에서는 직관적인 인간-로봇 상호작용을 

위해 지시적 제스처를 통한 현장 작업지시의 기반이 되는 공간 참조 

(spatial referencing)의 타당성을 검증하였다. 그러나 선행연구에서 

진행한 성능 평가에는 두 가지 한계점이 존재한다: (1) 지시적 

제스처를 통한 공간 참조는 좁은 공간 범위에 대해서만 개발되었으며, 

건설현장과 같은 대규모 공간 및 비구조화된 공간에서는 제한적이다; 

(2) 인간과 로봇의 다양한 위치관계에 대한 고려 없이 성능 평가를 

진행하였다. 이에 본 연구에서는 건설 작업 중 패널 설치 작업에서 

지시적 제스처의 가능성을 검증하기 위해, 손동작을 통해 패널을 

가리키는 과업에 대한 도전과제를 규명하는 것을 목표로 한다. 이를 

위해 서로 다른 정밀도 범위를 요구하는 두 가지 실험을 통해 인간과 

로봇의 공간 참조 능력을 평가하였다. 첫 번째 실험에서는, 

전반적으로 높은 인식 정확도(0.864)를 보였으나, 천장 및 양 측면에 

위치한 패널에서 성능이 감소하였다. 두 번째 실험에서는, 인식 

정확도가 첫 번째 실험에 비해 30.18% 감소하였다. 두 번째 실험의 

결과에서는 로봇이 인간에 비해 관측 위치에 대해 공간 참조 능력에 

큰 편차를 보이는 것으로 나타났다. 또한, 지시 보정을 통해 목표 
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거리 오차가 73.49% 개선됨을 확인하였다. 본 연구는 건설현장과 

같은 대규모 인간-로봇 협업 환경에서 로봇의 공간 참조 능력을 

평가하였다는 점과 패널 설치 작업에서 지시적 제스처의 적용에 대한 

가능성을 보여주었다는 점에서 그 의의가 있다.

주요어: 공간 참조; 인간-로봇 협업; 지시적 제스처

학  번: 2020-26076
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