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Abstract – 

To address limitations of traditional manual 

patrols on construction sites, such as inconsistent and 

inaccurate hazard identification, unmanned mobile 

robots can be deployed. However, specific behavioral 

parameters of unmanned mobile robots may distract 

workers’ attention. Although related research has 

been conducted, it remains a critical knowledge gap 

which robot dogs’ behavioral parameters affect 

human attentional distraction and how they do so. To 

address this knowledge gap, this study aims to reveal 

which robot dogs’ behavioral parameters affect 

human attentional distraction and how these 

parameters influence it by conducting an experiment. 

As a result, it was analyzed that (1) the robot dog 

caused the lowest attentional distraction at moderate 

speeds (1.25 – 1.75 m/s), (2) stop or gaze behaviors 

tended to increase attentional distraction, and (3) this 

effect was particularly pronounced under the linear 

path condition. These findings can contribute to 

reducing workers’ attentional distraction, thereby 

enhancing safety and improving on-site productivity. 
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1 Introduction 

Due to the complex and dynamic nature of 

construction sites—where labor, tasks, materials and 

equipment continuously change across the large space— 

it is difficult to maintain proactive safety management 

using static plans alone. Therefore, continuous on-site 

patrol is necessary to identify emerging risks, verify 

compliance, and support real-time safety-related decision 

making [1]. In this paper, the on-site patrol refers to the 

repetitive routine movement of agent (e.g., personnel or 

robots) across the site for safety monitoring and 

maintaining situational awareness.  

Conventionally, the on-site patrol tasks have been 

manually conducted by the safety managers in sites. 

However, in the conventional on-site patrol method, 

there can be inevitable oversight because a limited 

number of safety managers cover the spacious 

construction sites. Also, there can be variable proficiency 

among safety managers because they have differences in 

expertise and safety knowledge. This can lead to 

subjective judgement in prioritizing the patrol area, 

resulting in inconsistent and inaccurate hazard 

identification. To overcome these limitations, unmanned 

mobile robots have been increasingly highlighted as a 

promising means to complement the manual on-site 

patrol [2]. Unmanned mobile robots can substantially 

widen the patrol coverage, log data in real-time for 

further analysis for safety management system 

improvement, and access hazardous areas not 

approachable by humans.  

Despite these advantages, potential concerns arising 

from emotional and cognitive interactions between 

human workers and patrolling robots must first be 

addressed to fully realize their potential. One such 

concern is workers’ attentional distraction resulting from 

coexisting with robots [3-5]. Particularly in construction 

field, where various surrounding hazards require workers 

to properly perceive and respond and individual 

productivity substantially influences project success, 

minimizing such attentional distraction is especially 

critical [6]. Literature demonstrates that how robots 

behave significantly influences how co-existing workers 

cognitively and emotionally perceive them [7], which 

implying the importance of optimizing robots’ patrolling 

behavioral patterns in minimizing workers’ distraction. 

Although several studies have been conducted 

regarding the robots’ behaviors affecting the human’s 

attentional distraction in construction sites [6, 8], existing 

studies have mainly focused on drone or proxemics 

parameter. Given that robot dogs have obviously 
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different appearance and movement mechanisms than 

drones, which allows us to expect distinct cognitive 

interaction dynamics. it remains a critical knowledge gap 

which of robot dogs’ behaviors influence human 

attentional distraction and how they do so. Therefore, this 

study aims to reveal which behavioral parameters of 

robot dogs affect human attentional distraction and how 

these parameters influence it. 

2 Research method overview 

This study experimentally examines which 

behavioral parameters of robot dog affect human 

attentional distraction and how they influence it. To 

capture attentional processes directly and objectively 

during human–robot co-presence, eye-tracking was 

applied to measure gaze allocation and visual attention 

dynamics in response to robot dog behaviors, providing 

fine-grained indicators of attentional distraction beyond 

self-reported measures. The overall procedure of this 

research is as shown in Figure 1. 

