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Abstract—Tethered unmanned aerial vehicle base station (TUBS), which receives constant power from the ground, is a
promising technology to solve the problem of UBS performance degradation and is suitable for use as base stations. In addition,
the concept of integrated access and backhaul (IAB) has been introduced for efficient frequency resource utilization. Herein,
we propose a double deep Q-network-based TUBS positioning and resource allocation to maximize the sum-rate in TUBS-
aided IAB networks.
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I . Introduction II. Simulation Results & Conclusion

Tethered unmanned aerial vehicle base station (TUBS),
which receives constant power from the ground, is a promising
technology to solve the problem of UBS performance
degradation and is suitable for use as a base station [1]-[3]. In
addition, the concept of integrated access and backhaul (IAB)
has been introduced and standardized for efficient frequency
resource utilization [4]. Herein, we propose a double deep Q- “ :
network (DDQN)-based TUBS positioning and resource Fig. 2. (a) Accumulated average reward vs. episode (b) Test results
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allocation to maximize the sum rate in an aerial TUBS-aided across 200,000 trials
IAB network.

We consider fixed TUBS 3D positioning (FT3P), fixed
transmission power allocation (FTxPA), fixed subchannel
allocation (FSA), random action, and reward-optimal as
benchmarks to analyze the performance of the proposed
algorithm in a three-agent scenario. The BW is 20 MHz and N
is 3. As shown in Fig. 2(a), the proposed algorithm converged
closely to the optimal and outperformed the other benchmark
Agent MBS TUBS algorithms. Specifically, the proposed demonstrated gains of
State Bl(qi?k) (0), Tx,;(1) Blaz,k') (1), TX]- (1), Di () 8.97 %, 13.54 %., and 37.2 % Cpmpareq with the FSA, FTXPA,

and FT3P algorithms, respectively. Fig. 2(b), shows that the
performances of the algorithms deteriorated slightly as the

II. Proposed DDQN-based Joint Optimization Algorithm

We consider a two-tier IAB network consisting of MBS,
TUBS:S, and ground users. The MDP of the proposed algorithm
is defined as shown in Table 1.
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Table 1. Markov Decision Process (MDP) design
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