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Abstract: Investigating the path planning of multiple unmanned aerial vehicles (UAVs) covering 
multiple regions, this work proposes an effective heuristic method of region coverage path planning 
to reduce the complexity of the problem. The proposed method decomposes the solution process 
into two stages. First of all, the two most important parameters affecting the performance of UAV 
missions were considered, namely, the flying speed and the scan width. According to these two 
parameters of UAVs, a new multi-regional allocation scheme based on the minimum consumption 
ratio was proposed. With this allocation scheme, the coverage task allocation and path pre-planning 
of UAVs were obtained. Then, the UAVs’ trajectory routes were optimized based on the dynamic 
planning algorithm to reduce the time consumption of UAVs on the transfer path between regions. 
The method was evaluated with numerical experiments. The results showed that the proposed 
method can effectively solve the path planning problem of multiple UAVs covering multiple re-
gions. Compared with an advanced algorithm, the time consumption for homogeneous and heter-
ogenous UAV performance was reduced by 5.1% and 3%, respectively. 
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1. Introduction 
With the improvement and development of unmanned aerial vehicle (UAV) technol-

ogy, UAVs have become widely used in a growing number of scenarios. Due to their ad-
vantages of having a low cost, small size and low risk, UAVs have an irreplaceable role in 
both military [1] and civilian [2,3] applications. However, the requirements of many prac-
tical applications are beyond the capability of a single UAV due to the limitations of en-
durance, communication bandwidth and sensing range. Compared with the single UAV, 
the multi-UAV system has high concurrency and robustness. The collaboration of multi-
ple UAVs can achieve higher efficiency [4]. Coverage path planning (CPP) is one of the 
key research fields in multi-UAV application, which is significant in the application of 
UAVs. The mobile target coverage is suitable for mobile military unit tracking or monitor 
sensor tracking, which was well researched by Huang et al. [5]. In comparison, the sta-
tionary multi-regional coverage is more suitable for regional observations or reconnais-
sance, such as in battlefield reconnaissance, disaster rescue, civil exploration, agriculture 
and mapping [6], particularly for spraying pesticides in farms [7] or monitoring forest 
fires [8]. Therefore, the research on CPP for UAVs is significant for broadening the appli-
cation of UAVs and bringing more benefits in many fields. 

In stationary multi-regional coverage, the specific requirements and constraints vary 
case by case. For example, in the application of pesticides, the UAV is required to fly 
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within the farm region so that the pesticides will not pollute other lands [9]. UAVs are 
also constrained by endurance depending on the batteries or fuel carried [10]. In this sit-
uation, the minimum distance is normally the optimizing target. 

In this study, the minimum consumption time was the target for optimization. Rea-
sonably allocating regions to each UAV was the key to the optimization. Since hetero-
genous UAVs have different flying speeds, the minimum time cannot be deduced directly 
from minimum distance. To achieve the minimum time, an efficient heuristic based on the 
minimum consumption ratio (MCR) was proposed. Based on the UAVs’ flying speed and 
scan width, the CPP model was established, and an exact formulation based on mixed-
integer linear programming was given. Consequently, a region allocation method based 
on the MCR was developed. Then, the transfer path of each UAV was reconstructed by 
combining with a dynamic programming algorithm. According to the proposed model 
and method, different algorithms, different numbers of drones and different numbers of 
regions were set up for numerically experimental verification. The comparison results 
showed the proposed method in this study had obvious improvement of CPP. The main 
contribution of this study is the utilization of the MCR to allocate the regions to UAVs 
more reasonably. Additionally, applying dynamic programming reconstructed the CPP 
and achieved a shorter consumption time. These contributions enriched the theoretical 
basis of this field and provided more opportunities for UAV application. 

