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Abstract：To tackle the path planning problem， this study in‐
troduced a novel algorithm called two‐stage parameter 
adjustment‐based differential evolution （TPADE）.  This al‐
gorithm draws inspiration from group behavior to implement 
a two‐stage scaling factor variation strategy.  In the initial 
phase， it adapts according to environmental complexity.  In 
the following phase， it combines individual and global expe‐
riences to fine‐tune the orientation factor， effectively im‐
proving its global search capability.  Furthermore， this study 
developed a new population update method， ensuring that 
well‐adapted individuals are retained， which enhances popu‐
lation diversity.  In benchmark function tests across different 
dimensions， the proposed algorithm consistently demon‐
strates superior convergence accuracy and speed.  This study 
also tested the TPADE algorithm in path planning simula‐
tions.  The experimental results reveal that the TPADE algo‐
rithm outperforms existing algorithms by achieving path 
lengths of 28. 527 138 and 31. 963 990 in simple and com‐
plex map environments， respectively.  These findings indi‐
cate that the proposed algorithm is more adaptive and effi‐
cient in path planning.
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Path planning describes the process of identifying the 
best path between a starting point and a destination 

while avoiding obstacles［1］.  Path planning is now widely 
utilized in systems such as unmanned aerial vehicles 
（UAVs）［2］， unmanned ground vehicles （UGVs）［3］， and 
mobile robots［4］， playing a crucial role in logistics and 
various industries.  Effective path planning helps autono‐
mous mobility systems maximize their efficiency while 
utilizing the fewest resources possible， making research 

in this area critical.
Traditional path planning algorithms， such as A*［5］， 

D*［6］， and RRT*［7］， have been popular for path plan‐
ning.  For instance， Wu et al.［8］ developed a hybrid algo‐
rithm combining improved A* and dynamic window ap‐
proach to optimize paths for forklift automated guided ve‐
hicles.  Similarly， Zhang et al.［9］ proposed a hierarchical 
method using the A* algorithm to plan a worldwide au‐
tonomous valet parking path.

While traditional path planning algorithms are highly 
efficient in simple cases， they may struggle with compli‐
cated problems.  Heuristic algorithms use empirical or 
heuristic methods to identify the best answer and are par‐
ticularly useful for addressing high‐dimensional issues.  
Therefore， many path planning studies currently focus on 
heuristic algorithms such as particle swarm optimization 
（PSO）［10］， ant colony optimization （ACO）［11］， and ge‐
netic algorithms （GA）［12］.  Dai et al.［13］ proposed a new 
whale optimization algorithm designed to improve mo‐
bile robots’ ability to avoid dynamic obstacles.  This al‐
gorithm employs an adaptive technique along with an im‐
proved potential field factor.  Similarly， Wu et al.［14］ pre‐
sented an improved sparrow search algorithm that uses a 
tent map to initialize the population， thereby increasing 
population diversity and avoiding premature algorithm 
convergence.

Among several heuristic algorithms， the differential 
evolution （DE） algorithm is frequently refined and de‐
ployed owing to its flexible parameter selection and supe‐
rior global search capabilities.  Parque et al.［15］ have opti‐
mized the DE algorithms to improve fitting and smooth‐
ing criteria.  They proposed techniques for smoothing 
paths based on observed robot trajectories.  Chen et al.［16］ 
proposed an improved DE algorithm by using a chaotic 
approach to initialize the population.  This approach im‐
proves search traversal by updating control parameters 
adaptively with each generation， significantly boosting 
the algorithm’s overall performance.

