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Abstract – 

Unmanned aerial vehicles (UAVs) are increasingly 

used in construction for inspection, monitoring, and 

safety management. While these applications offer 

operational benefits, recent studies indicate that 

drone presence and motion can distract on-site 

workers and impair situational awareness. Existing 

construction drone path planning methods, however, 

primarily emphasize efficiency, coverage, and 

collision avoidance, with limited consideration of 

human distraction effects. This study proposes a 

distraction-aware drone path planning method that 

explicitly incorporates worker distraction risk into 

autonomous flight planning. Distraction is modeled as 

a soft cost within a three-dimensional cost grid, 

together with hard constraints representing physical 

obstacles. A local path planning module evaluates 

motion and distraction-related costs between travel 

points, while the global visiting sequence is 

formulated as a Traveling Salesman Problem. A soft 

cost weight estimation module analytically 

determines appropriate weighting parameters based 

on spatial relationships between travel points and 

worker distraction boundaries. The proposed method 

was implemented and evaluated in a Unity-based 

virtual construction environment under multiple 

flight scenarios. Results show that incorporating 

distraction-related soft costs reduces the time drones 

spend within worker distraction areas, with moderate 

increases in total flight time. These findings 

demonstrate the feasibility of integrating cognitive 

safety considerations into construction drone path 

planning. 
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1 Introduction 

Drone usage in construction projects is gaining 

significant traction due to its potential to enhance project 

efficiency, safety, and decision making. Modern drones 

are equipped with advanced sensing technologies, 

including RGB, multispectral, thermal, and LiDAR 

sensors, enabling rapid collection of large-scale aerial 

data [1]. These data can be transmitted and processed 

through specialized software to support efficient analysis, 

site monitoring, and decision making, thereby 

streamlining workflows, improving site management, 

and facilitating more comprehensive inspections. 

Reflecting these advantages, the global construction 

drone market was valued at approximately $4.8 billion in 

2019 and is projected to reach $7.1 billion by 2030 [2]. 

The expanding technical capabilities of drones, together 

with strong market growth, indicate their increasing 

integration into construction practices. 

Despite these benefits, the introduction of drones into 

construction environments may also create new safety 

risks for workers on site. In particular, drone-induced 

distraction has the potential to compromise workers’ 

cognitive focus and situational awareness [3]. The 

presence or movement of drones can divert attention 

through visual, auditory, or cognitive channels, drawing 

workers’ focus away from critical tasks or surrounding 

hazards [4]. For example, Union Pacific Corp. railroad 

workers reported that drones flying over rail yards caused 

them to look upward rather than concentrate on their 

duties, even while 200-ton locomotives and railcars were 

in motion[5]. Prior research in office environments has 

shown that workers disrupted by external interruptions 

may require up to 25 minutes to fully regain 

concentration [6]. Similar effects are likely in 

construction settings, where sustained attention is 

essential for safe task execution. Recent studies have 

confirmed that drones can interrupt construction workers 

during active job tasks[7] , and such distractions may 
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reduce workers’ ability to recognize hazards and 

accurately assess safety risks [8,9]. 

Building on this line of inquiry, Han et al. 

quantitatively examined drone-induced distraction in 

construction contexts using controlled experimental 

methods [10,11]. These studies provided empirical 

evidence that drone presence and flight behaviours can 

significantly influence workers’ situational awareness. 

However, existing research has primarily focused on 

measuring and characterizing distraction effects, rather 

than on developing operational strategies to mitigate 

them. In particular, existing drone deployment and path-

planning approaches in construction primarily account 

for factors such as task constraint factors [12,13], 

navigability factors [14,15], and energy efficiency factors 

[16]. The distraction impact of drone flight paths on 

workers’ attention and safety has not yet been 

incorporated into these approaches. 

To address this gap, this study proposes a distraction-

aware drone path planning method for construction 

environments. The proposed method integrates human 

attention considerations into the drone path planning 

process, enabling flight trajectories that balance 

operational efficiency with reduced distraction to on-site 

workers. By explicitly accounting for distraction-related 

costs during path optimization, the approach aims to 

support safer drone integration into construction 

workflows while preserving the practical benefits of 

aerial monitoring and data collection. 