2. Related Works 
CPP can include either a single region or multiple regions. A large number of studies 

on regional CPP can be found for single-region CPP, as shown in Figure 1a. Random cov-
erage [11], roundabout coverage [12] and spiral coverage [13] as well as certain plane-
filling curves, such as the Peano curve and Moore curve [14], were commonly used in the 
full coverage of a single region. The popular algorithm in single-region path planning 
included genetic algorithm [15,16], biased random key genetic algorithm [17], two-tie 
search algorithm [18], the interlaced back-and-forth pattern [19], grid-based algorithm to 
reduce/minimize energy consumption [20,21], machine learning to maximize efficiency 
[22], ant colony optimization (ACO) algorithm [23], etc. Some algorithms were also 
adapted to path planning of multi-UAV for a single region. For example, grid cells were 
used to discretize the detecting region, dividing it into subdomains, and transforming the 
problem into a single UAV problem [24]. The neural network approach was also applied 
to multi-robot CPP where the robots were treated as moving obstacles in each other [25]. 
The method on robots CPP is also adaptive to 2D CPP for UAVs [26]. 

 
Figure 1. Coverage path planning: (a) single region; (b) multiple regions for single UAV; (c) multiple 
regions for multiple UAVs. 

As for single UAV coverage path planning for multiple regions in Figure 1b, the prob-
lem can be regarded as a traveling salesman problem (TSP). The TSP has been well re-
searched and many accurate solution methods are available, including the classical heu-
ristic solution method, the intelligent optimization method [27,28] and memory-enhanced 
dueling deep Q network [29]. Therefore, research in this field will not be discussed here. 

In comparison, CPP of multiple regions for multiple UAV collaboration shown in 
Figure 1c was lacking research interest. This problem is an NP-hard problem [30]. The 
difficulty of solving it explodes as the number increases. Therefore, the problem was nor-
mally solved by two steps: region allocation and path planning. The heuristic solution is 
the key to solving the coverage of multi-UAVs cooperative region. When neglecting the 
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path planning within regions, the regions can be treated as points and the linear-program-
ming-based formulation can achieve the basic region allocation. Then, the ACO can be 
applied to seek the optimal path for each UAV to cover these regions [31]. The ACO was 
also successfully applied to solve the CPP problem of 3D urban environments including 
avoiding obstacles [32]. A heuristic solution method based on the high effective time rate 
first (HETRF) was proposed [33]. The results showed significant improvement when com-
pared with the results from large-region-first scheduling, short-distance-first scheduling 
and the highest-effective-time-ratio-first method [33]. In the HETRF algorithm, the time 
spent scanning regions was defined as effective time. Therefore, the effective time ratio, 
which was defined as the ratio of effective time to the total time, was the target of optimi-
zation. This research was extended as further consideration of energy constraint in the 
CPP [34]. Similarly, a balanced effective task rate (BETR) algorithm was proposed to bal-
ance the working time spent in large regions and small regions [35]. In BETR, the large 
regions were given priority. Then, a variational ACO was applied to adjust the travel or-
ders. Another study implemented mixed-integer linear programming formulations to de-
termine a route for each vehicle with a minimum total cost, and this method was transfer-
able for the CPP problem of UAVs [36]. A clustering-based algorithm was proposed to 
classify regions into clusters to minimize the finishing time after the flight path allocation 
by the mixed-integer linear programming [37]. To accurately calculate the route time 
spent for each UAV, the turning time during the UAV changing path was also considered 
by Li et al.’s work [38]. 

3. Problem Formulation 
As discussed above, the CPP problem can be treated as an NP-hard problem. This 

problem has also been described in previous research [22,23]. Based on these descriptions, 
this study aims to optimize the time consumption of finishing tasks. The multi-region cov-
erage problem can be described as follows. UAVs carrying cameras scan all the regions. 
The finishing time is the last UAV finishing the last region. For a set of UAVs with differ-
ent speeds and scan camera performances, 𝑈 = {𝑈ଵ, 𝑈ଶ, … , 𝑈}, where 𝑛 is the number of 
UAVs, and the 𝑚 regions that need to be covered are 𝑅 = {𝑅ଵ, 𝑅ଶ, … , 𝑅}. The corre-
sponding regions’ areas are 𝐴 = {𝑎ଵ, 𝑎ଶ, … , 𝑎}. The distance between regions cannot be 
ignored due to large distance between 𝑅 and 𝑅. The distance between any two regions 
is expressed by 𝑑. All drones take off from the base site to cover the target regions, giv-
ing the shortest time for completing the task of covering all target regions. 