While previous studies have improved performance to 
some level， challenges remain in global search capability 
and convergence speed.  To address these， this study pro‐
poses a two‐stage parameter adjustment‐based differen‐
tial evolution （TPADE） algorithm.  This innovative ap‐
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proach introduces a new population update strategy based 
on individual fitness values， ensuring the population 
evolves in the right direction.  Meanwhile， a two‐stage 
change strategy is implemented to adaptively adjust the 
scaling factor， improving the algorithm’s global optimi‐
zation search performance.  Experimental results demon‐
strate that the proposed algorithm outperforms existing al‐
gorithms in benchmark functions and path planning simu‐
lations.
1　Map Environment Modeling

1. 1　Grid method model

Environmental modeling is a crucial step in path plan‐
ning since it provides the essential inputs for algorithms 
to understand the surrounding environment， such as ob‐
stacles and topography.  Effective environmental model‐
ing aids in choosing the right planning methods and 
search algorithms， making it important to select a proper 
modeling approach.  Common approaches include the 
grid method， visual map， geometric， and template mod‐
els.  This study opts for the grid method owing to its abil‐
ity to support collision detection and its high computa‐
tional efficiency， using the following specific steps.

① Divide the environment into equal‐sized grid cells.  
The size of these cells should be adjusted based on spe‐
cific needs to meet modeling accuracy requirements 
while maximizing processing speed.

② Following the division， the position of each grid is 
determined as follows：

G { ( xi，yj ) |1 ≤ i ≤ M， }1 ≤ j ≤ N （1）
where i and j denote the number of rows and columns 
where the current grid is located， and M and N represent 
the total number of rows and columns of the map， respec‐
tively.

③ Environmental information is depicted using a ras‐
ter map where different grid locations are color‐coded.  
Obstacles are marked in black， with their grid status set 
to 1， while freely passable areas are shown in white， 
with a grid status of 0， as shown in Eq.（2）.

 G ( xi，yj ) = {1        existence of obstacles
0        free access （2）

1. 2　Mobile robot simulation

In the simulation experiments， the mobile robot is sim‐
plified to act as a moving point， navigating in eight pos‐
sible directions based on the grid’s center point.  These 
directions include four straight paths， namely forward， 
backward， left and right， and four diagonal directions， 
namely front right， back right， front left， and back left.

Path simulation requires identifying each node that the 
robot passes through before connecting it to the final 
path.  Since the experimental environment is modeled us‐
ing a grid system， the space is discretized into a grid 

graph.  Consequently， the path planning algorithm must 
convert the coordinates of the optimal path nodes to the 
closest integer values to conform to the grid discretiza‐
tion， which facilitates the path planning on the grid 
graph.

Furthermore， when drawing the optimal path， the path 
nodes are approximated as the raster’s center points， re‐
sulting in smoother paths that are more suitable for practi‐
cal applications.  Therefore， the node coordinates of the 
plotted path are represented as illustrated below：

{Six = PZ
ix - 0. 5

Siy = PZ
iy - 0. 5 （3）

where (Six，Siy ) denote the i‐th node coordinates when the 
path is drawn， and ( PZ

ix，PZ
iy ) represent the i‐th node coor‐

dinates in the optimized path after rounding.
In addition， the path planning length is considered the 

objective function， and the distance between neighboring 
nodes is calculated and summed independently， while 
the distance between neighboring nodes is measured us‐
ing the Euclidean distance with the following formula：

f = ( P( )i + 1 x - Pix )2 - ( P( )i + 1 y - Piy )2 （4）
where ( Pix，Piy ) indicate the coordinates of the i‐th node 
in the ideal path determined by the path planning algo‐
rithm.
2　Two‑Stage Parameter Adjustment‑Based Dif‑

ferential Evolution Algorithm

2. 1　Optimization strategies

The DE algorithm is a population‐based search method 
used to optimize the objective function by simulating the 
variation， crossover， and selection among potential solu‐
tions.  Known for its strong global search capabilities and 
ease of use， the DE algorithm is relatively insensitive to 
the choice of initial solutions.  However， it can be influ‐
enced by parameter selection and issue characteristics， 
sometimes leading to local optimal solutions in certain 
circumstances.  To address these issues， this study intro‐
duces a new population update strategy that leverages the 
fitness values from the previous generation， updating the 
population before each iteration.  It also presents a 
two‐stage scaling factor adjustment strategy that consid‐
ers individual orientation and individual and global per‐
formance.  This innovative method not only improves the 
global search ability of the algorithm but also accelerates 
its convergence speed.  The specific optimization strategy 
is as follows.
2. 1. 1　Adaptive population update strategy

