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RCS Reduction Method for Sparse Array Dual-Subarray Based on
MAAM-LKN Model
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Abstract: The radar cross section (RCS) of an array antenna equals the product of the antenna scattering element fac-
tor and the array factor. Typically, sparse array arrangement optimization is used to suppress the peak value of the scattering
array factor. In recent years, deep learning-based methods for sparse array RCS reduction have effectively improved the re-
al-time stealth performance. However, sparse optimization cannot mechanically remove the elements from the array in real
time. The load matching and active cancellation methods are used as the equivalent method to delete the passive elements,
but these methods cannot reduce the RCS of passive elements to zero, they can only reduce it to a small value. Existing deep
learning-based sparse array RCS reduction methods are designed for scenarios where the RCS of passive elements is zero.
So, these existing methods unsuitable for practical applications. To address this issue, this paper proposes a sparse array du-
al-subarray RCS reduction method based on a light kernel network with multimodal and augmentation attention mechanism

(MAAM-LKN). Specifically, considering that the RCS of passive elements is usually non-zero, a passive RCS factor of ele-
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ment is introduced. A problem model and objective function for sparse array dual-subarray optimization are established, and
the MAAM-LKN model simultaneously optimizes the array arrangements of both the active and passive subarrays. This re-
duces the RCS of both subarrays and ultimately minimizes the overall RCS of the array. Moreover, since existing neural net-
work models for sparse array RCS reduction lack focus on important information, an augmented attention mechanism is de-
signed in the MAAM-LKN model to weight features according to their importance. This addresses the issue of insufficient
emphasis on key features during feature propagation. Additionally, to enhance the model’s comprehension capability, the
multimodal is introduced to achieve more effective extraction and perception of key features. Simulation results show that
under different passive element RCS factor values, dual-subarray optimization can effectively improve the RCS reduction
performance compared to single-subarray RCS optimization. The maximum RCS reduction value can be improved by more
than 2.72 dB, and the average RCS reduction value can be improved by more than 0.19 dB. When the RCS of passive ele-
ments is non-zero, the MAAM-LKN model achieves an accuracy of 91.09% and an average RCS reduction of 5.9 dB, both

higher than other neural network models, while maintaining comparable model complexity.
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Figure 2 Overall framework diagram
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Figure 6 The RCS reduction results of single and dual subarrays with different numbers of active array element (¢=0.2)
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Figure 7 The RCS reduction results of single and dual subarrays with different numbers of active element (1=0.3)
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Figure 9  The simulation results of test accuracy with training epochs
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