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Introduction 

Binaural beamforming in hearing aids aims to preserve the 
target source and suppress interfering sources, while preserv-
ing spatial cues of all sources to support localization and 
spatial awareness. By combining microphones from the left 
and right devices, binaural processing can achieve higher 
spatial selectivity than monaural beamforming [1]. Hearing 
aids are not only interference-reduction devices; they are 
also spatial devices. The binaural outputs should preserve 
key interaural cues, mainly interaural time difference (ITD) 
and interaural level difference (ILD), because these cues 
support localization, spatial awareness, and separation of 
competing sources. If these cues are distorted, users may 
experience unstable source locations or an unnatural spatial 
impression, even if the signal-to-interference ratio improves. 
This creates a practical trade-off between interference sup-
pression and cue preservation, and it motivates binaural 
beamformers that explicitly constrain the binaural output so 
that target cues (and sometimes interferer cues) remain con-
sistent with cues in the input reference microphones. 

Most binaural beamformers rely on steering information via 
acoustic transfer functions (ATFs) derived from direction 
estimates or tracking. These steering vectors describe how a 
source at a given direction is observed across the micro-
phone array, and they are required to enforce distortionless 
target constraints and, depending on the algorithm, interferer 
cue constraints [2]. In practice, steering information is ob-
tained from direction-of-arrival estimation, tracking, and/or 
HRTF-based models, and it is therefore imperfect. A steer-
ing error changes the assumed steering vectors used in the 
constraints, which can reduce suppression and introduce cue 
distortions. The problem becomes more critical in dynamic 
scenes. When sources move, the acoustic scene is time-
varying and the beamformer must rely on time-varying steer-
ing and time-varying statistics. It remains to be studied 
whether a simple systematic steering bias can interact with 
motion and lead to sharper performance degradation than in 
a stationary scene. This would mean that stationary robust-
ness results can be optimistic and can hide differences be-
tween beamformers that become visible only when the target 
and/or interferer move. 

The objective of this work is to quantify how source motion 
changes the robustness of binaural beamformers to steering 
estimation error, using a controlled simulation framework 
that isolates this factor. We compare five representative 
binaural beamformers - BLCMV [3], BMVDR [4], 
BMVDR-RTF [4], Relaxed-BLCMV [5], and BLCMV-
SRM [6] - under the same signal model, the same scene 
generation pipeline, and the same mismatch injection. Four 
behind-the-ear (BTE) microphone signals are synthesized 

using measured BTE impulse responses. We evaluate a sta-
tionary baseline and a dynamic test case in which both the 
target and the interferer follow linear azimuth sweeps (60°/s) 
in a circular path. A controlled angular steering bias 𝛿 is 
applied to the assumed azimuth used for ATF selection, 
while the microphone signals are always generated from the 
true trajectories. Performance is evaluated using signal-to-
interference ratio improvement (∆SIR). The results show that 
stationary tests can be optimistic – most methods degrade 
gradually with 𝛿 and appear similarly robust. Under motion, 
suppression exhibit sharp breakdown thresholds at moderate 
mismatch, and the differences between beamformers become 
clearer; in particular, relaxed or SRM-based designs tend to 
degrade more gradually than hard equality-constrained de-
signs. 

Signal Model of Binaural Beamforming 

We describe binaural beamforming in the short-time Fourier 
transform (STFT) domain. We consider a scenario with a 
single target and interfering source. At time frame 𝑡 and 
frequency bin 𝑘, the stacked M-microphone hearing aid 
snapshot is 

𝒛(𝑡, 𝑘) = 𝒂(𝑡, 𝑘)𝑠(𝑡, 𝑘) + 𝒃(𝑡, 𝑘)𝑢(𝑡, 𝑘), 

where 𝑠(𝑡, 𝑘) is the target component, 𝑢(𝑡, 𝑘) is the interfer-
er component, and 𝒂(𝑡, 𝑘), 𝒃(𝑡, 𝑘) ∈ 𝐶𝑀 are the correspond-
ing acoustic transfer function (ATF) vectors to the micro-
phones. The binaural hearing aid outputs are produced by 
two complex filters 𝒘𝐿  and 𝒘𝑅, 

𝑦𝐿(𝑡, 𝑘) = 𝒘𝐿
H(𝑡, 𝑘)𝒛(𝑡, 𝑘),       𝑦𝑅(𝑡, 𝑘) = 𝒘𝑅

H(𝑡, 𝑘)𝒛(𝑡, 𝑘) 

BLCMV Beamformer 

The binaural linearly constrained minimum variance 
(BLCMV) beamformer [3] designs 𝒘𝐿  and 𝒘𝑅 by minimiz-
ing output power while enforcing linear equality constraints 
for both sources. Using interferer gain 𝜂 ∈ [0,1], the left-ear 
BLCMV problem is 

min
𝒘𝐿

𝒘𝐿
H𝑹𝒛𝒘𝐿      𝑠. 𝑡.    𝒘𝐿

H𝒂 = 𝑎𝐿 ,   𝒘𝐿
H𝒃 = 𝜂𝑏𝐿 , 

where 𝑹𝒛 is the spatio-temporal covariance matrix of 𝒛 up-
dated as 𝑹𝒛(𝑡, 𝑘) = 𝛾𝑹𝒛(𝑡 − 1, 𝑘) + (1 − 𝛾) 𝒛(𝑡, 𝑘)𝒛H(𝑡, 𝑘) 
with 𝛾 being the forgetting factor and 𝑎𝐿 , 𝑏𝐿 are the reference 
ATF values. The constraints aim to preserve binaural cues 
by forcing the target (and interferer) responses at each output 
to match the corresponding reference-microphone responses. 
The closed-form solutions of the BLCMV weights are 