Some assumptions were made in this study. (1) As shown in Figure 2, the overall 
region was a 2D plane and there were no obstacles in the 2D plane. (2) The detailed path 
planning in every single target region was not specified. The path for scanning in every 
single path started from the center and went through the divided grids generated by the 
spanning trees without repetition. (3) The entry point and exit point were assumed to be 
the center of the target region. (4) The endurance of UAVs was assumed to meet the re-
quirements of each path. 
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Figure 2. The problem description of multi-regional CPP for multiple UAVs. 

The flight speed of the UAVs and the performance of the scan camera are the two 
main parameters influencing the time it takes to finish the mission. The performance of 
UAV 𝑖 was set as 𝑈 = [𝑣, 𝑤], where 𝑣 and 𝑤 are the speed and scan width of UAV 𝑖. The scan width 𝑤 shown in Figure 3 can be found in 

𝑤 = 𝑤ଵ = 2ℎ𝑡𝑎𝑛 𝛽2sin (𝛼 െ 𝜃 + 𝛾) (1)

where ℎ is the height of the UAV from the ground, 𝛼 is the mounting angle of the UAV 
imaging sensor, 𝛽 is the rear horizontal field of view angle (rear horizontal angle of view) 
and 𝛿 is the front horizontal angle of view, 𝛾 is the vertical field of view angle (vertical 
field of view) of the UAV imaging sensor, 𝜃 is the elevation angle of the UAV, 𝑤ଵ is the 
rear width of the scan area and 𝑤ଶ is the front width of the UAV scanning area. To sim-
plify the problem, ℎ, 𝛼, 𝛽, 𝛿, 𝛾 and 𝜃 were assumed constant and scan width 𝑤 is set to a 
fixed value. For the UAV performing the coverage task, the efficiency of the full coverage 
mission is affected by the scanning width of the UAV, 𝑤, which was defined as the scan-
ning capability of the UAV. 

 
Figure 3. The scan width of UAVs. 

Define 𝑥  and 𝑥 as 𝑥 = ൜1, 𝑈 𝑓𝑙𝑦 𝑓𝑟𝑜𝑚 𝑅 𝑡𝑜 𝑅0, 𝑜𝑡ℎ𝑒𝑟𝑠  (2)
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𝑥 = ൜1, 𝑈 𝑐𝑜𝑣𝑒𝑟𝑒𝑑 𝑅0, 𝑜𝑡ℎ𝑒𝑟𝑠  (3)

The objective function can be defined as minଵஸஸ ቊ𝑚𝑎𝑥 ቄ∑ ∑ ௗೕ௩ೖ 𝑥 + ೕ௩ೖ௪ೖୀଵୀ 𝑥ቅቋ  (4)

subject to 

  𝑥
ୀଵ


ୀଵ = 𝑛 (5)

∑ ∑ 𝑥ୀଵୀଵ = 1, 𝑖 = 1,2, … , 𝑚  (6)∑ ∑ 𝑥ୀଵୀ = 1, 𝑗 = 1,2, … , 𝑚  (7)∑ 𝑥ୀଵ = 1, 𝑗 = 1,2, … , 𝑚  (8)

where 𝑑 is the distance between 𝑅 and 𝑅. Equation (5) ensures that the number of 
UAVs taking off from the base is 𝑛. Equations (6)–(8) ensure that each region will be vis-
ited once. 

