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Abstract: Forest fires are characterized by their abrupt onset
and highly destructive nature, resulting in significant annual
property losses. Hence, regular surveillance is imperative for for-
est fire prevention and mitigation. The fundamental challenge in
patrolling is akin to the problem of helicopter route planning.
Conventional unmanned aerial vehicle (UAV) path planning com-
monly entails single-trip missions. Considering the extensive and
complex forest environments, we advocate a multi-stage UAV
reconnaissance strategy to address the daily inspection route
planning conundrum. This approach facilitates UAVs to conduct
round-trip flights between designated surveillance points and the
base station at diverse time intervals, effectively satisfying the
requirements for multi-tiered, hierarchical reconnaissance. Fur-
thermore, we develop an advanced multi-strategy genetic algo-
rithm (MSGA) to optimize the multi-stage reconnaissance model.
Experimental outcomes underscore the superior performance of
the enhanced MSGA, achieving a reduction of nearly 20% in
total flight path length relative to the traditional genetic algo-
rithm. This methodology significantly enhances the efficacy of
daily forest patrols.

Keywords: unmanned aerial vehicle (UAV), path planning, for-
est scouting, genetic algorithm, optimization strategy.
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1. Introduction

In recent years, the occurrence of forest fires has aroused
widespread concern around the world [1,2]. However,
such incidents cannot be completely resolved. As an
emerging transportation equipment, unmanned aerial
vehicles (UAVs), with the advantages of flexible opera-
tion and reliable communication, occupy a unique advan-
tage in forest fire prevention [3-5]. UAVs not only
reduce the society’s resources, but also prevent personnel
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close to the dangerous area in the daily inspection, thus
guaranteeing the safety of people’s property [6]. UAV
path planning entails leveraging satellite imagery and
related tools to comprehensively survey the topography
of a mountain or grassland. Subsequently, a route is
meticulously devised based on the desired exploration
direction, optimizing for the minimal cost criteria. In the
context of UAV operations, the cost metric may encom-
pass factors such as the shortest flight path length or
overall flight expenditure [7].

Currently, several methods are presented to solve the
UAV path planning problems. Firstly, greedy algorithms.
Common greedy algorithms include A* algorithm [8—10],
Dijkstra’s algorithm [11,12] and so on. These algorithms
utilize the greedy idea of an algorithm, the number of all
combinations of journey routes is (n—1)!/2 [13]. For
example, Prasad et al. [14] proposed a 3-D deployment
and trajectory planning algorithm. It uses power savings,
reduced latency, and power savings through optimal tra-
jectories to evaluate some of the performance metrics of
the proposed algorithm. Secondly, based on computation-
ally assisted approaches, such as artificial potential field
(APF) [15,16]. Chen et al. [17] derived the whole trans-
formation process in detail based on a discrete UAV
dynamics model, and applied the functional optimization
method to transform the problem into an optimal control
problem based on APF. Shi et al. [18] proposed a learn-
ing-based heuristic algorithm, the population-based adap-
tive large neighborhood search (P-ALNS) algorithm. In P-
ALNS, seven neighborhood structures are designed and
adaptively utilized based on their historical performance.
Thirdly, Optimization algorithms. For example, genetic
algorithm (GA) [19,20], artificial bee colony (ABC) algo-
rithm [21,22] and so on. Li et al. proposed a heteroge-
neous UAV collaborative multitasking model based on
area segmentation using an improved GA (IGA) algo-
rithm for collaborative human task optimization [23]. Yu
et al. [24] developed a hybrid grey wolf optimization and
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differential evolution (HGWODE) algorithm to solve the
UAYV path planning problem. A ranking-based variation
strategy is implemented in the differential evolution (DE)
algorithm to facilitate development while maintaining
exploration capability. Zou et al. proposed an accurate
path planning method for weeding UAVs based on UAV
images, using an improved mutation operator GA (IMO-
GA) to optimize the operation path [25].