Population diversity plays a crucial role in the DE algo‐
rithm since it impacts the breadth of the search space.  
Maintaining a moderate level of diversity allows the algo‐
rithm to better balance local and global search and deal 
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with complex problems.
This study proposes an adaptive strategy to update the 

population before each iteration.  This strategy begins by 
recalculating the fitness values of all individuals and sorts 
them in descending order based on their fitness values.  It 
then selects the first m individuals with poor fitness to up‐
date them using a stochastic chaos function.  After updat‐
ing， these individuals are merged into a new population， 
the fitness values of the population are recalculated and 
sorted in ascending order， and the first N individuals are 
selected to form the updated population for the next itera‐
tion.

The stochastic chaos function adds a regulated level of 
randomness and nonlinearity， preventing the algorithm 
from settling into periodic behavior and effectively in‐
creasing algorithmic diversity.  Too much diversity in‐
creases the algorithm’s computational overhead and 
slows down convergence， whereas too little diversity 
may cause the algorithm to become homogeneous.  As a 
result， m is specified to take random values in the range 
of [ ]N 4，N 3 .
2. 1. 2　Two⁃stage scaling factor adjustment strat⁃

egy
In the DE algorithm， the scaling factor F plays a cru‐

cial role in shaping new candidate solutions by adjusting 
the size of the variation factor.  The F value significantly 
impacts the algorithm’s performance.  A higher F value 
increases the algorithm’s exploratory capabilities， help‐
ing it escape local optima， but it may also result in 
overly chaotic searches and slower convergence rates.  
Conversely， a lower F value focuses the search on local 
solutions， which might still trap the algorithm in local op‐
tima.  Therefore， selecting an appropriate scaling factor 
is vital for improving the algorithm’s performance.

Inspired by the natural group behavior， this study pro‐
poses a two‐stage strategy for adjusting the scaling factor 
iteratively.  The strategy divides the iterative process into 
two stages on average.  In the first stage， the scaling fac‐
tor is adjusted based on environmental complexity.  This 
involves quantifying environmental complexity by con‐
sidering obstacle density do and the average distance be‐
tween obstacles da. These factors effectively enhance the 
algorithm’s environmental awareness， as shown in 
Eq.（5）.

E = {1. 1        do > 0. 5， da > 3
0. 9       else （5）

where do is calculated as the ratio of obstacles in the envi‐
ronment to the total area.

In the second stage， each individual in the population 
is assigned an orientation factor that is updated itera‐
tively.  This factor represents direction information for 
various mutation strategies， guiding the mutation opera‐

tion of individuals.  The adaptive adjustment process re‐
quires that the scaling factor examines individual and 
global experiences simultaneously， updating in conjunc‐
tion with the individual’s orientation factor， as shown be‐
low：

F = ωdi + λ1 rand ( xi - xrand ) + λ2 rand ( xbest - xi ) （6）
where λ1，λ2 represent the weights of the current indi‐
vidual xi and the global optimal individual xbest， respec‐
tively， xrand denotes a randomly picked individual， and ω 
indicates the weight of orientation factor di， which is de‐
rived as shown below：

ω = rup - (rup - r low ) Ic
Imax

（7）
where rup，r low represent the upper and lower bounds of 
ω， Ic denotes the current number of iterations， and Imax signifies the maximum number of iterations.
2. 2　Algorithm procedure

The TPADE algorithm follows the procedure：
① Initialize the algorithm parameters and randomize 

the individuals and their orientation factors within a speci‐
fied range.

② Determine whether the number of iterations matches 
the requirements.  If so， proceed to Step ③； if not， skip 
to Step ⑧.

③ Calculate the fitness value for each individual in the 
population and sort it in descending order.  Select the first 
m individuals and update the individuals and their orienta‐
tion factors sequentially using the stochastic chaos func‐
tion.

④ Combine the original population and the updated in‐
dividuals into a new population， recalculate and sort the 
fitness values in ascending order， and select the first N in‐
dividuals to comprise the updated population.