 

 

Figure 1. Overall research procedure 

 

First, the robot dogs’ behavioral parameters and their 

levels are defined through comprehensive literature 

review on human-robot interaction research addressed 

different robots’ behavioral parameters. Next, an 

experiment is conducted in which participants perform a 

simple representative construction task while a robot dog 

passes by them under various combinations of behavioral 

parameters, and their fixation metrics are measured using 

eye trackers. The fixation metrics (frequency and 

duration) are representative metrics when measuring the 

attentional distraction [5-6]. To analyze fixation metrics, 

fixations are labeled to be classified as either fixation-on-

robot or fixation-on-other. Next, (1) the fixation-on-robot 

rate (N/s) and (2) the proportion of time fixating on the 

robot (%) during the robot dog’s pass-by are calculated, 

and these measures are analyzed using a Linear mixed-

effects regression model (LMER). Finally, directions for 

setting robot dogs’ behavioral parameters to reduce 

workers’ attentional distraction are proposed.   

3 Selection of robot dogs’ behavioral 

parameters 

This study covers four robot dogs’ behavioral 

parameters: (1) speed, (2) minimal passing distance, (3) 

path predictability, and (4) gaze-with-stop. Although 

other parameters may also be considered, these four were 

selected based on their practical importance and prior 

HRC research designs. 

3.1 Speed 

Existing studies reported robot’s speed can affect 

human comfort which may affect attentional distraction 

[7, 9]. Therefore, speed was selected as one of the 

parameters in this study. Wang et al. (2025) [10] 

classified walking speed into slow walking (0.5–1 m/s), 

normal walking (1–1.5 m/s), fast walking (1.5–2 m/s), 

and running (2–2.5 m/s). Referring this classification, 

Jung et al. (2025) [9] set ground robot speed levels to 

1m/s, 1.5m/s, and 2m/s when measuring the effects of 

ground robots’ behavior to human’s discomfort. 

In this study, the robot dogs’ speed parameter was set 

to the four levels: 0.75 m/s, 1.25 m/s, 1.75 m/s, and 2.25 

m/s. These values correspond to the midpoints of Wang 

et al.’s speed ranges [10], thereby providing 

representative levels for each speed category. 

3.2 Minimal passing distance 

In this study, minimal passing distance was defined 

as the shortest distance between the human’s position and 

the robot dog’s moving path at the moment of closest 

approach as shown in Figure 2.  

Minimal passing distance, which is called as 

proximity in some previous studies, has been adopted as 

important behavioral parameter in HRC research [11-13]. 

This is because human may feel the fear of being struck 

by robots [14]. Xu et al. (2023) [13] revealed that the 

human maintained distance from the robot dogs about  
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Figure 2. Minimal passing distance 

 

0.7-2.0m when robot dogs pass-by the human. Also, Jung 

et al. (2025) [9] stated that the psychological implications 

between 0.45m and 2.0m remain underexplored. 

Attentional distraction is closely associated with 

psychological effects such as perceived safety, 

discomfort, and stress. Referring these results, in this 

study, the minimal passing distance parameter was set to 

the three levels: 0.5 m, 1.25 m, and 2.0 m. Further 

subdividing minimal passing distance levels would 

substantially increase the number of behavioral-

parameter combinations. 

3.3 Path predictability 

Unpredictable movements of robots can affect the 

human’s psychological state even when robots maintain 

objectively safe proximity [14-15]. In this regard, some 

studies set path predictability as independent variable in 

HRC research [7, 16]. Since change of psychological 

state is directly related to the attentional status [16], path 

predictability was selected as one of the parameters in 

this study. The path predictability parameter was 

implemented as a binary factor with two levels: a linear 

path (predictable) and a zigzag path (unpredictable) 

(Figure 3-(a), (b)).  