4. Methodology 
4.1. Minimum Consumption Ratio for Coverage Path Planning 

According to the characteristics of this problem, the solution included two stages. 
First, the region allocation was conducted according to the UAV performance, mission 
area and transfer distance between regions. Then, the transfer path of each UAV was op-
timized to realize the coordinated coverage of all regions. For solution convenience, in this 
paper, the distance between the regions is represented by the linear distance at the center 
of the region, which is the distance equivalent to the transfer path between the regions. 

The performance of the drone partly determined how many tasks it is assigned. The 
UAV will preferentially select close and large areas for coverage to enable the UAV to 
complete the coverage task as soon as possible. However, in practical situations, the large 
areas may not be close. Therefore, this paper proposed a region distribution method to 
balance both the flying distance and the target area. 

The conception of effective time was also implemented in this study. The UAV on 
the coverage path when covering the target area was defined as effective time consump-
tion. In this paper, the specific coverage path in one region is not discussed in depth. When 
covering a region, each UAV started from the region center and went through the divided 
grids generated by the spanning trees without repetition. The UAV returned to the region 
center after completing the separate region coverage. Therefore, the consumed time in 
separating regions can be expressed as 

ೕ௩ೖ௪ೖ. The traveling time between regions was de-

fined as ineffective time consumption and can be calculated by 
ௗೕ௩ೖ . Therefore, the aim of 

region allocation became seeking a coverage method to make ineffective consumption as 
small as possible. The ratio of the ineffective consumption to effective consumption was 
used to quantify the ineffective consumption in the overall mission. For all unvisited re-
gions, the UAV preferentially selected the region quantified by a minimum consumption 
ratio (MCR) to cover. 

Additionally, to avoid the problem of large difference in the coverage time of each 
UAV caused by the larger region, the larger region is given priority, so the region selection 
coefficient is introduced as 

𝑞 = 𝐴𝑎  𝑗 = 1,2, … , 𝑚; (0 < 1𝑞 < 1 𝑎𝑛𝑑  1𝑞


ୀଵ = 1) (9)
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Then, the MCR for 𝑅 to UAV in 𝑅 was 𝑀𝐶𝑅 = 𝑞 × 𝑑𝑣 ÷ 𝑎𝑣𝑤 = 𝐴𝑑𝑤𝑎ଶ  (10)

In this regional CPP problem, the longest UAV mission time cost was the total time 
for all UAVs to complete the coverage task. When assigning tasks to the drone, the time 
cost of each drone should be as close to equal as possible. After assigning the first area to 
each drone, the drone which completed the current coverage task had the priority to the 
next area. Areas were alternately assigned to each UAV according to the MCR principle 
until all area allocation was completed. The MCR algorithm is shown below. 

Through Algorithm 1, the UAV achieved the reasonable allocation of full coverage 
tasks in irregular target areas. It provided support for the UAV to complete the coverage 
task in the shortest time. 

Algorithm 1 Minimum Consumption Ratio Algorithm 
Input: UAV set: 𝑈 = {𝑈ଵ, 𝑈ଶ, … , 𝑈}; Target Regions set: 𝑅 = {𝑅ଵ, 𝑅ଶ, … , 𝑅}. 
Output: Set of mission areas for each UAV 
1 Number the UAVs according to the coverage capability from small to large 
2 Initialize region accessible variable 𝑣[𝑚] ← 1 
3 Initialize the number of regions variable 𝑘 = 0 
4 While 𝑏 < 𝑚  𝑑𝑜 
5    𝑈 ← the first drone completes covering the current mission area 
6    𝑓𝑜𝑟 𝑖 = 1 𝑡𝑜 𝑚 𝑑𝑜  
7      𝑖𝑓 (𝑣[𝑚] ≠ 0)   𝑡ℎ𝑒𝑛  
8          Calculate the MCR of the corresponding node 𝑟 for 𝑈 
9    𝑒𝑛𝑑 𝑖𝑓  
10    𝑒𝑛𝑑 𝑓𝑜𝑟  
11 Select the region with an MCR and labeled as 𝑟 
12 𝑣[𝑗] ← 0 
13 𝑏 ← 𝑏 + 1 
15 𝑒𝑛𝑑 𝑤ℎ𝑖𝑙𝑒 

4.2. Coverage Path Replanning by Dynamic Planning 
On the basis of the first stage, it is necessary to minimize the consumption of the UAV 

on the flight path to further improve the time efficiency. The path optimization can be 
treated as traversing all the scattered target regions without returning to the starting point. 
To address this problem, a method of dynamic planning was applied. 

