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Abstract: Due to the issues of slow convergence speed and low accuracy in swarm intelligence algorithms for UAV path 

planning, this paper proposes An Improved Bird Swarm Algorithm with dynamic grouping strategy(DGSBSA).This method 

introduces strategies such as dynamic grouping and reverse foraging to enhance the algorithm's performance.During the iteration 

process, dynamic grouping is performed based on the positions of the bird swarm to enhance population diversity.The 

experimental results demonstrate that the proposed DGSBSA algorithm improves the algorithm's accuracy and enhances the 

convergence speed in the path planning process. 
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1. Introduction 

With the rapid development of machine learning, deep 

learning, visual perception, and data fusion technologies, 

UAV technology has become a critical focus of military and 

technological competition in many countries.Path planning 

technology is one of the key technologies for enabling 

autonomous movement in robots, with unmanned intelligent 

devices completing both indoor and outdoor tasks through 

embedded path planning algorithms. 

According to existing research on UAV path planning, the 

path planning problem for UAVs in complex environments is 

typically formulated as a discrete constrained optimization 

problem to ensure the feasibility of the flight path.However, 

the degree of discretization in the flight environment is 

difficult to control.A low degree of discretization may result 

in the omission of important map information, while a high 

degree of discretization may lead to an excessively large 

search space.In this case, the UAV path planning problem has 

been proven to be a challenging NP-hard problem [1], 

requiring effective algorithms to find the optimal flight 

path.Considering the variability of the environmental 

scenarios in which UAVs perform tasks, an improved Bird 

Swarm Algorithm with dynamic grouping strategy is 

proposed. 

The remainder of this paper is organized as follows:Section 

1 introduces UAV path planning algorithms; Section 2 

analyzes the current research status of UAV path planning 

algorithms; Section 3 discusses the direction of algorithm 

improvements; Section 4 analyzes the experimental results; 

and finally, conclusions are drawn in Section 5. 

2. Research Status 

The earliest proposed Bird Swarm Algorithm, which lacks 

an inertia weight, is referred to as the initial Bird Swarm 

Algorithm.In 2016, literature [2] first introduced an inertia 

weight strategy to improve the Bird Swarm Algorithm. The 

inertia weight was added to the initial Bird Swarm Algorithm 

to modify the position update formula during foraging, 

allowing for better coordination between individual birds and 

the entire flock, which is beneficial for optimization.In 

literature [3], the Levy flight strategy was used to initialize 

the bird swarm positions in order to increase the diversity of 

the swarm and facilitate escaping local optima.In literature [4], 

the deficiencies of the Bird Swarm Algorithm were addressed, 

and the algorithm was improved through migration strategies 

and mutation methods, which enhanced its convergence 

efficiency.In literature [5], to address the issue of reduced 

diversity in the later stages of the Bird Swarm Algorithm, 

which leads to a tendency to fall into local optima, the black 

hole theory strategy was introduced to improve the 

algorithm.In literature [6], improvements were made to the 

algorithm's foraging behavior and other parameters, 

effectively enhancing the algorithm's optimization capability. 

In summary, the research on the Bird Swarm Algorithm has 

made certain advancements in both algorithm theory and 

applications. However, the algorithm still has model 

deficiencies, a tendency to fall into local optima, and 

shortcomings in optimizing in dynamic environments.To 

address these shortcomings, this paper proposes DGSBSA. 

By employing dynamic grouping strategy, nonlinear control 

parameter strategy, and reverse foraging strategy, the defects 

of the Bird Swarm Algorithm (BSA) are resolved. 

Experimental results show that DGSBSA converges faster 

and performs better than both BSA and IBSA in the same 

environmental model. 

3. The DGSBSA Algorithm 

3.1. Problem Description 

To enhance the precision of UAV path planning, we 

establish a continuous constrained optimization problem. 

Incorporating key elements like environmental conditions 

and UAV capabilities. 

The i-th waypoint of the flight path is denoted aspi, and its 

coordinates are marked as(𝑥𝑝𝑖 , 𝑦𝑝𝑖 , 𝑧𝑝𝑖). Therefore, the flight 

path is represented as: 

𝑃𝑎𝑡ℎ =  [𝑝1𝑝2⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  , ⋯ , 𝑝𝑖𝑝𝑖+1⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  , ⋯ , 𝑝𝑛−1𝑝𝑛⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ]         (1) 

Where, Path represents the flight path, as shown in Figure 

1, where 𝑝1 and 𝑝𝑛 denote the starting point and the target 

point, respectively. 𝑝𝑖𝑝𝑖+1⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑    represents the vector segment 

from waypoint 𝑝𝑖  to waypoint 𝑝𝑖+1. 
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Figure 1. UAV Flight Path 

In the optimization problem, the cost function of UAV path 

planning is associated with the energy consumption of the 

flight path and its feasibility. 