 

  

(a) Predictable path 

(linear) 

(b) Unpredictable path 

(zigzag) 

Figure 3. Implementation of path predictability 

 

In the zigzag path, the robot dog moved linearly at the 

start, switched to a zigzag pattern after the first 25 % of 

the path, and then returned to linear motion after 75 % of 

the path as shown in Figure 3-(b). The reason for mixing 

linear and zigzag pattern in zigzag path is to make the 

robot dog’s movement unpredictable. In addition, to 

make the zigzag path more unpredictable, the lateral 

deviation in zigzag path (zigzag amplitude) is set as not 

constant during robot movement.  

3.4 Stop and gaze 

When robot dogs patrol the construction site, 

sometimes they can stop to take a photo with equipped 

cameras. Most commercial robot dogs that come with a 

camera have it mounted on the head and oriented forward. 

Therefore, when robot dogs take a photo of workers for 

some reasons such as personal protective equipment 

(PPE) violation, they should face the workers. Because 

robot dogs have a dog-like appearance, workers may feel 

a gaze from them based on their facing direction, even in 

the absence of real eyes. Then, a sense of being watched 

may draw workers’ attention to the robot and distract 

them from the task. Some previous HRC studies have set 

the gaze of human- or animal-like robot (e.g., humanoid 

robots or robot dogs) as an independent variable [13, 17]. 

In this research, to reflect the gaze behavior of 

patrolling robot dogs in construction sites, the stop and 

gaze parameter is set to three levels as follows: 

• Non-stop:  it refers to the robot dog moving while 

facing its heading direction without stopping. In other 

words, it represents the absence of both gaze and stop, 

simulating typical robot dog movement. 

• Stop-without-gaze: it refers to the robot stopping at 

the point of closest approach to human, that is, at the 

midpoint of the path in this experiment. The stop 

duration is 4 s, during which the robot maintains its 

heading direction. After stop duration is ended, it 

continues along its path. It simulates a scenario in 

which a camera is mounted on the side of the robot 

and images are captured without the robot turning 

toward the worker. 

• Stop-with-gaze: the robot stops at the point of closest 

approach, rotates to face human, and remains stopped 

for 4 s. After that, it rotates back to its original 

heading and continues along its path. It simulates a 

scenario in which camera is mounted on the head of 

the robot and images are captured after robot turning 

toward the worker. 

Also, each behavioral parameter comprised multiple 

levels (speed: 4; passing distance: 3; path predictability: 

2; gaze-with-stop: 3), resulting in 72 possible behavioral 

parameter combinations (4×3×2×3), as shown in Figure 

4. 

4 Experiments  

Based on the 72 behavioral parameter combinations 

(speed: 4; passing distance: 3; path predictability: 2;
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Figure 4. Combinations of behavioral parameter 

gaze-with-stop: 3) in Figure 4, an experiment was 

conducted to measure the participants’ attentional 

distraction while a robot dog passed by them under 

different behavior combinations. Attentional distraction 

was assessed by measuring participants’ fixation-on-

robot rate (N/s) and proportion of time fixating on the 

robot (%) using eye tracker. An increase in these 

measures during task indicates greater attentional 

distraction, as widely assumed in previous HRC studies 

[5-6]. The experiment was approved by the research 

ethics board (REB) at University of Alberta (REB ID# 

Pro00160110). In this experiment, participants’ fixation 

data (frequency and duration), the representative 

indicators of attentional distraction, were recorded using 

a Neon eye tracker of Pupil labs (Figure 5-(a)). Also, Go2 

robot dog of Unitree was used in this experiment (Figure 

5-(b)). 

The overall experimental setup is shown in Figure 6. 