All the above methods have some shortcomings. For
example, the search space of the greedy algorithm
increases with the increase of the number of populations
n. When n is large, it is usually difficult for the greedy
algorithm to find the shortest path by traversing [26,27].
The APF method relies on the interplay between attrac-
tion and repulsion forces, which is easy to fall into local
optimization [15]. On the other hand, certain platform-
assisted algorithms necessitate a substantial foundation in
machine learning, posing challenges in acquiring exten-
sive learning datasets. Optimization algorithms show the
advantage of such algorithms lies in their fast-solving
speed [28]. However, they may only converge to a local
optimum and fail to reach the global optimal solution of
the stochastic nature of the search process [29].

Based on the above discussion, we propose three inno-
vations in this paper. Firstly, based on the value differ-
ence of different protected areas, a hierarchical route
planning is creatively carried out. A multi-stage UAV
inspection hierarchical model is established, which
requires key protected areas to be inspected twice a day
and general protected areas to be inspected once a day.
Secondly, a multi-strategy GA (MSGA) is proposed. To
prevent the prematurity phenomenon in the iteration, we
propose a multi-strategy crossover approach along with
an enhanced mutation operator in MSGA. Compared with
the traditional GA, the accuracy and convergence of the
MSGA are improved. Finally, three different dimensions
problems of the cases are introduced, and a sensitive test
is validated by the MSGA on the model. The discussion
is deductively used to validate the effectiveness of the
MSGA compared to other heuristic algorithms.

The remaining sections of this paper will be unfolded
sequentially. Section 2 describes a single UAV multi-
stage forest exploration trajectory planning model. Sec-
tion 3 introduces the MSGA. Section 4 comprises experi-
mental cases of varying dimensions. To validate the
effectiveness of the algorithm enhancements, sensitivity
analysis will be conducted on each strategy. Section 5
provides a comprehensive summary of the entire paper.

2. UAYV multi-stage inspection model
2.1 Description of the problem

Preventing forest fires through scheduled forest patrols is
a crucial measure for fire prevention. UAVs have become

essential tools for forest patrols due to their small size,
ease of operation, and cost-effectiveness compared to
manual methods [30].

It is assumed that there are several important conserva-
tion sites within the jurisdiction of a forest farm, which
are regarded as patrolling points and a single UAV is dis-
patched to perform the patrolling work. High-level
inspections need to be patrolled regardless of day or
night. Low-level inspections need to be patrolled only
once on the same day, regardless of day or night.

Fig. 1 illustrates the operation of the UAV. There are
13 low-level inspections and four high-level inspections.
The first-round and second-round routes influence each
other. It is proposed to assign a value of “1” to all low-
level inspections visited by the UAV in the first traversal
and apply the complement code method to assign a value
of “0” to the low-level inspections visited by the UAV in
the second traversal. As shown in Table 1, there are cur-
rently 13 low-level inspections that need to be patrolled,
and the system randomly designates points 1, 2, 5, 6, 7, 9,
10, and 13 as the points to be visited by the UAV in the
first traversal. Consequently, the points 3, 4, 8, 11, and 12
need to be visited in the second traversal.

25

20 +

--->--: The UAV first flight path;
—o— : The UAV second flight path.

Fig.1 Schematic diagram of UAV patrol scattering points

Table 1
inspections

Randomized categorization of single UAV multi-stage

Inspectionpoint 1 2 3 4 5 6 7 8 9 10 11 12 13

Encoding 110011101 1 0 1 0

2.2 Mathematical model

The mathematical problem can be abstracted as an
improved multi-travelling salesman problem (MTSP)
problem [31]. TSP is an NP-hard problem for which no
polynomial time algorithm exists. There is no efficient



966 Journal of Systems Engineering and Electronics Vol. 37, No. 3, June 2026

algorithm for solving the TSP exactly for large networks,
only algorithms that derive better solutions. Since the
TSP problem is solved classically and the solutions are
diversified, the UAV path planning is often transformed
into a TSP problem by eliminating the subtle influences.
The common model of the TSP problem is

n

~ min Zdj,,j,“ +d;, (1
Jusfo s ju€m(n) =

where 7(n) is denoted as the set consisting of all full per-

mutations of 1,2,---,n. In summary, the parameters of the
path planning method for the UAV are set as Table 2.