2 Literature Review 

2.1 Drone Path Planning in Construction 

Recent research has increasingly explored drone path 

planning algorithms to construction applications, aiming 

to enhance safety, inspection efficiency and automated 

monitoring as mentioned in section Drone Application in 

Construction.  

For inspection, Xu et al. focused on drone path 

planning for bridge construction safety inspection by 

proposing an enhanced Snake optimization algorithm 

(CSGLSO). This algorithm considered energy efficiency 

collision avoidance, trajectory smoothness, rapid 

convergence, and the avoidance of local optima in 3D 

environments [12]. Zheng et al. proposed a drone-based 

building facade visual inspection through coverage path 

planning. Their two-stage framework combined normal 

vector segmentation, k-means clustering, and greedy 

optimization for viewpoint generation with a hybrid Ant 

Colony Optimization and Differential Evolution 

(DACO-DE) for path planning. The study emphasized 

complete surface coverage, minimizing redundancy, 

reducing path length, collision avoidance, smoothness in 

flight trajectories, and energy efficiency [13].  

Moreover, Liu et al. developed a drone-based 

construction site refinement inspection method 

integrating BIM and 3D reconstruction. Waypoints were 

selected using an improved Artificial Potential Field 

combined with a greedy algorithm, while global path 

optimization relied on A* and Simulated Annealing. 

Their method considered obstacle avoidance, low-

altitude flight safety, efficient waypoint distribution, 

image coverage, and energy consumption reduction [14]. 

Freimuth and König explored drones for construction 

inspection and structural health monitoring (SHM) 

within a BIM-integrated workflow. They generated 

collision-free flight paths using a discretized graph from 

BIM data and validated navigation strategies with 

Software-In-The-Loop simulation. The framework 

considered collision avoidance, battery usage, weather 

and lighting effects, camera parameters, and overall 

safety of autonomous drone operations [15]. 

For monitoring, Huang and Hammad focused on 

unmanned aerial vehicle-based automated video 

collection of dynamic construction activities to support 

progress and safety monitoring. Path optimization was 

achieved using a Non-Dominated Sorting Genetic 

Algorithm II, while routing relied on the A-star algorithm 

and a random-key genetic algorithm. The approach 

incorporated visual coverage, occlusion avoidance, travel 

time minimization, collision risk management, 

integration with four-dimensional Building Information 

Modeling micro-schedules, and data quality for computer 

vision processes [16]. 

2.2 Drone-Induced Distraction 

Virtual and augmented reality (VR/AR) experiments 

provide immersive, controlled environments that allow 

researchers to safely replicate distractions and measure 

their impact on attention, performance, and situation 

awareness. Jeelani et al. used virtual reality to simulate 

construction sites and assess the impact of drone presence 

on workers’ attention and stress, finding that drones 

distracted workers at distances of 12 and 25 ft but did not 

significantly affect psychological distress [17]. Similarly, 

Albeaino et al. applied VR to examine attentional 

impacts at varying distances, showing that drones at 

greater distances elicited longer and more frequent 

fixations [18].  

In transportation, Barlow et al. used a VR driving 

simulator to show that drones near the roadside distract 

drivers, recommending a minimum 25 ft buffer [19]. A 

VR study by the Oregon Department of Transportation 

found increased glance frequency and unsafe glances (>2 

s) at lateral offsets of 0, 25, and 50 ft [20]. Ryan et al. 

further demonstrated with a simulator using a real vehicle 

seat that drones caused critically long glances in 11% of 

cases [21]. Collectively, these studies confirm that VR 

and simulators are effective tools for assessing drone-
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induced driver distraction.  

