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Multi Drones Target Allocation Auction Algorithm
Based on DQN Bidding Strategy

CHEN Zihao, HU Chunhe

(School of Technology, Beijing Forestry University, Beijing 100083, China)

Abstract To maximize the revenue of task matching and success rate for multi drone monitoring target al-
location, as well as minimize the costs of path length and obstacle collision risks, this paper proposes an
autonomous evolutionary auction algorithm based on a data-driven reinforcement learning method that in-
tegrates deep Q-network (DQN) bidding strategy. This algorithm first constructs a Markov decision mod-
el for multi drone task target auction, and constructs a new type of DQN bidding and auctioning decision
neural network model with taking the remaining bidding capacity of bidders as the environment, output-
ting the price increase factor as the action, and the increase in auction revenue before and after the two
rounds as the return. This model constructs a reinforcement learning training sample library that includes

elements such as auction environment, markup factors, and returns. During the auction process, the DQN
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neural network is continuously trained in an offline learning mode, allowing it to output markup factors
based on the auction environment according to the DQN strategy during the auction process, achieving op-
timization of auction results and revenue. Finally, the simulation of multi drone and multi monitoring tar-
get allocation verifies the effectiveness of the target allocation method based on the DQN auction mecha-
nism proposed in this paper. Compared with the results of traditional auction algorithms, the auction reve-
nue obtained by this method is increased by 21. 4%.

Key words multi drones;auction algorithm; DQN; multi-objective allocation;auction proceeds
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Table 2 Bidding strategy of auction algorithm under the influence of DQN mechanism

Bidding strategy of auction algorithm under the influence of DQN mechanism

1 DQN in->S:{N,P}
2 For Every bidder U,

3 If The bidder has not been assigned

4 For Every objects T,

5 If The object needs to continue to assign bidders N; >0
6 Aesp=DQN out-—>a

7 P,,=VWU.T,1—=V, mTAesp

8 P=[P.P;,],N,—= 1,DQN train

9 End If

10 End for

11 End If

12 End for
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Fig. 1 Schematic diagram of auction process of multi-UAV detection target
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Table 3 Number of UAVs required for the mission

Target Number of UAVs required Target Number of UAVs required
Bl 2 B6 3
B2 1 B7 2
B3 6 B8 1
B4 3 B9 4
B5 1 B10 2
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Fig. 3 Experimental training process of different optimizers
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Fig. 5 The distribution results of some experiments in comparison group 1~9
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Table 4 Statistics and comparison of experimental results of each algorithm

Average promotion rate of
Traditional
Algorithm PSO HFPSO CLPSO  EPSO GGL-PSOD BDQNBA BDQNBA compared with
auction algorithm
traditional auction algorithm

Experimental

586 598 621 634 667 577 701 21.4%
group
comparison
group 1~30 564, 1 574.6 584.9 597. 6 613.7 555. 6 667. 3 20. 1% (£5%)
(average)
comparison
346 357 362 387 391 356 413 22.9%
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