Table 2 Parameter description

Parameter Description

A; The ith low-level inspections
B; The jth high-level inspections
3 Number of x; if x; =1
n Number of x; if x; =0
P Binary vectors for flight groups
M Number of high-level inspections
N Number of low-level inspections

A A, The distance between A,, and A,

da,,.B, The distance between A,, and B,

Xk 1, the UAV passes through A, and A, during the kth

round of inspection; 0, else
Vijk 1, the UAV passes through A; and B; during the kth

round of inspection; 0, else

The model is modeled as follows:

min f (x) = f; (x) + f2(x) 2
2 ¢ 2.
.fl ()C) = min Z Z dXHLm+1J\ + de‘l,k + Z Z dxm.mﬂ.k + dX;.u (3)
k=1 m=1 k=1 m=1
2 M N
f>(x) = min Z Z dA,,BJ *Vijk 4
k=1 j=1 i=1
S.t.
E+n=2M+N 5)
0<dy,a <100 (6)
0<d,, 5 <100 (7)

2

D =1 @®)

k=1

where (2) represents the fitness function composed of two
parts; (3) denotes the distance flown between low-level
inspections; (4) represents the sum of distances flown from

high-level inspections to low-level inspections; (5)—(8) are
the constraints; (5) states that the sum of decision vari-
ables equaling 0 and 1 should be equal to the sum of twice
visiting high-level inspections and once visiting low-level
inspections; (6) and (7) indicate that the flying distance
between inspection points should be less than the UAV’s
maximum flight distance of 100 km; (8) specifies that all
low-level inspections must be visited exactly once.

3. MSGA

In this section, based on the shortcomings of the tradi-
tional GA in the crossover and mutation phases, MSGA
is proposed, and two strategies are proposed for these two
phases respectively to improve the convergence effect of
the algorithm. A multi-strategies crossover is proposed
for the impact that the choice of crossover probability in
the crossover process will have on the offspring. An
adaptive mutation operator F is proposed which
improves the efficiency of global iteration.

3.1 Improvement of the mutation operator F

The mutation operation involves selecting an individual
in the population and randomly changing the gene seg-
ments at one or more positions of the current stain
according to the mutation probability. As shown in Fig. 2,
a schematic diagram of the chromosomal gene mutation
process is shown.

Parent| 1 0 1 0 1 0 1 0 0 1

lLMutation gene  Mutation genell

Child| 1 0 0 0 1 0 1 0 1 1

Fig. 2 Process of mutation of chromosomal gene segments

The mutation process imitates the mutation process of
gene chromosomes, which is an improvement of the GA to
repair and replenish certain genetic genes that may be lost
in the crossover process. This strategy helps prevent rapid
convergence to local optima. Similar to crossover proba-
bility, an inappropriate mutation rate can significantly
impact the convergence behavior of the algorithm and the
quality of the final solution. A low mutation rate may trap
the algorithm in local optima, while a high mutation rate
can destabilize the population. Therefore, the selection of
the appropriate variation probability needs to take into
account the complexity of the problem and the demand for
the global optimal solution [32]. Generally, a lower muta-
tion probability can be explored to a certain extent while
achieving stability. A higher mutation probability can
increase the diversity of the population, but it may also
lead to slower convergence of the algorithm. In practical
applications, repeated experiments and adjustments need to
be made according to specific problems to find the opti-
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mal mutation probability.

This paper proposes an adaptive improvement muta-
tion strategy to solve the above problems. At the initial
state, given the value of F, F;; can be expressed as

FIZG = FOZ/I, A= el‘% (9)

where F, is fixed and takes the value 0.4, a A is the expo-
nential term, and G,, denotes the total number of genera-
tions. G denotes the current evolutionary generation. In the
early stage, the starting mutation operator is about 2F,.