𝐶𝑜𝑠𝑡𝐿  =  ∑ ‖𝑝𝑖𝑝𝑖+1⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑  ‖𝑛−1
𝑖 = 1                         (2) 

𝐶𝑜𝑠𝑡𝐻  =  𝑎1 ∑ |𝑧𝑝𝑖 − ℎ𝑚𝑒𝑎𝑛|
𝑛
𝑖 = 1  +  𝑎2 ∑ |𝑧𝑝𝑖 − ℎ𝑙𝑖𝑚𝑖𝑡|

𝑛
𝑖=1       

 (3) 

ℎ𝑚𝑒𝑎𝑛  =  
1

𝑛
 ∑ 𝑧𝑝𝑖

𝑛
𝑖 = 1                         (4) 

ℎ𝑙𝑖𝑚𝑖𝑡  =  (ℎ𝑚𝑎𝑥  −  ℎ𝑚𝑖𝑛)/2                    (5) 

Eq.(2) represents the displacement cost function.Eq.(3)-(5) 

represent the altitude cost functions.The total cost function is 

as follows: 

𝑇𝑜𝑡𝑎𝑙𝐶𝑜𝑠𝑡 =  𝜔1𝐶𝑜𝑠𝑡𝐿  + 𝜔2𝐶𝑜𝑠𝑡𝐻               (6) 

In Eq.(6),where 𝜔1 and 𝜔2  are the weight factors; 

𝐶𝑜𝑠𝑡𝐿 and 𝐶𝑜𝑠𝑡𝐻  are the length cost function and altitude 

cost function mentioned above, respectively. 

3.2. DGSBSA 

The proposed DGSBSA introduces dynamic grouping 

strategy, nonlinear control parameter strategy, and reverse 

foraging strategy based on the BSA.In subsequent iterations, 

through dynamic grouping, the definitions of the bird swarm's 

relative velocity and cohesion are established. The entire bird 

swarm is randomly divided into multiple subgroups, and the 

diversity of each subgroup in the optimization process is 

assessed and adjusted. This promotes information exchange 

between different groups. The dynamic grouping strategy 

occurs with a fixed probability.These operations increase the 

diversity of the population, helping it escape from local 

optima and enhancing its search capability. At the same time, 

they reduce the individual differences within the swarm, 

improving convergence accuracy. 

3.2.1. Dynamic Grouping Strategy 

To address the issue of the traditional Bird Swarm 

Algorithm easily falling into local optima, in DGSBSA, the 

entire bird swarm is randomly divided into H subgroups, with 

each subgroup consisting of K individuals. To enrich the 

diversity of the population, each subgroup uses its own 

individuals' information to find more promising foraging 

positions. 

3.2.2. Nonlinear Control Parameter Strategy 

A nonlinear control parameter based on the inverse sine 

function is introduced during the bird swarm foraging process 

to enhance the optimization ability of finding the global 

optimal solution.The parameter modeling is as follows: 

𝑠ℎ𝑟𝑖𝑛𝑘 =  2 −
4

𝜋
∙ 𝑎𝑟𝑐𝑠𝑖𝑛((

𝑡

𝑇𝑚𝑎𝑥
)2)                (7) 

In Eq.(7),Where 𝑇𝑚𝑎𝑥 represents the maximum number of 

iterations, and t represents the current iteration number. 

3.2.3. Reverse Foraging Strategy 

To increase the optimization efficiency of the bird swarm, 

the stagnation state of the swarm's convergence during 

iterations is measured by the multiple of the cohesion.The 

similarity Si,z  between bird i and bird z, and the cohesion 

cn(t) at a certain time are defined as follows: 

𝑆𝑖,𝑧  =  1 − (𝑥𝑖,𝑑 − 𝑥𝑧,𝑑)/𝑚𝑎𝑥|𝑢𝑏 − 𝑙𝑏|            (8) 

𝐶𝑛(𝑡)  =  
1

𝑛
∑ 𝑆𝑖,𝑝

𝑛
𝑖=1                             (9) 

Where μb and lb represent the upper and lower bounds of 

the search, respectively, and n represents the size of the bird 

swarm. 