Set all vertices as 𝑉. With some vertices 𝑉’, 𝐷(𝑥, 𝑉’) represented the shortest distance 
from the starting point 𝑠, passing all target points in 𝑉’ once and arriving at 𝑥. The distance 
from point 𝑥 to y was represented by 𝐶௫→௬. In the initial state, the minimum flying dis-
tance starting from point 𝑠 without passing any other vertices is zero. Namely, the initial 
state equation can be expressed as 𝐷(𝑠, {𝑠})  =  0 (11)

If the drone arrived at point q and the next point was z, then the distance from 𝑠 to 
point z can be represented by 𝐷(𝑞, 𝑉ᇱ) + 𝐶→௭ . The state transfer equation can be ex-
pressed as 𝐷(𝑧, 𝑉ᇱ + 𝑧) = min {𝐷(𝑞, 𝑉ᇱ) + 𝐶→௭}, 𝑞 ∈ 𝑉′ (12)

The objective function 𝑀𝑖𝑛𝑙𝑒𝑛 for solving the shortest distance can be obtained as 
Equation (13). 
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𝑀𝑖𝑛𝑙𝑒𝑛 = min {𝐷(𝑥, 𝑉)}, 𝑥 ∈ 𝑉 (13)

The flow chart of the dynamic planning algorithm is shown in Figure 4. The algo-
rithm obtained the traversal order and the shortest distance length on the transfer path. 

 
Figure 4. Flow chart of the path replanning algorithm. 

5. Numerical Experiments 
Numerical experiments on full-coverage CPP of multi-UAV and multi-region based 

on MCR task allocation algorithm was conducted. 
The configuration for computing numerical experiments was Intel(R) Core(TM) i5-

9300M CPU 2.40GHz with 16GB of system memory. The code was written in C++. 
Experimental scenarios were designed as multiple convex polygons which were ran-

domly generated in a 2D plane region. Firstly, to verify the effectiveness of the proposed 
MCR task assignment algorithm, 𝑁𝑅 = 18 polygonal regions were randomly generated, 
with all regions distributed in the range of 15 km by 15 km in the 2D map. The coordinates 
of the corresponding vertices are shown in Table 1 and the distance between each region 
or base is shown in Appendix A. 

Table 1. The coordinates of the corresponding vertices. 

No. Edge Number Vertex Coordinate Distribution (Counterclockwise) 
1 4 (451,2924), (1370,2608), (2172,4206), (651,3428) 
2 4 (700,6210), (1208,3942), (2534,5769), (1315,7152) 
3 4 (829,10023), (1226,8231), (2510,10965), (1326,11237) 
4 4 (978,12231), (2123,12143), (3205,12751), (1890,13917) 
5 4 (2205,7910), (3802,7008), (4621,8164), (3386,8481) 
6 4 (3134,1465), (5182,1067), (5308,2819), (3641,2613) 
7 3 (3602,5501), (4484,4017), (5036,5107) 
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8 4 (4120,10120), (5429,10231), (5083,12140), (4374,11863) 
9 4 (6225,973), (8723,1004), (7128,3125), (6421,3280) 