In the early stage, the mutation operator is larger at this
time, which can maintain the diversity of populations and
avoid early maturity. From the second generation
onwards, the algorithm is updated. We design (9) to con-
firm the availability of the variational operator. However,
as the probability of variability increases at a later stage,
it is possible to increase the time for the solution space to
converge, affecting the efficiency of the iteration. There-
fore, (10) is designed to set to monitor the F,;; operator.
The F variation operator expression is as follows:

{Fl+kF;¢, 0<c<0.1
iG = .

Fi;, others

(10)

Generally, the largest possible variance operator differ-
ence is taken for the diversity of variance operator
changes in the first, middle, and late generations, there-
fore, the F; is set to 0.1, and F, is set to 0.9. k is a ran-
dom number which belongs to (0,1). ¢ is a regulator
which belongs to [0,1]. When the value of ¢ is less than
0.1, a mutation is applied to the mutation operator.

3.2 Improvements in the crossing strategy

As indicated in Section 2, binary encoding is often
employed to represent individual solutions within the popu-
lation when solving the TSP problem. In contrast to con-
ventional GA crossover procedures, the crossover opera-
tion for solving the TSP involves a non-continuous integer
transformation, rendering the use of standard continuous
crossover strategies inadequate for optimal performance.

In the conventional TSP, the crossover strategy often
involves randomly selecting a crossover point and per-
forming a chromosome transformation based on that point.
This simplistic approach lacks diversity in the population.
The flexibility of algorithms is routinely enhanced using
multiple crossover strategies. Therefore, this section pro-
poses an enhanced multi-strategy crossover approach to
address this limitation. The crossover process introduces
three strategies. And a random number is used to specify
exactly which crossover strategy is used. The specific three
strategies are as follows:

(1) Strategy 1: randomly take the intersection nodes and
exchange the solution sets of the left and right sides of the

intersection nodes, as shown in Fig. 3. m is the total num-
ber of tour points for the first tour; n is the total number
of tour points for the second tour.

Parent | X1 Xi2 Xim X1t

Child I X1 Xin X1, X12

Fig.3 Schematic diagram of cross-strategy 1

(ii) Strategy 2: randomly take two parents f1 with f2,
since the overall solution is composed of the low-level
inspections from the first and second inspections, as
shown in Fig. 4.

Parentl ‘ X1 R Xim Xyl e Xy ‘
Parent2 ’ Xo 1 X0 e Xom X+l Xon ‘
Child ‘ X1 X2 Xom Xo i1 Xon ‘

Fig. 4 Schematic diagram of cross-strategy 2

(iii) Strategy 3: keep the original parent generation
unchanged and invert the original parent solution with
probability 1/2, as shown in Fig. 5.

Parent | Xi1 X2 Xim Xy m+1 X1 |
Child1 | RN R Xim Xy 1 Xin |
Child2 | Xin Ximer Xim Xi2 Xig |

Fig.5 Schematic diagram of cross-strategy 3

The three crossover strategies are performed in the
MSGA as following:

1
strategy 1, 0 <m < 3
1 2
CR = { strategy 2, 3<m<3 (11)
2
strategy 3, 3 <m<1

where m is a random number belonging to (0, 1). The
three crossover-strategies improves the diversity of the
algorithm’s direction of optimization in the iterative pro-
cess, thus increasing the probability of convergence to the
global optimum point. The pseudo-code of the MSGA is
shown as Algorithm 1.

Algorithm 1

Input Number of populations NP, population dimen-
sions dim, variation operator coefficient F,, number of
runs, max generation, binary vector P of the same size as
the number of basic points
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1. For i = 1: runs

2. Based on the vector P, the UAV route is divided into
the sets a and b

3. Forii=1:NP

4. Initialize each population according to set a and set
b, and calculate the total distance traveled by the UAV

5. End

6. while 1 <= Max generation

9. Mutational manipulation of the parent generation
based on (3);
10. By incorporating an elite strategy, the compari-

son of fitness values between offspring and parents is
conducted to determine retention or replacement.