⑤ Assess the current number of iterations， modify the 
scaling factor according to the two‐stage adjustment strat‐
egy， and apply the DE/current‐to‐best/1 strategy to per‐
form mutation operation on the population.

⑥ Determine the crossover factor and perform the 
crossover operation on the mutated population.

⑦ Implement the best selection strategy.
⑧ Output the optimal solution.
The following shows the pseudo‐code for the TPADE 

algorithm.
Input： the overall size of population NP； the feasible 

dimension of the space dimension D； current iterations 
Ic； maximum iterations Imax； weights of current indi‐
vidual， global optimal individual and orientation factor 
λ1，λ2，ω.

1 Initialize the algorithm parameters；
2 Randomly initialize the individuals and their orien‐

tation factors within a specified range；
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3 Ic = 1；
4 While Ic ≤ Imax5  Calculate the fitness value of the population and 

sort in descending order；
6  Select the first m individuals；
7  For each individual of m， do
8   Use stochastic chaos function to update indi‐

vidual and its orientation factor；
9  end
10  Combine the pre‐renewal population with the 

renewed individuals into a new population；
11  Calculate the fitness value of the new popula‐

tion and sort in ascending order；
12  Select the first N individuals as the updated 

population；
13  //Calculate scaling factor F；
14  If Ic < Imax/215   F = Erand （1， D）；
16  else
17  F = ωdi + λ1rand（xi - xrand）+ λ2rand（xbest - xi）；
18 Mutation operation using DE/current‐to‐best/1 

strategy；
19  Calculate crossover factor CR；
20  Cross operation；
21  Select operation；
22  Update the current optimal solution；
23  Ic = Ic +1；
24 end
25 Output the optimal solution.

2. 3　Convergence analysis

Assume the objective function f ( x ) is continuously 
differentiable and satisfies the Lipschitz continuity condi‐
tion， i. e. ， there exists a constant L>0 such that for any x 
and y， as shown in Eq.  （8）.

 ∇∇f ( x ) - ∇∇f ( y ) ≤ L  x - y （8）
Additionally， assume that scaling factor F decreases as 

the number of iterations k → ∞， as shown in Eq.（9）.
lim

k → ∞ F = 0 （9）
The iteration formula of the TPADE algorithm is illus‐

trated in Eq.（10）.
ui = xi + F ( xbest - xi ) + F ( xr1 - xr2 ) （10）

where ui represents the new population individual， xi de‐
notes the current population individual， xbest indicates the 
current best solution， and xr1，xr2 are individuals ran‐
domly selected from the population.

The change in the objective function during the itera‐
tion process is expressed by Eq.（11）.

f (ui ) = f ( xi + F ( xbest - xi ) + F ( xr1 - xr2 ) ) （11）
To simplify the analysis， we use the Taylor expansion 

to approximate f (ui ) around xi， as shown in Eq.（12）.
f (ui ) ≈ f ( xi ) + ∇∇f ( xi ) T(F ( xbest - xi ) + F ( xr1 - xr2 ) )

（12）
Applying the Lipschitz continuity condition to the ob‐

jective function， the change in the objective function 
value can be bounded by Eq.（13）.
| f (ui ) - f ( xi ) | ≤ L  F ( )xbest - xi + F ( )xr1 - xr2 （13）

Given that the scaling factor F tends to zero as 
k → ∞， it follows from Eq.（14）.

lim
k → ∞ f (ui ) = f ( xi ) （14）

As the number of iterations increases， the objective 
function value gradually converges to its optimal point.  
Therefore， through the combined effect of scaling factor 
adjustment and differential mutation operations， the 
TPADE algorithm demonstrates strong convergence prop‐
erties.
2. 4　Numeric experiments

To evaluate the performance of the TPADE algorithm， 
this study utilizes test functions from CEC2005， compar‐
ing TPADE， PSO［17］ ， DE［18］ ， multi‐verse optimizer 
（MVO）［19］ ， hybrid adaptive differential evolution 
（HADE）［20］， and multi‐trial vector‐based differential evo‐
lution （MTDE）［21］.  These functions span various dimen‐
sions （such as 2， 3， 4， and 6） and variable dimensions 
（such as 10， 30， and 100） to thoroughly examine each algo‐
rithm’s adaptability to different dimensional challenges.