In each trial, the robot dog departed from the start point 

and reached the end point under a randomly predefined 

behavioral parameter combination; the distance between 

  

(a) Neon eye tracker 

(Pupil labs) 

(b) Go2 robot dog 

(Unitree) 

Figure 5. Eye tracker and robot dog used in the 

experiment 

 

the two points was 14 m. While the robot dog was 

moving in each trial, the participant repeatedly performed 

a simple bolt fastening task. The participant’s location 

was offset from the midpoint of the robot’s path (7 m) by 

the predefined minimal passing distance in the 

perpendicular direction. 

Background noise can amplify or attenuate the effects 

of other visual as well as auditory distraction stimuli [18]. 

To simulate a construction site, construction noise of 

approximately 87 dB (at the participant position) was 

played. Also, A video was recorded to mark the robot’s 

start and end times for data cleaning and preprocessing. 

Each participant conducted 12 trials so that one 

participant experienced a total of 12 behavioral 

parameter combinations. These combinations were 

assigned in a constrained pseudo-random manner to 

minimize overlap across participants and avoid 

overrepresentation of any single factor level. Also, the 

number of trials was limited to 12 because completing 

too many trials could lead to habituation to the robot dogs’ 

behavior so that their responses cannot be well caught. In 

addition, the experimental purpose was partially 

disclosed to prevent participants from expecting the robot 

dog’s behavioral changes and intentionally regulating 

their attentional distraction responses. 

A total of five participants were recruited (mean age 

= 29.0 years, SD = 2.9 years; 5 male). Also, the data from 

two trials were lost due to a recording file corruption, 

resulting in a total of 58 datasets were analyzed. A priori 

Figure 6. Overall experimental setup 
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power analysis was not conducted at this pilot study. 

4.1 Statistical analyses 

4.1.1 Data preprocessing 

Collected fixation data were labeled and preprocessed 

to derive fixation-on-robot frequency (𝑓) and duration (𝑑) 

during robot movement time (𝑚) for each trial. Then, 

these values were converted to the fixation-on-robot rate 

(N/s) and the proportion of time fixating on the robot (%) 

using Equations (1) and (2). This is because the time 

required for the robot to traverse 14m differed across the 

behavioral parameter combinations.  

𝐹𝑖𝑥𝑎𝑡𝑖𝑜𝑛 𝑜𝑛 𝑟𝑜𝑏𝑜𝑡 𝑟𝑎𝑡𝑒 (𝑁 𝑠⁄ ) =  𝑓 𝑚⁄  (1) 

𝐹𝑖𝑥𝑎𝑡𝑖𝑜𝑛 𝑜𝑛 𝑟𝑜𝑏𝑜𝑡 𝑝𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 (%) =  𝑑 𝑚⁄  (2) 

4.1.2 Linear mixed-effects regression model  

Preprocessed data was analyzed with linear mixed-

effects regression model (LMER) to account for 

individual differences in baseline gaze behavior between 

participants, the participant was set as random intercept 

in LMER model.   

Among the robot dogs’ behavioral parameters, path 

predictability and stop and gaze parameters were set as 

categorical variables whereas speed and minimal passing 

distance parameters were set as continuous variables. 

Speed parameter was modeled as a continuous variable 

with a quadratic term because fixation responses were 

elevated at both the slowest (0.75 m/s) and fastest (2.25 

m/s) speeds, suggesting a non-linear (U-shaped) 

relationship. Therefore, the LMER model can be 

expressed as Equation (3), where 𝑖 indexes trials and 𝑗 

indexes participants.  

 

𝑦𝑖𝑗 = 𝛽0 + 𝛽1𝑠𝑖𝑗 + 𝛽2𝑠𝑖𝑗
2 + 𝛽3𝑑𝑖𝑗 

+𝛽4𝑝𝑖𝑗 + 𝛽5𝑔1,𝑖𝑗 + 𝛽6𝑔2,𝑖𝑗 + 𝑢0𝑗 + 𝜀𝑖𝑗 

 
* 𝑠: speed, 𝑑: minimal passing distance 
𝑝: path predictability, 𝑔: stop and gaze 

(3) 

The fixation-on-robot rate (N/s) and the proportion of 

time fixating on the robot (%) were transformed to the 

log and logit scales, respectively, to reflect the 

distributional properties and bounds of these measures. 