11. t=1t+1

12. End

13.  Use external storage to retain the smallest indivi-
dual and its fitness value from each iteration

7. Use roulette to randomly select the parents x; and 4 E
X,, and calculate the fitness value; -End
8. Multi-strategy crossover operation on the parent Combined with the MSGA, the multi-stage forest scouting
based on (11); trajectory planning method for the UAV is shown in Fig. 6.
/ - - N \ V ~- - - - - - -0~ - AN \
/ \ / o~ Population I
| T ETIRT .
| Start | : 1n1t1a11+zat10n |
| Collection of Code : | :
| advanced inspection Input | | Calculate the fitness |
| points 'c}nd ba§1c | function by (2)
| mspection points | | » |Crossover strategy 1 |
| \ 4 | | + g by Fig.3 |
| Randomly categorize the moments of | - |
| UAV inspectionsby Table 1 —— Comparison Choice the better |
| ¢ | fitness o |Crossover strategy 2 |
I A g by Fig.4
| L v i |
| Generate two conflict-free path H | Multi-crossover by |
| inspection point sets by subsection 2.1 | | subsection 3.2 || _|Crossover strategy 3| |
| | | v by Fig.5 |
y | |
: Transforming into the MTSP formulation: D atafet l h 4 |
Generating two sets of conflict-free | | Mutation by » | Adaptive mutation |
: path inspection points by subsection 2.2 | | subsection 3.1 operator by (10) |
|
| Obtain the combined path lengths of | | Calculate the fitness | |
| the last two flights after the current [« | | function by (2) |
| iteration and store the results | |
| No
I ¢ by |
| |
| | | If meet the termination
| Select the optimal path points based | [
| on the results and plot the UAV’s | [ |
[ flight path on a graph | | |
[ l I |
\ // \ /
Ne— — ~. . _ 4

Fig. 6 Two-stage forest scouting trajectory planning method for a single UAV

4. Experiments

To verify the effectiveness of the MSGA, the traditional
GA and the improved MSGA are compared. The simula-
tion experiment environment is a computer with a winl1
64-bit operating system, i5-8500U processor, and 8GB
RAM.

To comprehensively depict the performance of the

algorithms, three different-dimension cases are proposed
in the experiment. Each case has two different inspection
point levels. In this section, the MSGA is used to solve
the UAV path planning to verify the effectiveness of the
MSGA. We take the total flight distance as the perfor-
mance index of the algorithm to judge whether the
improvement of the MSGA is effective. Table 3 shows
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the specific parameter of the three experiments. The envi-
ronments are modeled as follows: The starting point is
[0,0]. Set the population size as 20, the number of itera-
tions as 1000, run 50 times, and record the adaptation
value of each generation, respectively.

Table 3 Parameters of the experiments

. Number of high-level Number of low-level Inspection
Experiment . . . . . .
inspection points inspection points space
Case 1 4 13 10 kmx10 km
Case 2 6 30 50 kmx50 km
Case 3 10 50 50 kmx50 km

4.1 Experimental results

During the actual inspection process, the number of
inspection points will vary depending on the size of the
forest. Fig. 7 is the map of routes for scheduling multi-
stage forest inspections.
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Fig. 7 Routes for scheduling multi-stage forest inspections

Table 4 describes the comparison of the flight dis-
tances calculated by different algorithms. Fig. 8 denotes
the iteration of GA and MSGA. As depicted in Fig. 8(c),
the iterative performance of the enhanced MSGA remains
notably superior. According to the Table 4, the total flight
path length for the MSGA is approximately 410 km,
whereas the total path length of traditional GA is around
467 km, representing a 12.2% increase over the flight
path length of the MSGA algorithm. Moreover, in the
iterations of this case, the flight distances for the MSGA
are consistently shorter than those of the GA.