The test results indicate that for low‐dimensional func‐
tions （with 2， 3， 4， and 6 variables）， all algorithms suc‐
cessfully reach the optimal solution.  To avoid redun‐
dancy， only the test data for the two‐dimensional func‐
tions are presented in Table 1.  Nevertheless， as demon‐
strated in Fig. 1， the TPADE algorithm exhibits signifi‐
cantly faster convergence compared to its counterparts.

For 13 benchmark functions with varying dimensions， 
when tested at a dimensionality of 10， TPADE not only 
consistently achieves the optimal solution across 10 func‐
tions but also demonstrates superior convergence speed 
than other methods.  Furthermore， as dimensionality in‐
creases to 30 and 100， the proposed algorithm continues 
to outperform the competing algorithms in 9 functions.  
These results are summarized in Table 1， while Fig. 2 
provides illustrative iterative graphs for the 100‐dimen‐
sional tests.

Overall， the findings suggest that the TPADE algo‐
rithm is robust to changes in problem dimensionality and 
demonstrates exceptional adaptability.  Additionally， the 
proposed algorithm achieves greater accuracy and faster 
convergence， surpassing the performance of previous al‐
gorithms.
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Table 1　Test results
Function

Shekel’s Foxholes
Goldstein‐Price

Sphere

Schwefel 2.22

Schwefel 1.2

Schwefel 2.21

Rosenbrock

Step

Quartic

Schwefel 2.26

Rastrigin

Ackley

Griewank

Penalized1

Penalized2

Dimensionality
2
2

10
30

100
10
30

100
10
30

100
10
30

100
10
30

100
10
30

100
10
30

100
10
30

100
10
30

100
10
30

100
10
30

100
10
30

100
10
30

100

PSO
9.980 0×10-1

3.000 0
2.929 7×10-10

9.301 5×10-2

3.822 6×104

5.800 4×10-7

2.071 2×10-1

2.401 5×102

6.330 9×10-3

1.970 1×104

2.416 0×105

7.560 8×10-4

1.418 9×101

8.442 9×101

3.020 1×103

2.844 1×102

5.990 1×106

5.972 1×10-12

1.197 2×10-1

1.705 2×104

-1.158 4×10-1

-3.243 5×10-1

-6.023 7×101

-3.953 0×103

-9.913 4×103

-2.416 3×104

4.059 1
1.058 4×102

6.363 1×102

7.886 1×10-7

4.326 0×10-1

1.646 3×101

3.200 8×10-2

4.996 0×10-1

2.439 4×102

5.715 7×10-13

4.393 7
4.657 8×106

3.159 3×10-11

2.709 7
1.548 5×107

DE
9.980 0×10-1

3.000 0
2.510 1×10-3

1.111 0×104

2.608 0×105

1.837 7×10-1

8.177 7×101

3.687 5×1 021

3.878 6
5.965 0×104

1.446 2×106

1.063 5
8.783 7×101

9.437 1×101

2.201 4×101

3.642 7×107

12 147×109

7.332 0×10-3

1.606 9×104

2.582 6×105

-7.923 1×1048

-2.843 0×1046

-5.177 6×1045

-4.707 7×1052

-1.344 9×1051

-9.945 4×1051

4.353 8×101

2.952 3×102

1.666 4×103

7.242 2×10-2

1.887 6×101

2.023 5×101

5.527 0×10-1

1.018 0×102

2.443 2×103

9.416 4×10-4

8.372 7×107

2.854 3×109

2.218 5×10-3

3.197 8×108

5.358 5×109

MVO
9.980 0×10-1

3.000 0
1.166 7×10-2

1.562 7
1.622 5×102

3.074 3×10-2

6.475 6×10-1

1.426 8×107

2.615 9×10-2

3.553 5×102

6.240 6×104

7.064 2×10-2

1.236 7
6.089 2×101

9.586 6
1.057 7×102

3.997 8×103

2.246 0×10-2

1.090 2