This LMER-based statistical analysis model was 

implemented using R software.  

5 Results and discussions 

5.1 Main effects 

5.1.1 Fixation-on-robot rate 

The estimated main effect coefficients and their 

statistical significance are presented in Table 1.  

Table 1 Main effect coefficients and statistical 

significance 

Coeff

icient 

Fixation-on-robot 

rate 

Proportion of time 

fixating on the robot 

Value 𝑝 Value 𝑝 

𝛽0 -1.215 0.003* -2.822 0.000* 

𝛽1 -0.108 0.405 -0.135 0.459 

𝛽2 0.775 0.010* 1.146 0.007* 

𝛽3 -0.124 0.299 0.108 0.514 

𝛽4 0.165 0.258 0.271 0.184 

𝛽5 0.007 0.970 0.444 0.092 

𝛽6 0.177 0.348 0.674 0.013* 

In Table 1, the reference values for the speed and 

minimal passing distance parameters are the mean speed 

and the mean passing distance, respectively. In contrast, 

the reference levels for the path predictability and stop-

and-gaze parameters are the linear path and the non-stop 

condition, respectively.  

In the case of fixation-on-robot rate, it was analyzed 

that coefficient 𝛽0  and 𝛽2  were statistically significant 

with 𝑝-value of 0.003 and 0.010 and 95% confidence 

intervals (CIs) of [-1.872, -0.558] and [0.192, 1.359], 

respectively (𝑝 < 0.05). It was analyzed that exp(𝛽0) was 

0.297, indicating that the predicted fixation-on-robot rate 

at these reference values is 0.297 N/s. Coefficients 𝛽1 

and 𝛽2  represent the shape of quadratic (U-shaped) 

pattern in speed parameter. Therefore, the significance of 

𝛽2  ( 𝑝 = 0.010, 𝑝 < 0.05 ; 95% CI [0.192, 1.359]) 

indicates that the speed parameter exhibits a  

significant quadratic (U-shaped) pattern. 

When the other parameters are set to reference values, 

it was analyzed that the fixation-on-robot rate was 

minimized at 1.55 m/s. However, it can be interpreted as 

just tendency, given that the speed parameter included 

only four levels and the sample size was small. Therefore, 

it may be reasonable to interpret the optimal speed for 

minimizing the fixation-on-robot rate as lying between 

1.25 and 1.75 m/s. 

5.1.2 Proportion of time fixating on the robot 

As shown in Table 1, it was analyzed that coefficient 

𝛽0  and 𝛽2  were statistically significant in the terms of 

proportion of time fixating on the robot too, with 𝑝-value 

of 0.000 and 0.007 and 95% CIs of [-3.836, -1.804] and 

[0.332, 1.959], respectively. The proportion of time 

fixating on the robot in reference parameter levels was 

predicted as 5.62 %. 

Overall, the statistical significance was stronger than 

that observed for the fixation-on-robot rate. This may be 

due to individual differences in viewing habits, such as 

repeatedly glancing at the target of interest or 
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maintaining gaze on it for longer periods. 

In particular, the statistical significance of 

coefficients associated with the stop and gaze parameter 

(𝛽5  and 𝛽6)  were sharply increased, from 0.970 and 

0.348, to 0.092 and 0.013, respectively. This suggests 

that, although the stop and gaze parameter is likely to 

influence attentional distraction, individual viewing 

habits may have introduced variability that obscured its 

effect on the fixation-on-robot rate. 

It was analyzed that coefficient 𝛽6,  correlation 

coefficient between non-stop and stop-with-gaze was 

statistically significant ( 𝑝 = 0.013, 𝑝 < 0.05;  95% CI 

[0.148, 1.200]). Also, it was estimated that the proportion 

of time fixating on the robot increased by 4.83 %p under 

stop-with-gaze compared with non-stop. Given that the 

proportion of time fixating on the robot in reference 

parameter levels was predicted as 5.62 %, this represents 

a substantial increase. 