10 4 (6524,8771), (7840,7425), (8361,9310), (6715,9743) 
11 4 (7214,12900), (8635,11883), (9054,12710), (8414,14008) 
12 5 (8524,7035), (9136,5802), (11100,6359), (10586,8169), (10023,8263) 
13 5 (9405,3882), (10224,2411), (11243,3101), (10983,4251), (9815,4180) 
14 4 (9930,11196), (10854,9853), (12034,9936), (12034,9936) 
15 4 (11804,12421), (13237,12401), (12059,13891), (10926 13452) 
16 4 (11708,1206), (13214,1345), (13094,2917), (12181 2458) 
17 4 (13180,4424), (13309,3767), (14928,4105), (14841,5606) 
18 5 (13142,8175), (13203,6908), (14181,6721), (14900,6927), (14726,7801)

Distributions of the regions are shown in Figure 5. The areas of the regions were dif-
ferent to verify the effectiveness of the algorithm. The Shoelace Algorithm was applied to 
find the areas of these polygon regions. The smallest area was region 7 with 0.89 km2 and 
the largest area was region 12 with 3.96 km2. 

 
Figure 5. Distribution of the regions. 

Three UAVs were used to perform the coverage task. The parameters of the common 
fixed-wing UAV on the market were found in the related literature [39]. Two sets of UAV 
parameters were set separately in this study. The performance parameters for homogene-
ous UAV and heterogeneous UAV are shown in Table 2. Numerical experiments were 
performed separately for both homogeneous and heterogeneous UAVs in 18 regions. 

Table 2. The performance parameters for homogeneous and heterogeneous UAV. 

 No. 𝒗 (m/s) 𝒘 (m) 

Homogeneous UAV 
UAV1 25 100 
UAV2 25 100 
UAV3 25 100 

Heterogeneous UAV 
UAV4 20 100 
UAV 5 25 90 
UAV 6 30 110 
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6. Results and Discussion 
The results were compared with three other task allocation algorithms in the same 

scenario: shortest distance first (SDF), largest area first (LAF) and high effective time rate 
first (HETRF). SDF assigns the closest area to the UAV each time. LAF allocates the largest 
area to the UAV each time. HETRF is a new heuristic algorithm to balance the effective 
time. By analyzing the data results of the MCR assignment algorithm and other task as-
signment algorithms in detail, the effectiveness, equilibrium and robustness of the pro-
posed MCR assignment algorithm were verified. 

6.1. Homogeneous UAVs 
The CPP of homogeneous UAVs for four algorithms are shown in Figure 6 and the 

consumed time is shown in Figure 7. The results of the four algorithms for homogeneous 
UAVs show significant differences. The three UAV paths assigned by the SDF algorithm 
have no crossover. However, since the SDF algorithm did not consider the size of the re-
gion, the consumed time is restricted by UAV2, which is 109.07 min, ranking the third 
longest time of the four algorithms. The three UAV paths assigned by the LAF algorithm 
produce numbers of intersections. The transfer distance is the largest among the four al-
gorithms, and the completion of the task coverage time is 121 min, which is also the long-
est among the four algorithms. Results by the HETRF are similar to the SDF. However, 
the regions allocated by UAV1 and UAV2 are not reasonable. This results in a large trans-
fer distance between the regions, particularly the time consumption of UAV2 transfer be-
tween regions 7 and 11. Under the MCR allocation algorithm proposed in this study, the 
three UAV paths do not have any intersection. The mission area and distribution for the 
UAVs are more reasonable. The time cost for the mission is 103.3, ranking in first place, 
which is 5.3 min shorter than the HETRF of the second rank. 

From the perspective of time consumption, the maximum time costs of SDF, LAF, 
HETRF and MCR are 109.07 min, 121 min, 108.6 min and 103.03 min, respectively. Com-
pared with the algorithms of SDF, LAF and HETRF, the time consumption for the MCR 
algorithm is reduced by 5.5%, 14.9% and 5.1%, respectively. The overall variances of the 
four assignments method are 38.99, 16.17, 19.73 and 1.24, respectively. 
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Figure 6. The CPP of homogeneous UAVs for four algorithms: (a) SDF, (b) LAF, (c) HETRF, (d) 
MCR. 

 
Figure 7. The consumed time of homogeneous UAVs for four algorithms. 