3 Method 

The proposed drone navigation method is composed 

of four modules: (1) a 3D cost grid, (2) a local path 

planning module, (3) a traveling points ordering module, 

and (4) a soft cost weight estimation module. The 3D cost 

grid serves as the spatial foundation of the method by 

representing the construction environment in a 

discretized three-dimensional structure. Each grid cell 

encodes two types of information, hard costs and soft 

costs. Hard costs are defined as non-traversable areas 

corresponding to physical obstacles. Soft costs represent 

the distraction risks. Using this grid-based environment 

model, the local path planning module computes feasible 

flight paths between any two traveling points. The 

module evaluates both spatial efficiency and safety by 

integrating geometric distance, obstacle avoidance, and 

distraction risk.  

A weight factor is introduced to balance efficiency 

and safety within the soft-cost function. Higher weights 

place greater emphasis on safety over efficiency. The 

soft-cost weight estimation module determines the 

appropriate weight based on the spatial relationships 

between travel points and distraction areas. These 

computed costs are then passed to the travel point 

ordering module, which identifies the optimal visiting 

sequence to reduce the overall travel cost. Finally, the 

routes between consecutive points are combined to 

generate a complete navigation path that enables the 

drone to visit all target locations efficiently while 

avoiding obstacles and minimizing exposure to high-risk 

distraction zones. 

3.1 3D Cost Grid Module 

The 3D Cost Grid Module provides the spatial 

foundation for the drone navigation method by 

discretizing the construction site into a structured three-

dimensional grid. Each grid cell 𝐺(𝑖, 𝑗, 𝑘)  represents a 

voxel of the environment with dimensions defined by the 

grid resolution 𝑅. Within this grid, environmental objects 

such as workers, cranes, and static structures are 

projected according to their physical boundaries. The 

cost of each cell is composed of two primary components: 

hard cost and soft cost.   

The hard cost defines whether a cell is traversable or 

not. Cells that intersect with physical objects or lie within 

a predefined safety buffer around these objects, are 

marked as non-traversable, ensuring that the drone avoids 

any potential collisions. The hard cost 𝐻(𝑖, 𝑗, 𝑘) can be 

represented as a binary occupancy function as shown in 

Eq. (1). If the cell is occupied or within the safety margin 

of obstacles, it will be marked as infinity. Which means 

it cannot be included in path planning.  

𝐻(𝑖, 𝑗, 𝑘) = {
∞,
0,   

𝑖𝑓 𝑐𝑒𝑙𝑙 𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 
𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                   (1) 

The soft cost represents the distraction potential or 

cognitive safety risk associated with drone proximity to 

human workers. Our previous work showed the drone 

had less impact on construction workers when flying at 

82 ft above the workers [11]. Here, to maintain model 

tractability, distraction risk was represented as a uniform 

soft-cost field below this height threshold. Figure 1 

shows the definition of distraction areas. The worker 

distraction area is modelled as the entire construction 

volume below a height of 82 ft above the highest worker 

position. Any grid cell located inside the distraction areas 

is defined as part of the construction worker distraction 

area.  The soft cost 𝑆(𝑖, 𝑗, 𝑘) is defined as Eq. (2). Based 

on above, the hard cost and the soft cost of the grid cell 

can be formulated as Eq. (3). 

 
Figure 1. Construction worker distraction areas. 

𝑆(𝑖, 𝑗, 𝑘) = {
1  
0,

  
𝑖𝑓 𝑐𝑒𝑙𝑙 𝑖𝑛 𝑑𝑖𝑠𝑡𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝑎𝑟𝑒𝑎

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

(2) 

𝐺(𝑖, 𝑗, 𝑘) = (𝐻(𝑖, 𝑗, 𝑘) + 𝜆 ∗ 𝑆(𝑖, 𝑗, 𝑘)) (3) 

where λ  is a weighting coefficient that controls the 

relative importance of distraction-related soft costs 

compared to the hard occupancy cost, allowing the 

planner to balance between path length efficiency and 

minimizing distraction risks.  

