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Kalman - Filter - Based Acoustic Feedback Cancellation with State Detection Model
for Fast Recovery from Abrupt Path Changes

GUO Haocheng, CHEN Kai, LU lJing
(Key Laboratory of Modern Acoustics, Institute of Acoustics, Nanjing University, Nanjing 210093, China)

Abstract: The partitioned block frequency domain Kalman filter (PBFDKF) has been applied in acoustic
feedback cancellation (AFC) due to its fast convergence and low steady-state misalignment. However, the
Kalman filter at steady state might encounter the issue of deadlock when the feedback path experiences
abrupt changes, exhibiting suboptimal tracking capabilities. In this paper, the Kalman-filter-based AFC
with state detection model (KFSD) is proposed to effectively improve the robustness against abrupt path
changes. The narrowband energy of the microphone signal, the residual signal and the update of Kalman
filter are used as the input to the state detection model. And then, the state detection results are merged
into the state estimation error covariance matrix of the Kalman filter, achieving better re-convergence
performance against the abrupt path changes. Experimental results demonstrate the superior performance of
the proposed KFSD algorithm, showcasing a high true positive rate, a low false alarm rate, and a short
state detection latency. These advantages lead to faster re-convergence and enhanced acoustic feedback
cancellation..
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Table 1 Objective evaluation index test results for all model

TR SISDR PESQ TPR/%  FAR/% Latency/ i SR FLOP/10°
KFSD-NN-v1 2.55 2.53 98.20 9.24 2.95 790 19.31
KFSD-NN-v2 3.33 2.57 99.80 2.92 3.86 830 20.59
KFSD-NN-v3 3.87 2.56 97.40 9.81 1.33 8860 8.78
KFSD-shadow  —7.90 2.14 92.40 53.56 7.67 — 5.83

KFSD-none  —30.54 1.28 — — — — —

T RAKC 7 FRom i, FRILRCT R A
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