6.2. Heterogeneous UAVs 
The CPP of heterogeneous UAVs for the four algorithms is shown in Figure 8 and 

the consumed time is shown in Figure 9. The results of the four algorithms for heteroge-
neous UAVs also show significant differences. The three UAV paths assigned by the SDF 
algorithm produce fewer intersections, but the UAV performance and regional area size 
are not considered. UAV4 has the weakest performance, but under this assignment, it 
takes 108.97 min to complete the coverage task, much longer than UAV5 and UAV6. For 
the LAF algorithm, the three UAV paths still have many intersections. The transfer dis-
tance is the largest among the four algorithms, and the time consumption of the coverage 
task is 125.13 min, which is the largest among the four algorithms. In HETRF, UAV5 is 
assigned more areas, resulting in a longer time to complete the coverage task. The transfer 
path for UAV6 between region 8 and 18 is unreasonably long, resulting in a significant 
amount of ineffective time. The three UAV paths assigned by the MCR algorithm do not 
have any crossover. Either region allocation or coverage sequence is more reasonable. The 
completion time is the shortest. 

The maximum time costs of the SDF, LAF, HETRF and MCR algorithms are 108.97 
min, 125.13 min, 107.63 min and 104.29 min, respectively. Compared with the SDF, LAF 
and HETRF algorithms, the time consumption of the MCR algorithm is reduced by 4.3%, 
16.7% and 3%, respectively. The overall variances of the four allocation results are 19.24, 
11.21, 7.76 and 1.8, respectively. 
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Figure 8. The CPP of heterogeneous UAVs for four algorithms: (a) SDF, (b) LAF, (c) HETRF, (d) 
MCR. 

 
Figure 9. The consumed time of heterogeneous UAVs for four algorithms. 

In general, when using the MCR algorithm, the maximum time consumption is the 
shortest. The time cost for three UAVs has the smallest overall variance and the minimum 
time consumption differences of the three drones, proving the assigned tasks are well bal-
anced. It shows that the MCR allocation algorithm has better performance for both homo-
geneous and heterogeneous UAVs. 
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6.3. Effect of the UAV Number and Region Number 
The total number of UAVs is one of the key factors influencing the outcome of full-

coverage task assignment when the conditions of the regions are determined. Therefore, 
two, three, four, five, six, seven and eight UAVs were used in this 18-region experimental 
scenario to explore the impact of the number of UAVs on the allocation results. Homoge-
neous UAV parameters were used in this numerical experiment to avoid the impact of 
UAV parameters on the allocation results. The time consumption for each algorithm is 
shown in Figure 10. The results demonstrate that the MCR algorithm gives shortest time 
consumption in all cases. 

 
Figure 10. Time consumption changes with the number of drones. 

When the number of drones is constant, the number of regions is also one of the fac-
tors affecting the results of the algorithm. To further validate the performance of the MCR 
task assignment algorithm, more sets of data were randomly generated for testing the 
effect of region number. The number of regions varied from 8 to 24 and the same homo-
geneous UAV parameters were used. The maximum UAV time consumptions of the four 
algorithms under each group of regions was recorded, as shown in Figure 11. The results 
indicate that the MCR algorithm obtains the shortest time in all cases, although HETRF 
has close performance in 8, 10 and 14 regions. 

 
Figure 11. Time consumption changes with the number of regions. 

It is worth noting that although the endurance is assumed to meet the requirement, 
the endurance in reality restricts the total number of the task regions. The endurance of 
UAVs in this work referenced the HC series of Honeycomb whose endurance is normally 
3–8 h. This means, with the increasing of the area and number of regions, UAVs do not 
have enough fuel or battery capacity to finish the task. However, with some ground trans-
portation, the UAVs can land on the ground vehicle to refuel or recharge, and the vehicles 
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can take UAVs to the next task region [40,41]. This could be a solution to enhance the 
application of the method proposed in this study. 