Table 4 Comparison of the flight distances calculated by different

algorithms km
. . First flight Second flight Total
Experiment Algorithm distance distance distance
Case 1 Traditional GA  62.0397 72.5365 134.5762
ase
MSGA 67.4135 50.8968 118.3103
Case 2 Traditional GA  258.0911 209.1171 467.2082
ase
MSGA 220.5568 190.3639 410.9207
Case 3 Traditional GA  346.823 1 480.9245 827.7476
ase
MSGA 252.2787 394,702 1 646.9808
240
220 +
&
= 200 F
k)
5 180
k=
g 160
140
[
120 |
100 . . . .
0 200 400 600 800 1000
Iteraction

(a) Case 1
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(b) Case 2

2000
1 800
1600
1 400
1200

Flight path length

1000
800

0 200 400 600 800 1000
Iteraction

(c) Case 3
—— : MSGA; —— :GA.
Fig. 8 Iteration of the flight distance

Fig. 8 is the iteration of the flight distance. As seen in
Fig. 8(a), since the 100th generation, both the GA and the
MSGA have reached a stable iteration to find the optimal
objective. In terms of the final fitness value of the two
algorithms, the MSGA has the shortest total path length.
Therefore, the MSGA improves and enhances the tradi-
tional GA significantly.

4.2 Sensitivity analysis

To compare whether each strategy of the proposed
MSGA algorithm is effective or not, this section

compare the four algorithms, namely, the traditional GA,
GA with the mutation improvement, GA with the multi-
crossover strategy, and the MSGA, respectively. The four
algorithms are run independently fifty times, and the
results of each run are recorded. To highlight the perfor-
mance of the algorithms, we select case 3 as a calcula-
tion example of sensitivity test.

2000
1 800 r
1600 |
1 400

1200

Flight path length

1000
800

600 -
0 200 400 600 800 1000

Iteraction

—— : MSGA; —— : Mutation improvement;
: Multi-crossover; - GA.

Fig. 9 Comparison of 60-dimensional MSGA algorithm sensitivity

analysis iterations

As shown in Table 5, in the 60-dimensional case,
the total flight distances obtained by the four algorithms
are 807 km, 699 km, 810 km, and 616 km, respectively.
The MSGA demonstrates the shortest scheduling route
through iterations in Fig.9. Notably, in the later stages,
there is a considerable gap in the stable iteration
values among the algorithms. The MSGA achieves stabil-
ity around the 400th generation, followed by the sole
improvement of the F operator strategy stabilizing
around the 450th generation, and lastly, the enhance-
ments in the multi-crossover and the traditional GA
stabilize from the 400th generation onwards. In this case,
the crossover strategy appears to play a more significant
role in enhancing the optimization performance of the

analyzes the sensitivity of each improved strategy. = MSGA, as indicated by the convergence patterns
The experiment adopts the control variable method to  observed.
Table S Comparison of sensitivity analysis of the distance km
Algorithm First flight distance Second flight distance Total distance

Traditional GA 362.6364 445.1062 807.7426

Mutation improvement 338.5164 361.1602 699.676 6

Multi-crossover 480.9235 329.860 1 810.7836

MSGA 252.2787 394.7021 646.9808

Fig. 10 shows the flight paths of the four algorithms.

Since case 3 belongs to the high-dimensional arithmetic

cases, a certain degree of difficulty is existed in finding
the optimal point. As depicted in Fig. 10(a), the GA
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struggles to find the global optimum during iterations of
high-dimensional problems due to its utilization of fixed
crossover and mutation operators. Upon comparing
Fig. 10(a), Fig. 10(b), Fig. 10(c), and Fig. 10(d), it is evi-
dent that the flight routes generated by the improved
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MSGA exhibit fewer detours and clearer paths compared
to the other three algorithms. Particularly in Fig. 10(a),
the traditional GA shows multiple back-and-forth routes,
increasing the flight distance and leading to unnecessary
wastage during the UAV flight process.
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50 | i
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.2 . - -
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60 : T T T
50 + . 5 b
40+ N
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=4
S 30t
g
2
8 20 +
0}/
0 1 1
0 10 20 30 40 50
Distance/km
(d) MSGA

- The UAV first flight path; ——: The UAV second flight path.
Fig. 10 Flight schematic of the four algorithms UAYV path scheduling

Fig. 11 shows a comprehensive comparison of the
effects of the improved strategies on the fitness values in
60 dimensions. The overall maximum, minimum, and
average values of the four algorithms are plotted for com-
parison. Traditional GA approaches struggle to reach the
global optimum solely based on fixed mutation and
crossover probabilities, leading to significant disparities
in algorithm outcomes. This observation suggests that
enhancing the F operator yields a greater enhancement in
fitness values for the MSGA.

m:Average; B : Minimum; m : Maximum.