1.794 3×102

-1.158 4×10-1

-3.469 8×10-1

-1.073 0×102

-3.183 1×103

-8.733 8×103

-2.349 9×104

1.791 2×101

8.021 9×101

7.107 3×102

4.082 0×10-2

1.983 3
6.230 4

3.418 0×10-1

6.556 0×10-1

2.402 5
6.731 3×10-4

1.667 6
2.376 9×101

1.542 9×10-3

1.712 0×10-1

1.959 4×102

HADE
9.980 0×10-1

3.000 0
8.986 4×10-7

4.608 8×101

5.063 2×104

5.454 0×10-5

2.236 8
1.664 8×102

6.215 3×102

3.287 6×104

3.136 9×105

2.699 1
5.343 7×101

8.898 5×101

4.352 4×101

1.419 0×104

7.718 0×107

1.941 8×10-6

5.085 2×101

4.803 0×104

-2.938 7×1031

-1.200 1×1017

-7.653 2×105

-6.435 9×1054

-1.289 6×1020

-3.758 3×1013

1.187 7
5.700 5×101

7.738 5×102

1.290 1×10-3

5.681 6
1.793 6×101

6.668 2×10-2

1.608 8
3.836 1×102

8.928 4×10-8

8.143 0×10-1

8.429 3×107

4.014 7×10-8

5.375 1
3.071 8×108

MTDE
9.980 0×10-1

3.000 0
9.060 9×10-13

2.497 5×10-2

4.349 9×103

7.572 3×10-8

3.518 3×10-2

4.901 5×101

9.931 1×10-6

6.897 5×102

1.739 6×104

4.379 2×10-3

1.035 2×101

3.002 5×101

3.181 7
4.011 2×102

2.000 1×106

1.502 2×10-13

5.891 1×10-2

5.218 2×103

-1.158 4×10-1

-3.426 3×10-1

-7.826 4×101

-4.189 8×103

-1.163 6×104

-2.384 0×104

1.990 5
3.500 3×101

3.960 4×102

1.468 9×10-7

1.504 7
1.223 0×101

3.200 7×10-2

4.709 2×10-2

7.791 1×101

5.273 0×10-15

4.124 6
3.015 0×105

7.516 6×10-16

1.113 7×101

1.313 3×106

TPADE
9.980 0×10-1

3.000 0
3.284 6×10-21

5.520 3×10-7

3.166 4×10-1

1.415 7×10-10

1.350 5×10-3

6.530 9×10-1

2.030 8×10-7

1.985 2×103

1.265 1×105

4.341 0×10-8

2.651 6×10-2

9.964 2
2.513 9

2.765 1×101

1.086 4×102

8.211 1×10-22

9.188 5×10-7

4.030 8×10-1

-1.158 4×10-1

-3.475 1×10-1

-1.154 1×102

-2.743 2×103

-5.056 5×103

-1.408 6×104

2.173 5×101

1.866 6×102

8.452 9×102

5.745 2×10-11

3.131 8×10-4

7.351 5×10-2

1.160 5×10-5

1.079 9×10-6

1.032 8
6.638 6×10-23

6.755 2×10-8

1.246 8×10-2

2.470 5×10-21

3.161 0×10-7

2.527 6×10-1

Fig. 1　Convergence curves for two⁃dimensional benchmark functions.  （a） Shekel’s Foxholes； （b） Goldstein⁃Price
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3　Simulation Experiment

3. 1　Parameters settings

To further validate the adaptability and effectiveness of 
the TPADE algorithm， we simulated complex and 
simple environments using a 20 × 20 map.  In the com‐
plex environment， the map is densely packed with ob‐
stacles， having a density greater than 0. 5， and the aver‐
age distance between obstacles is less than 3 units， un‐
like the simple environment.  Table 2 lists the specific pa‐
rameters for these map environments and the basic param‐
eters for the algorithms.

3. 2　Experimental results

The TPADE algorithm was tested for its effectiveness 
in path planning in two different map environments.  This 
evaluation compared TPADE with PSO， MVO， im‐
proved DE （IDE）， HADE， and MTDE algorithms under 
identical conditions to assess performance in environ‐

ments of varying complexity.  The comparison results are 
listed in Table 3.