By combining the aforementioned nonlinear control 

parameter strategy and the cohesion of the bird swarm, the 

position update formula for the bird swarm foraging is 

adjusted as follows: 

When 𝐶𝑛(𝑡) < 𝜆𝐶𝑛(1) , the corresponding foraging 

position is: 

𝑥𝑖,𝑗
𝑡+1  =  𝑠ℎ𝑟𝑖𝑛𝑘 ∙ 𝑥𝑖,𝑗

𝑡 + (𝑝𝑖,𝑗 − 𝑥𝑖,𝑗
𝑡 ) × 𝐶 × 𝑟𝑎𝑛𝑑(0,1) +

(𝑔𝑗 − 𝑥𝑖,𝑗
𝑡 ) × 𝑆 × 𝑟𝑎𝑛𝑑(0,1)                        (10) 

When Cn(t) > λCn(1) , the corresponding foraging 

position is: 

𝑥𝑖,𝑗
𝑡+1  =  𝑠ℎ𝑟𝑖𝑛𝑘 ∙ 𝑥𝑖,𝑗

𝑡 − (𝑝𝑖,𝑗 − 𝑥𝑖,𝑗
𝑡 ) × 𝐶 × 𝑟𝑎𝑛𝑑(0,1) −

(𝑔𝑗 − 𝑥𝑖,𝑗
𝑡 ) × 𝑆 × 𝑟𝑎𝑛𝑑(0,1)                       (11) 

3.3. Summary of the DGSBSA Algorithm Steps 

1.Initialize Parameters. 

2.Dynamically group the bird swarm based on the dynamic 

grouping probability. Calculate the cohesion between 

individuals. 

3.Execute the foraging strategy or reverse foraging strategy 

based on the cohesion. 

4.Update the position and fitness of each individual. 

5.Update the cost function calculation based on the updated 

positions. 

6.Repeat steps 2-5 until the maximum number of iterations 

is reached, and output the final solution. 

4. Simulation and Experimentation  

4.1. Simulation 

The simulation experiments in this paper were carried out 

in the Gazebo environment on an Ubuntu 22 system, with the 

11th Gen Intel® Core™ i7 - 1165G7 processor being used. 

The experimental environment was carefully constructed and 

configured to ensure that the actual operation conditions of 

the UAV in real scenarios could be accurately simulated. 

During this process, we took into full consideration the 

impacts of various environmental factors, such as the 

potential interferences of wind speed, air pressure, etc. on the 

flight trajectory of the UAV. The experimental environment 

setup parameters are shown in Table 1. 
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Table 1. Threat Area Information 

 

4.2. Analysis of Experimental Results 

This paper primarily analyzes the algorithm from two 

aspects: the accuracy of the UAV path planning algorithm and 

the convergence of the algorithm.To demonstrate the 

advantages of the DGSBSA algorithm, this paper compares 

the performance of BSA, ABSA, GWO, HGS, and DGSBSA 

under the same conditions.The details of the comparison 

function parameters are shown in Table 2. 
Table 2. Details of Comparison Function Parameters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 3. Algorithm Accuracy Results 

 

  Mean   

Model GWO PSOG

WO 

BSA ABSA DGSB

SA 

1 5.8455E

-54 

8.9738E

-07 

1.6217E

-02 

8.1861E

-236 

0.0000E

+ 00 

2 -

9.8148E 

+ 00 

-

7.2683E 

+ 00 

-

9.9493E 

+ 00 

-

9.2310E 

+ 00 

–

1.0134E

+01 

  Std   

1 1.0813E

+03 

3.4257E 

+ 03 

7.8348E

+02 

1.2402E 

+ 03 

2.8955E 

+ 01 

2 5.9029E

+02 

3.0228E 

+ 00 

3.3248E 

+ 00 

2.1657E 

+ 00 

9.3076E

-01 

Table 3 shows the mean and standard deviation results of 

the final algorithm accuracy for UAVs using different path 

planning algorithms under the same model. The comparison 

indicates that the improved method has lower values for both 

the mean and standard deviation, suggesting that the accuracy 

of the algorithm has been improved compared to other 

algorithms. 

 
Figure 2. The convergence curve graphs of DGSBSA, BSA, 

ABSA, GWO, and PSOGWO 

In Figure 2, the bottom curve represents the convergence 

speed of DGSBSA. The experiment shows that, compared to 

other path planning algorithms, the proposed algorithm 

demonstrates a significant improvement in convergence 

speed. 

5. Conclusion 

To address the issues of slow convergence speed and poor 

diversity in UAV path planning, this paper proposes an 

improved BSA algorithm (DGSBSA) that integrates a 

dynamic grouping strategy.By introducing a dynamic 

grouping strategy to improve population diversity, a 

nonlinear parameter control strategy to enhance convergence 

accuracy, and a reverse foraging strategy to accelerate 

convergence speed.The experimental results show that the 

proposed method not only improves algorithm accuracy but 

also enhances convergence speed, significantly increasing 

algorithm efficiency and the effectiveness of UAV path 

planning. 
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