3.2 Local Path Planning Module 

The Local Path Planning Module computes feasible 

flight routes between any two travel points within the 3D 

cost grid. This module employs a greedy search process 

that explores neighbour grid cells to find a continuous 

route minimizing the total accumulated cost. In each 

iteration of the greedy search process, the current grid 

cell considers 26 neighbour directions in three-

dimensional space as potential candidates for the next 

movement step. These neighbour cells represent all 

possible moves along the principal axes, face diagonals, 

and space diagonals. The objective is to reduce the sum 

of motion and gird (hard and soft) costs across all points, 
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which is to reduce the objective function of Eq. (4). In 

short, this module provides a sequence of continuous 3D 

points 𝑃 = {𝑝0, 𝑝1, … , 𝑝𝑛}  based on given pair of two 

traveling points.  

min
𝑝0,…𝑝𝑛

𝐴(𝑃) = ∑ (𝑡𝑑(𝑝𝑘 , 𝑝𝑘+1) + 𝑡𝑔(𝑝𝑘 , 𝑝𝑘+1))𝑛−1
𝑘=0   (4) 

𝑡𝑑(𝑝𝑘 , 𝑝𝑘+1) = √(
Δ𝑥

𝑣ℎ
)

2

+ (
Δ𝑦

𝑣𝑣
)

2

+ (
Δ𝑧

𝑣ℎ
)

2

       (5) 

𝑡𝑔(𝑝𝑘 , 𝑝𝑘+1) = 𝐺(𝑝𝑘+1) × 𝑡𝑑𝑖𝑠𝑡(𝑝𝑘 , 𝑝𝑘+1)      (6) 

where 𝑣ℎ  and 𝑣𝑣  represent the horizontal and vertical 

flying speeds, respectively. 

3.3 Traveling Point Ordering Module 

The Traveling Point Ordering Module determines the 

optimal visiting sequence of all predefined traveling 

points that the drone must travel with a starting point. 

This process is formulated as a Traveling Salesman 

Problem (TSP), the goal is to find the shortest possible 

route that visits all traveling points once and returns to 

the starting position. To construct the TSP cost matrix, 

the pairwise distances between all traveling points are 

calculated using the Local Path Planning Module 

described in the previous section. For each pair of points, 

the local path planner provides not only the feasible route 

but also the total accumulated cost 𝐴(𝑃), which already 

incorporates both the motion cost and the distraction-

related soft cost from Eq. (4). Consequently, the resulting 

distance matrix inherently reflects obstacle avoidance 

and distraction-aware constraints within the environment. 

Once the distance matrix is constructed, a Nearest-

Neighbour heuristic is applied to generate a traveling 

sequence that reduces the overall travel cost. The 

heuristic begins from the starting point and iteratively 

selects the next point that yields the lowest travel cost 

among the remaining unvisited points. This process 

continues until all points are visited, forming a complete 

closed loop that defines the drone’s global navigation 

route. 

The final flight route of the drone is obtained by 

concatenating the locally planned paths between 

consecutive traveling points according to the optimized 

visiting order. This hierarchical approach, which 

integrates local path optimization with global route 

ordering, enables the drone to achieve efficient, collision-

free, and distraction-aware navigation across the 

construction site. 

3.4 Soft Cost Weight Estimation Module 

The Soft Cost Weight Estimation module is designed 

to estimate 𝜆 within the 3D cost grid module for use in 

the local path planning module. The local path planning 

module serves as the core of the proposed method, 

incorporating distraction time as a soft cost term to 

balance path efficiency with distraction avoidance. To 

achieve this, the soft cost weight estimation module 

evaluates all possible spatial relationships between the 

traveling points and the ceiling of the combined 

distraction area. Since the local path planning module 

processes two points at a time, three primary conditions 

are defined: 

1. Both points are above the boundary. 

2. One point is above the boundary while another is 

below it. 

3. Both points are below the boundary. 

 
Figure 2. Both points above the distraction boundary. 

Figure 2 illustrates the first condition, where both 

points are located above the ceiling of the distraction area. 