7. Conclusions 
This paper decomposed the multi-UAV coverage multi-region problem into two 

stages: multi-UAV region allocation and path replanning. In the first stage, the area with 
priority selection and minimum consumption ratio achieved the relatively equal task pre-
allocation for each UAV. The second stage of path replanning was to replan the path of 
the UAV traversal of each region in the first stage, which improved the coverage efficiency 
of the UAVs. The MCR-based method for the multi-UAV coverage multi-region problem 
was verified to be effective using numerical experiments. Even compared with the HETRF 
algorithm, which was also an advanced CPP algorithm, the time consumption was re-
duced by 5.1% and 3% for homogeneous and heterogenous UAV performance, respec-
tively. The improvement was also obvious when changing the number of UAVs and re-
gions. 
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Nomenclature 𝐴 = {𝑎ଵ, 𝑎ଶ, … , 𝑎} corresponding regions areas 𝐶௫→௬ distance from point 𝑥 to 𝑦. 𝑑 distance between any two regions 𝐷(x, 𝑉’) the shortest distance from the starting point 𝑠, passing all target 
points in 𝑉’ once and arriving at x. 

ℎ height of the UAV from the ground 𝑚 number of regions 𝑛 number of UAVs 𝑅 = {𝑅ଵ, 𝑅ଶ, … , 𝑅} regions need to be covered 𝑈 = {𝑈ଵ, 𝑈ଶ, … , 𝑈} A set of UAVs with different speed and scan camera performance 𝑈 = [𝑣, 𝑤] performance of UAV 𝑖 𝑣 speed of the UAV 𝑖 𝑉 set of all vertices 𝑤 scan width of the UAV 𝑖 𝑤ଵ rear width of the scan area 𝑤ଶ front width of the UAV scanning area 𝑥 , 𝑥 control variables 𝛼 mounting angle of the UAV imaging sensor 
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𝛽 horizontal field of view angle 𝛾 vertical field of view angle of the UAV imaging sensor 𝜃 elevation angle of the UAV 
BETR Balanced Effective Task Rate 
CPP Coverage Path Planning 
HETRF High Effective Time Rate First 
MCR Minimum Consumption Ratio 
TSP travel salesman problem 
UAV unmanned aerial vehicle 

Appendix A 

Table A1. Distance between each region or base (m). 

 Base 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 
Base 0                   

1 3490 0                  

2 5945 2492 0                 

3 10,220 6829 4345 0                

4 12,923 9510 7018 2708 0               

5 8633 5161 2960 3011 5082 0              

6 4753 3412 4748 8606 11,005 5955 0             

7 6549 3582 3067 5988 8221 3138 2884 0            

8 12,063 8583 6267 3420 3177 3432 9107 6224 0           

9 7426 6082 6768 9809 11,811 6833 2809 3910 9300 0          

10 11,481 8300 6657 6029 6617 3965 7469 4941 3462 6720 0         

11 15,334 11,967 9898 7391 6281 6937 11,600 8924 3999 10,846 4176 0        

12 12,176 9519 8543 8916 9642 6416 7566 5942 6476 5732 3027 5953 0       

13 10,931 9177 9163 11,018 12,377 8085 6220 6102 9368 3530 6031 9523 3590 0      

14 15,345 12,345 10,826 9698 9381 8100 10,944 8834 6434 9351 4172 3677 3639 7014 0     

15 17,726 14,583 12,828 10,932 9961 9941 13,46211,177 7513 11,985 6282 3680 6288 9622 2649 0    

16 12,704 11,463 11,737 13,741 15,047 10,804 8232 8672 11,989 5426 8578 11,682 5798 2722 8660 11,073 0   

17 14,759 12,957 12,691 13,796 14,594 11,09910,059 9698 11,422 7336 7984 10,170 4958 3840 6714 8809 2918 0  

18 15,890 13,537 12,723 12,870 13,144 10,56311,14610,009 10,004 8735 6841 7914 4192 5352 4254 5990 5635 2936 0 

Appendix B 

 
Figure A1. Area of Each Region. 
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