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+yq,k (yq,k - yradar)}

(5)

[i'q,k(xq,k - xradar)

HL Ry Ogp B fy 0 50 B2 kI 20075 51
H b g A T35 3 O SR B 7 £ 2 2
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F T A2 RS E bR € QI ISR A2 o i B Ax
HiEY . HEMD3IQNKH K RE T

N
L(@) = % Z [gz - Q(Si7 a;, 0)]2
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M e-greedy SIS AT RIS IR AR, FomiT:
{argmax@(sk, a,0), UMEHE(1—¢)
a. =
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3.3.3 D3QNELRIE
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12 If aize ( Replaybuffer ) > N then
13 N 5oy Je] s Hh it B R N MRS
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15 End If

6
7
8
9

16 If [F+ T x (epiaode — 1)]mod Nypylate == 0 then
17 EHHRQMESE: 0« 0

b2, fEF 1284 0, F A Relu ki H06 Fa 18 EndIf

R E AT S s IR N0.01; M T B b 19 End For

Nupdate = 503 258 FEZS 8 A5 000, k& KA HL 20 End For
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* 1 BRmREIRES

Hr WIUEHT B (km) 4 (m/s)
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6 F
4 L
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4
>Y\
~
\

-2 0 2 4 6 8 10
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— Hb1 —Hbs2 —HIR3 s FHik

4 WL At ERE

HENLEER, SCHRTRAEEIE T Python 3.13 5K
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IR 1000, WSHRME B A 1eC, [FIR X%
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JEN TR EEREA TR A, ATV B2 T D3QN
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R Rt G S R AR BB AR AL M) 8, T R4
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MAEIER A B A MRS, X RF &Mt
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EERE R T A vk . X — IR Ryl

100,000 \ DA ) A Sh R K5 0 T 24 T B Yt 70 TG 1) 2
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450 450 t
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E 350 E 350 f 220
© 300 = 300 | 200
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£ 200 £ 200y U056 81
150 150 |
100 — DRI 100 t
—— Gtk ik —_—
0 5 10 15 20 25 30 —D3QN: 4=0 0 5 10 15 20 25 30
i ——D3QN: =099 i
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v =0.99 FD3QNHE L TSR R . AFE T
()BT I8 r Fo &t T R 3h o2 — 2y, BRI 45
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A Reinforcement Learning Driven Power Allocation Algorithm
for Collocated MIMO Radar
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(Air Force Engineering University Air and Missile Defense College, Xi’an 710051, China)

Abstract:
Objective

fundamental limitations. First, it optimizes tracking performance only for the next time step, lacking a global

Traditional optimization based on power allocation algorithm for collocated MIMO radar has two

view across the entire time horizon. This myopic strategy cannot achieve optimal multiple target tracking
accuracy over a long duration, especially when target trajectories vary significantly. Second, their iterative
solving process involves nonlinear constrained optimization, which incurs high computational complexity. In
dynamic battlefield environments where target states change rapidly, such algorithms fail to meet real-time
requirements. To address these issues, this paper proposes a reinforcement learning (RL) driven power
allocation algorithm. Unlike traditional methods, the proposed approach formulates the problem as a Markov
decision process that maximizes long-term cumulative rewards. The algorithm adaptively allocates limited
power resources among multiple beams based on the current system state, balancing immediate tracking
performance and future gains.

Methods

error lower bound for each target. The state space is constructed by combining the motion states (position and

The posterior Cramér-Rao lower bound (PCRLB) is employed to quantify the theoretical tracking

velocity) of all targets and normalized PCRLB from the previous allocation. The action space consists of
discrete transmit power levels for each beam, subject to the total power budget and beam power limits. All
feasible power allocation vectors are enumerated and encoded to reduce dimensionality. The reward function is
defined as the negative weighted sum of normalized PCRLB, encouraging the agent to minimize tracking errors.
The power allocation process is formulated as a Markov decision process (MDP). The Dueling Double Deep Q-
Network (D3QN) algorithm is adopted to solve this MDP. D3QN integrates three key enhancements: (1) a

a

double network training framework (decision Q-network and target Q-network) to stabilize learning; (2)
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dueling architecture that decomposes the Q-value into state value and action advantage functions, improving
action discrimination; (3) off-policy learning with experience replay, enabling efficient use of historical
trajectories. The e-greedystrategy is used for exploration, with epsilon decaying over episodes. After offline
training, the learned network outputs power allocation decisions in real-time given the current system state,
without any iterative optimization.

Results and Discussions Simulations are conducted with three targets following constant velocity models.
Fixed power allocation yields the lowest tracking accuracy due to inefficient resource utilization. The traditional
optimization method, which minimizes the immediate tracking error, achieves moderate accuracy but remains
myopic. For D3QN with discount factor v = 0, the performance is nearly identical to the traditional method. In
contrast, D3QN with v = 0.99 achieves significantly better full time horizon accuracy. Power allocation
patterns reveal that the D3QN with v = 0.99 preemptively allocates more power to distant and low signal to
noise ratio (SNR) targets earlier, while reducing redundant power to close and high SNR targets. The training
curves show that v = 0.99 achieves a higher steady state cumulative reward, although with more oscillations
due to the complexity of estimating future returns. Moreover, the trained D3QN network outputs decisions
instantaneously, whereas traditional optimization requires solving a constrained optimization problem at each
time step, providing a clear real-time advantage.

Conclusions This paper proposes a RL driven power allocation algorithm for collocated MIMO radar multiple
target tracking that overcomes the myopic and computationally intensive limitations of traditional optimization
methods. The algorithm uses PCRLB to construct state and reward functions, models the allocation process as
an MDP, and solves it using the D3QN algorithm. Simulation results demonstrate that the approach based on
D3QN with a suitable discount factor (v = 0.99) significantly improves full time horizon target tracking
accuracy. The improvement stems from the agent’s ability to learn a long-term optimal policy that
preemptively allocates resources to future challenging targets. Furthermore, the trained network enables real-
time decision, substantially reducing computational latency from iterative solving to instantaneous forward
propagation. This work provides a new approach for intelligent radar resource management in complex
battlefield environments.

Key words: Reinforcement learning (RL); Collocated MIMO radar; Power resource allocation; Dueling Double
Deep Q-Network (D3QN) algorithm
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