Mutation e —E—— ] 58,37
. (00968
1mpr0vement [ ———————— e L P Y

. e 85990
Multi-Crossover I ————————————— 3 | (.7 S
e e e 0()'7 .47

_6163§3'18
e A
MSGA ST e 75397

Fig. 11
the fitness value

Comparison of the effect of the improvement strategy on

4.3 Discussion

To verify the generalizability and effectiveness of the
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proposed algorithms, three common heuristic algorithms,
including P-ALNS [18], IGA [23], HGWODE [24], IMO-
GA [25] and traditional GA are compared with the
MSGA. The 60-dimensional case with the highest opti-
mization difficulty is selected for comparison. Set the
population size as 20, the number of iterations as 1000,
run 20 times, and record the adaptation value of each gen-
eration, respectively.

The performance of the algorithm can be shown by the
optimization results. Five conventional algorithms are
compared with MSGA in Table 6. As shown in Fig. 12,
MSGA performs the best in 60 dimensions experimental
test followed by IGA and P-ALNS algorithm. IMO-GA
and GA performs poorly. This fully demonstrates the
effectiveness of our proposed algorithm in solving the
multi-stage forest probing problem.

Table 6 Distance comparison of different algorithms km
. First flight Second flight Total
Algorithm . . .
distance distance distance
P-ALNS 292.53 458.10 750.63
IGA 295.64 404.92 700.56
HGWODE 316.65 447.08 763.73
IMO-GA 364.62 431.11 795.73
GA 346.82 480.92 827.74
MSGA 252.28 394.70 646.98
2 000
[
1800 |
£ 1600
£ ‘
2 1400
2
5 \
g 1200
)
= 1000
S
800
600 . . . .
0 200 400 600 800 1000
Iteration
—— :P-ALNS; —— :1IGA; : HGWODE;
— :IMO-GA; ——: GA; : MSGA.
Fig. 12 Iterations of different algorithms 60-dimensional multi-

stage problem

Quality analysis is a very crucial part of the empirical
aspect of the algorithm. It is mainly used to assess the
performance and effectiveness of the algorithm. In this
section, we use f-test, which is a common method to
compare the overall performance of algorithms. The t-test

is used to verify the significant difference between the
proposed MSGA algorithm and its rivals. The test is
based on a level of 0.05. The comparison results are listed
in Table 7. “—” signifies that the algorithms perform
worse than the MSGA. Overall, the proposed MSGA out-
performs most of the opposing adversaries.

Table 7 t-test results of MSGA

Dimension Comparison algorithm

17D P-ALNS(-); IGA(-); HGWODE(-); IMO-GA(-); GA(-);
36D P-ALNS(-); IGA(-); HGWODE(-); IMO-GA(-); GA(-);

60D  P-ALNS(-); IGA(-); HGWODE(-); IMO-GA(-); GA(-);

5. Conclusions

Daily inspection is fundamental to forest fire prevention.
The heterogeneous nature of forest properties necessi-
tates differentiated scheduling tasks based on their dis-
tinct values. This paper applies UAV technology to daily
forest fire detection across various periods. Three key
innovations are presented:

(i) Considering the timely nature of daily forest fire
prevention inspections, we innovatively construct a multi-
stage forest inspection model. A hierarchical multi-stage
inspection methodology is proposed.

(i1) To address the issue where traditional GA are
prone to falling into local optima, we have designed the
MSGA algorithm, featuring multi-strategy crossover and
adaptive mutation operators.

(iii) Experimental results from three case studies
demonstrate that the MSGA algorithm yields more rea-
sonable outcomes in UAV path planning. The discussion
verifies the superiority of this algorithm over others.

This paper is devoted to solving the multi-stage inspec-
tion of a single UAV. In the future, we will consider mul-
tiple UAV patrol missions in phases with different goals.
Combined with online communication equipment,
dynamic UAV inspection process will be set up.
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