In this case, the optimal route between points 𝑝1and 𝑝2 is 

a direct straight line. The presence or consideration of the 

distraction area does not affect the path, as the entire 

route remains outside the distraction area. Thus, the value 

of soft cost weight (𝜆) will not affect the path planning in 

such condition. 

  
Figure 3. One point above and another point below the 

distraction boundary. 

Figure 3 presents the second condition, where one 

point is outside and the other is inside the distraction area. 

The red line represents the optimal route without 

considering distraction, while the green line shows the 

optimal route when distraction is taken into account. To 
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enable the proposed method to select the green route, the 

minimum value of 𝜆 can be derived as shown in Eq. (7), 

ensuring that the cost of the red route is higher than that 

of the green route. 

𝜆 >
−𝑝𝑑𝑡(

𝑦𝑝2

𝑦𝑝1+𝑦𝑝2
)+𝑝𝑑𝑡ℎ(

𝑦𝑝2

𝑦𝑝1+𝑦𝑝2
)+

𝑦𝑝2

𝑣𝑣

𝑝𝑑𝑡(
𝑦𝑝2

𝑦𝑝1+𝑦𝑝2
)−(

𝑦𝑝2

𝑣𝑣
)

            (7) 

𝑦𝑝1 = |𝑦1 − 𝑌|, 𝑦𝑝2 = |𝑦2 − 𝑌|                (8) 

𝑝𝑑𝑡ℎ =
√(𝑥1−𝑥2)2+(𝑧1−𝑧2)2

𝑣ℎ
                 (9) 

𝑝𝑑𝑡 = √(
𝑥1−𝑥2

𝑣ℎ
)

2

+ (
𝑦1−𝑦2

𝑣𝑣
)

2

+ (
𝑧1−𝑧2

𝑣ℎ
)

2

     (10) 

where  𝑣ℎ and 𝑣𝑣 represent the horizontal and vertical 

flying speeds, respectively. 𝑥 represents horizontal axis 

and 𝑦 represents vertical axis. 

 
Figure 4. Both points below the distraction boundary. 

 

Figure 4 shows the third condition, where both 

traveling points are located inside the distraction area. 

Similar to the previous case, the red line represents the 

route without considering distraction, and the green line 

represents the distraction-aware route. To ensure that the 

proposed method identifies the green route as optimal, 

the minimum value of 𝜆 can be derived as shown in Eq. 

(11), where the cost of the red route exceeds that of the 

green route.  

𝜆 >
𝑝𝑑𝑡ℎ−𝑝𝑑𝑡+𝑦𝑝1+𝑦𝑝2

𝑝𝑑𝑡−𝑦𝑝1−𝑦𝑝2
, 𝑝𝑑𝑡 − 𝑦𝑝1 − 𝑦𝑝2 > 0    (11) 

Since multiple spatial relationships may occur among 

the same set of traveling points, the final estimation of 𝜆 

is determined as the maximum value calculated from all 

point pairs using Eq. (7) and Eq. (11). In other words, 𝜆 

is selected as the largest value among all possible two-

point combinations within the set of traveling points, 

since each of the three equations gives the smallest 𝜆 for 

its respective pair. 

4 Preliminary Results and Discussion 

The proposed drone path-planning method was 

implemented and evaluated in a three-dimensional 

physics-based simulator developed in Unity. The 

simulator represents a virtual construction environment 

containing static structures, a tower crane, and a human 

worker, enabling controlled evaluation of both physical 

feasibility and distraction-related effects. The drone was 

programmed to visit predefined waypoints representing 

inspection or monitoring targets, with a complete flight 

route computed for each experiment. The horizontal and 

vertical flight speeds were set to 4.5 mph and 2.25 mph, 

respectively, to reflect realistic manoeuvring constraints. 

The 3D cost grid resolution (𝑅) was set to 3.28 ft (1 m), 

with safety thresholds adjusted accordingly. The worker 

distraction height threshold was defined as 82 ft plus one 

grid cell, and the hard-cost collision margin was set to 

one grid cell, ensuring accurate representation of soft and 

hard constraints. 