According to the experimental results， the TPADE al‐
gorithm plans a path length of 28. 527 138 in simple envi‐
ronments and 31. 963 990 in complex environments.  In 
various scenarios， the TPADE algorithm finds shorter 
path lengths than the PSO， MVO， IDE， HADE， and 
MTDE algorithms， as evidenced by the bolded figures in 
Table 3.  Figs. 3 and 4 depict the final planned pathways 
and optimization iteration curves produced from PSO， 
MVO， IDE， HADE， MTDE， and TPADE algorithms in 
simple and complex environments.  The small window in 
Fig. 4 is a detailed presentation of the iteration results of 
the above algorithms.  In conclusion， the TPADE algo‐
rithm outperforms other algorithms in terms of adaptabil‐
ity and accuracy when dealing with path planning prob‐
lems.

Table 3　Path length comparison

Algorithm
PSO

MVO
IDE

HADE
MTDE
TPADE

Path length
Simple environment

33.424 683
32.468 352
34.064 297
28.629 988
29.381 086
28.527 138

Complex environment
39.543 204
36.307 136
35.190 763
32.614 272
43.378 204
31.963 990

Table 2　Parameters settings
Parameter

Size of map
Starting point

End point
Generation
Population

xmin
xmax

Setting
20×20
[1, 1]

[20, 20]
200
50
1

20

Fig. 2　Convergence curves for 100⁃dimensional benchmark functions.  （a） Sphere； （b） Penalized2

Fig. 3　Path planning for mobile robots in simple and complex environments.  （a） Simple environment； （b） Complex environment
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4　Conclusions

（1） The TPADE algorithm is introduced as an innova‐
tive approach to path planning， providing a novel per‐
spective on solving these complex problems.
（2） The TPADE algorithm features a strategy for updat‐

ing the population before each iteration and utilizes a cha‐
otic strategy to mutate individuals with poor fitness val‐
ues， thereby successfully improving population diversity 
and guiding the population toward the optimal solution.
（3） The TPADE algorithm incorporates a two‐stage 

strategy for adjusting the scaling factor， guided by an in‐
dividual’s orientation factor.  Initially， the algorithm 
adapts to the map environment according to the complex‐
ity of the surroundings.  Later， it refines the scaling fac‐
tor using individual and global experiences， boosting 
convergence performance.
（4） Compared with other algorithms like PSO， DE， 

MVO， HADE， and MTDE through benchmark func‐
tions， the TPADE algorithm demonstrates better conver‐
gence performance and speed.
（5） In mobile robot path planning simulations， 

TPADE outperformed PSO， MVO， IDE， HADE， and 
MTDE algorithms， showing greater accuracy and adapt‐
ability in addressing path planning challenges.
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基于两阶段DE算法的机器人路径规划及应用
孙哲 1， 程佳佳 1， 毕云蕊 2， 张旭 3， 孙知信 1

（1.南京邮电大学江苏省邮政大数据技术与应用工程研究中心，南京 210003； 2.南京工程学院自动化学院，南京 211167；

3.安徽邮谷快递智能科技有限公司，芜湖 241399）
摘要： 针对路径规划问题，提出了一种基于两阶段参数调整的差分进化算法。受群体行为的启发，该算法提

出了一种缩放因子的两阶段调整策略，前期根据环境复杂度适应性调整，后期结合个体的方向因子，考虑自

身与全局经验进行自适应调整，有效提升了全局搜索能力。同时，设计了一种新的种群更新策略用于更新

和保留适应度良好的个体，从而提高了种群多样性。在不同维度的基准函数测试中，所提算法均表现出更

好的收敛精度和速度。进一步地，采用所提算法进行路径规划仿真实验。结果表明，该算法在简单和复杂 2
种地图环境下规划出的路径长度分别为 28. 527 138 和 31. 963 990，均优于其他对比算法，因此所提算法在

路径规划中具有更强的适应性和更高的效率。

关键词：路径规划；差分进化算法；网格法；参数自适应调整
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