As a results, the main effect of robot dogs’ behavioral 

parameters can be summarized as below: 

• When all of parameters is at reference parameter 

levels (speed: 1.48 m/s, minimal passing distance: 

1.25 m, path predictability: linear path, and stop and 

gaze: non-stop), the fixation-on-robot rate and 

proportion of time fixating on the robot was 0.297 N/s 

and 5.62 %, respectively. 

• Because the speed parameter exhibits a  

significant quadratic (U-shaped) pattern, workers’ 

attention can be distracted more at very slow (0.75 

m/s) or very fast (2.25 m/s) speed than moderate 

speed (1.25 – 1.75 m/s). 

• Although participants may differ in viewing habits 

(e.g., repeatedly glancing vs. maintaining a long gaze), 

the workers’ attention can be more distracted under 

the stop-with-gaze condition than under the non-stop 

condition. Moreover, this was a large difference, 

corresponding to an approximately 1.86 times higher 

proportion of time spent fixating on the robot.    

5.2 Interactions 

5.2.1 Fixation-on-robot rate 

To examine interaction effects between the 

parameters, a base LMER was compared with models 

that included interaction terms. Model improvement was 

evaluated using the Akaike Information Criterion (AIC) 

and a likelihood ratio test (LRT). AIC summarizes model 

quality while accounting for model complexity, and 

lower values indicate a better model. dAIC represents the 

change in AIC relative to the base LMER model. The 

LRT directly compares the base and interaction models; 

𝑝  < 0.05 indicates that adding the interaction 

significantly improves model fit. 

As a results of analysis, it was analyzed that two 

interaction terms (speed ⨉ stop & gaze and path ⨉ stop 
& gaze) were statistically significant and improved 
the model (speed ⨉ stop & gaze: dAIC = -1.946 and 
LRT 𝑝-value = 0.041; path predictability ⨉ stop & gaze: 
dAIC = -2.009 and LRT 𝑝-value = 0.050)  

Therefore, using two models established with these 

two interaction terms each, the fixation-on-robot rate 

(N/s) were predicted as shown in Figure 7.  

 

 

Figure 7. Interaction analysis results 

: fixation-on-robot (N/s) 

In Figure 7, all parameters other than interaction 

parameters were held at their reference levels. Under 

non-stop condition, fixation-on-robot rates showed little 

variation across speed levels. However, when there were 

stop or gaze movements, the fixation-on-robot rates were 

sharply increased especially in speed with 0.75 m/s and 

2.25 m/s. This suggests that, compared to when stop- or 

gaze-related behaviors are present, the effect on 

attentional distraction is less influenced by speed when 

such behaviors are absent. This may be because sudden 

stopping or gazing at very low (0.75 m/s) or high (2.25 

m/s) speeds may be perceived as an unusual situation 

(e.g., hazard or emergency detection) not usual patrolling 

process by participants. 

Under linear path condition, the stop or gaze 

movements tended to produce a sharp increase in 

fixation-on-robot rates. In contrast, under the zigzag path 

condition, the non-stop behavior yielded the highest 

fixation-on-robot rates (0.447 N/s). This may be because 

participants did not expect stop- or gaze-related 

behaviors when the robot followed a linear path, whereas 

under a zigzag path they may have been more prepared 

for, or anticipating, such sudden movements. 

5.2.2 Proportion of time fixating on the robot 

A base LMER was compared with models that 

included interaction terms in proportion of time fixating 
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on the robot. It was analyzed that only one interaction 

term was statistically significant and improved the model 

(path predictability ⨉ stop & gaze: dAIC = -5.026 and 
LRT 𝑝-value = 0.011), whereas the speed ⨉ stop & 
gaze interaction was marginally non-significant (LRT 
𝑝-value = 0.053) which was not the case for fixation-on-

robot rate results.  
The proportion of time fixating on the robot (%) was 

predicted using a model established with path 

predictability ⨉ stop interaction term (Figure 8). 
 