Based on the three conditions defined in the Soft Cost 

Weight Estimation Module, three experiments were 

designed to evaluate the proposed method. An additional 

extreme condition was included when Eq. (11) is invalid 

(i.e. 𝑝𝑑𝑡 − 𝑦𝑝1 − 𝑦𝑝2 ≤) to assess the robustness of the 

approach. In total, four experimental scenarios (Scenes 

A–D) were evaluated. All scenarios share the same 

starting location and six traveling points, while differing 

only in the vertical positions of the points, resulting in 

varying exposure to worker distraction areas. 

• Scene A places all traveling points above the 

distraction boundary at a height of 144.36 ft (44 m). 

• Scene B positions half of the traveling points under 

the distraction boundary at 128 ft (39 m), while the 

remaining half are above it at 95.14 ft (29 m). 

• Scene C places all traveling points under the 

distraction boundary at a uniform height of 88.58 ft 

(27 m). 

• Scene D is similar to Scene C but uses an even 

lower height of 75.46 ft (23 m). 

As shown in Figure 5, the traveling points in Scenes 

A to D share identical horizontal coordinates but differ in 

elevation, resulting in varying exposure to the worker 

distraction area. The green marker denotes the common 

starting point, and the black horizontal line indicates the 

distraction boundary at 111.55 ft (34 m). The method was 

evaluated under two configurations: one considering both 

flight time and distraction-related soft costs (λ > 0), and 

one considering flight time only (𝜆 = 0). Performance 

was assessed using two metrics: total completion time 

and time spent within the worker distraction area 

(distraction time). 
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Figure 5. The top view (upper) and the side view 

(lower) of Scene A and Scene B.   

The quantitative results are summarized in Table 1. 

When the distraction-aware soft cost was included (With 

Soft Cost), the drone exhibited a tendency to take longer 

completion time, as indicated by increases in total flight 

time. However, this behaviour substantially reduced the 

time spent in distraction area of the construction worker.  

Table 1. Comparison of path-planning performance with 

and without soft cost in Scene A and B. 

𝜆 
Scene 

Completion 

time (sec.) 

Distraction 

time (sec.) 

0 A 158 61 

6.4 A 163 55 

0 B 166 86 

23.4 B 195 69 

0 C 127 127 

14 C 190 96 

0 D 120 120 

20 D 120 120 

 

In Scene A, the total completion time increased by 5 

seconds (3.2%), yet the distraction time decreased by 6 

seconds (9.8%), with 𝜆 = 6.4. Figure 6 illustrates the 

route differences between two algorithm configurations 

in Scene A. From Figure 6 to Figure 9, the red line 

represents the route generated by the method without 

considering distraction, while the green line shows the 

route generated by the method with distraction awareness. 

As shown in the lower-left part of the figure, the main 

difference is that the green route ascends vertically when 

the drone inside the distraction area. This behaviour helps 

reduced the duration that the drone remains within the 

distraction area, thereby reducing potential exposure to 

the worker. 

 
Figure 6. Visualization of planned drone paths with 

(green) and without (red) soft cost consideration in 

Scene A. (Yellow line is two lines overlapping) 

In Scene B, although the completion time increased 

by 29 seconds (17.5%), the time spent in the distraction 

area was reduced by 17 seconds (9.8%), with 𝜆 = 23.4. 

Figure 7 illustrates the route differences between two 

configurations in Scene B. Similar to Scene A, the lower-

left portion of the figure shows that the distraction-aware 

method plans a route that moves vertically within the 

distraction area to reduce the drone’s distraction time. In 

addition, the upper-right, lower-right, and middle-left 

sections demonstrate that the green route remains above 

the distraction zone until reaching the vertical position 

directly above a target point located within the distraction 

area. The drone then descends straight down to reach the 

point and ascends vertically afterward to continue to the 

next destination. This behaviour represents the optimal 

strategy for reducing the drone’s total distraction 

exposure time. 

 
Figure 7. Visualization of planned drone paths with 

(green) and without (red) soft cost consideration in 

Scene B. (Yellow line is two lines overlapping) 

In Scene C, the completion time increased by 63 

seconds (49.6%), while the distraction time decreased by 

31 seconds (24.4%), with 𝜆 = 14. Figure 8 illustrates the 

route differences between the two configurations in 

Scene C, showing two major distinctions similar to those 
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in Scene B. First, the lower-left portion of the figure 

shows that the green route moves vertically within the 

distraction area, unlike the red route. Second, all the 

traveling points in Scene C are inside the distraction area. 

Thus, the green route directs the drone to hover directly 

above each target point, descend straight down to reach 

it, and then ascend vertically back to the distraction-free 

area. These behaviours demonstrate the effectiveness of 

the proposed method in finding an optimal route that 

reduces distraction time while maintaining the shortest 

possible completion time under the given objective. 

 

Figure 8. Visualization of planned drone paths with 

(green) and without (red) soft cost consideration in 

Scene C. (Yellow line is two lines overlapping) 

In Scene D, the path length, completion time, and 

distraction time were identical across both configurations 

of the proposed method. Since Eq. (11) was invalid in 

Scene D, there is no meaningful value of 𝜆  that 

influences or alters the path planning outcome. Here, 𝜆 

was set as 20 for demonstration. As shown in Figure 9, 

the green and red routes completely overlap, appearing 

as a single yellow line. This outcome occurs because all 

target points are positioned at low elevations, making it 

inefficient for the drone to ascend to the distraction-free 

area above each point and descend again. Such 

unnecessary vertical movements would increase overall 

distraction time rather than reduce it, resulting in 

identical optimal routes for both configurations. 

 

Figure 9. Visualization of planned drone paths with 

(green) and without (red) soft cost consideration in 

Scene D. (Yellow line is two lines overlapping) 

5 Conclusion and Future Work 

This study proposed a distraction-aware drone path 

planning framework with four core modules. The first 

module is a three-dimensional cost grid that represents 

hard obstacles and distraction-related soft costs. The 

second module is a local path planning module that 

computes paths between travel points while considering 

both motion cost and distraction cost. The third module 

is a traveling point ordering module that determines the 

visiting sequence using a Traveling Salesman Problem 

formulation. The fourth module is a soft cost weight 

estimation module that determines appropriate weighting 

parameters based on the spatial relationships between 

travel points and distraction boundaries.  

Simulation-based evaluations were conducted in a 

Unity-based virtual construction environment, which 

provides preliminary validation in controlled settings 

with a static layout and a single worker. The results 

indicate that incorporating distraction-related soft costs 

can reduce the time drones spend within worker 

distraction areas. Across multiple scenarios, the 

distraction-aware planning strategy led to moderate 

increases in total completion time but measurable 

reductions in distraction exposure. These findings 

highlight the trade-off between operational efficiency 

and cognitive safety and suggest that the proposed 

method can generate feasible flight strategies that reduce 

worker exposure to distracting drone activity. 

In this preliminary study, there are several limitations. 

For example, a Greedy search strategy was adopted as a 

lightweight local planner to demonstrate the integration 

of distraction-related soft costs into drone path planning, 

with emphasis placed on the distraction-aware cost 

formulation rather than on benchmarking search 

algorithms. To enable controlled evaluation in the Unity-

based simulation environment, the worker was modeled 

as a static agent. Moreover, time spent within the 

distraction area was used as an initial proxy for worker 

exposure to drone-induced distraction, although this 

metric does not fully capture broader safety constructs 

such as situational awareness, hazard recognition, or 

proximity-based risk.  

Future work will compare the proposed framework 

with more established planners such as A* and Dijkstra, 

incorporate dynamic worker behavior and more realistic 

site conditions, and validate the approach through field 

experiments and real construction site deployments, 

involving multiple workers, moving equipment, and 

dynamically changing site conditions. In addition, the 

distraction-cost model will be refined using graded or 

dynamic functions that account for drone distance, 

motion characteristics, visibility, and task context. 

Broader safety indicators will also be integrated. 
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