 

Figure 8. Interaction analysis results 

: proportion of time fixating on the robot (%) 

In Figure 8, all parameters other than interaction 

parameters were held at their reference levels. Like the 

results of fixation-on-robot rates, under linear path 

condition, the stop or gaze movements tended to produce 

a sharp increase in the proportion of time fixating on the 

robot. However, under the zigzag path condition, the 

stop-with-gaze behavior produced the highest proportion 

(12.52 %) of time fixating on the robot unlike the 

fixation-on-robot rate results. 

This may be because the continuous and various robot 

dogs’ actions (zigzag movement with stop and rotate) 

strongly captured attention and interest, causing 

participants to sustain their gaze on the robot for longer 

once they looked.  

5.2.3 Suggestion for robot dog’s behavior settings 

As this study was conducted as a pilot, only five 

participants were recruited, which is a small sample 

given the large number of robot parameter combinations 

(72). Despite the data scarcity circumstance, several 

statistically significant results were observed. Reflecting 

these results, the directions for setting robot dog 

behaviors to minimize the workers’ attentional 

distraction were suggested as below:  

• Because the effect of speed on attentional distraction 

followed a U-shaped quadratic pattern, maintaining a 

moderate speed (approximately 1.25–1.75 m/s) may 

be preferable. In particular, when the robot’s behavior 

included stopping or gazing (rotating), very slow 

(0.75 m/s) or very fast (2.25 m/s) speeds were more 

likely to cause substantial attentional distraction. 

• Although it was not statistically significant in 

fixation-on-robot rate, the robot’s stop-with-gaze 

behavior, such as taking photos or recording the scene, 

tended to increase attentional distraction. Therefore, 

mounting the camera on the side of the robot dog may 

be one practical way to prevent increased attentional 

distraction among workers. 

• If mounting the camera on the side of the robot dog is 

not feasible, another practical approach to keep 

attentional distraction low is to avoid including stop 

or gaze(rotate) behaviors when the robot is moving 

along a linear path segment. 

 However, the findings should be interpreted 

cautiously when extended to real site conditions. For 

instance, distraction may increase under higher cognitive 

demands but decrease when attention is directed to other 

factors, such as co-worker coordination. 

6 Conclusion 

In this paper, an experiment was conducted to 

examine how patrolling robot dogs’ behaviors affect 

construction workers’ attentional distractions. As a result, 

three statistically significant findings were identified: (1) 

the robot dog’s speed tended to increase workers’ 

attentional distraction when it was either very slow (0.75 

m/s) or very fast (2.25 m/s); (2) the robot dog’s stop-

with-gaze behavior tended to increase attentional 

distraction; and (3) stop or gaze (rotation) behaviors 

tended to increase attentional distraction more on a linear 

path than on an unpredictable path. In addition, based on 

these results, the robot dogs’ behavior setting directions 

to minimize workers’ attentional distractions were 

suggested.  

The results of this study can help robot dog designers 

or operators to establish guidelines for designing robot 

dog or operating it on construction sites. Also, the 

findings of this research can contribute to reducing 

construction workers’ attentional distraction, thereby 

enhancing safety and improving on-site productivity. 

However, this was a pilot study conducted on only 

five males and using only a simple bolt-fastening task, so 

the results should be interpreted as preliminary trends 

rather than generalizable conclusions. In addition, 

within-trial fluctuations in attentional distraction were 

not analyzed, although they may vary with the robot 

dog’s location (e.g., near vs. far). Future studies will 

therefore include a larger and more diverse sample and 

analyze within-trial segments based on the robot dog’s 

location. 
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