𝒘𝐿 = 𝑹𝒛
−1𝑪(𝑪H𝑹𝒛

−1𝑪)−1𝒈𝐿 ,     𝒘𝑅 = 𝑹𝒛
−1𝑪(𝑪H𝑹𝒛

−1𝑪)−1𝒈𝑅 , 

where 𝑪 = [𝒂, 𝒃], 𝒈𝐿 = [𝑎𝐿 , 𝜂𝑏𝐿]H and 𝒈𝑅 = [𝑎𝑅 , 𝜂𝑏𝑅]H. 
The important thing to note is that the weights of the beam-
former depends on the ATFs of both the sources, So, error in 

DOI: 10.71568/daga2026.395 DAGA 2026 Dresden

491



ATF estimation effects the performance of the beamformer, 
which we study in this work.  

Compared Beamformers 

Other than the BLCMV beamformer, we also analyzed four 
other beamformers. BMVDR enforces distortionless 
reproduction of the target and uses the remaining degrees of 
freedom primarily for interference suppression; because it 
does not explicitly constrain the interferer, it can noticeably 
distort interferer binaural cues. BMVDR-RTF extends 
BMVDR by adding an interferer cue-preservation constraint 
(preserving the interferer’s interaural transfer behavior), 
which typically improves cue stability under processing, 
often with some reduction in maximum suppression. 
Relaxed-BLCMV starts from the BLCMV idea but softens 
the interferer constraints using a relaxation parameter, 
allowing a controlled trade-off between interferer reduction, 
cue preservation, and robustness when steering is imperfect. 
BLCMV-SRM replaces strict interferer cue preservation 
with a Spatial Release from Masking (SRM) motivated cue 
target, aiming to increase perceptual separation. 

Simulation Setup 

We use head-related impulse responses from two  
microphones in a behind-the-ear (BTE) hearing aid shell 
worn by a manikin and measured with a resolution of 0.5o 
on the horizontal plane. For a given source azimuth, the 
corresponding BTE impulse responses are obtained by 
nearest-neighbour lookup on the azimuth grid. For time-
varying source directions, this lookup is repeated over time 
so that moving sources are rendered with time-varying 
impulse responses. 

The dry target and interferer signals are harmonic complex 
tones (HCTs) to obtain repeatable broadband excitation. The 
target and interferer are generated with different fundamental 
frequencies, and the harmonic starting phases are random-
ized. The reason for choosing HCT signals over speech is 
that they are stationary, fully controllable signals with 
energy across the frequency spectrum. So, changes in 
suppression and spatial cues by the beamformers can be 
attributed to ATF mismatch and motion rather than speech 
dynamics. This is ideal for a robustness study. The interferer 
is RMS-normalized to the target before binaural rendering. 
In the time domain, each source is rendered to the four 
microphones by convolution with the corresponding BTE 
impulse responses, producing target-only signals, interferer-
only signals, and the mixture. Beamforming is performed in 
the STFT domain using a 512-sample Hamming window, 
50% overlap (hop 256 samples), and a 512-point FFT. 

Spatial Scenarios: Stationary Baseline and Dynamic Test 
Case 

We evaluate two scenarios.  

Stationary Baseline: The target and interferer remain at 
fixed azimuths (45o and 300o, respectively) throughout the 
full signal duration of 2s. This scenario provides a reference 
condition in which the acoustic scene is time-invariant. 

Dynamic Test Case (both sources moving): The target and 
interferer follow linear azimuth sweeps in a circular path 

around the hearing aid user with constant angular velocity. 
In the experiments reported in this paper, both sources move 
at 60o/s. The target sweeps from 5o to 125o, and the 
interferer sweeps from 235o to 355o over the signal 
duration of 2s. For moving scenes, acoustic rendering is 
performed using time-varying convolution: at each time 
sample, the nearest azimuth is selected and the 
corresponding impulse responses are applied. In this 
evaluation, sources will thus jump in 0.5° intervals which 
was found not to cause audible artifacts. 

Steering Mismatch Model 

Steering mismatch is injected only in the assumed azimuth 
used to construct steering vectors for beamforming. The 
microphone signals are always generated using the true 
trajectories. We use a controlled angular bias model: 

𝜃̂(𝑡) = 𝜃(𝑡) + 𝛿, 

where 𝜃(𝑡) is the true azimuth trajectory and 𝜃̂(𝑡) is the 
azimuth used inside the beamformer for ATF selection. The 
mismatch parameter 𝛿 is constant over time for a given run 
and is applied in both the stationary and dynamic scenarios. 
In the stationary case, it is a constant offset on the fixed 
target and interferer azimuths. For the dynamic test case, the 
bias is applied to the assumed trajectories of both the target 
and the interferer. This yields a simple and interpretable 
mismatch axis in degrees, and it allows direct comparison 
between stationary and moving scenes under the same 
nominal steering error. 

Evaluation Metrics 

For each run, the binaural beamformer is first applied to the 
mixture signals. The resulting time-varying beamformer 
weights are then applied to the corresponding isolated target-
only and interferer-only microphone signals, for evaluation 
purposes. This provides the output target and interferer pow-
ers under the identical beamformer, from which the output 
SIR (SIR𝑜𝑢𝑡) is computed. Input SIR (SIR𝑖𝑛) is computed 
from the unprocessed reference microphone signals. 
Suppression improvement is defined as  ∆SIR = SIR𝑜𝑢𝑡 −
SIR𝑖𝑛 in dB. 

Results 

Suppression Robustness Under Mismatch 

We study how interference suppression degrades with 
angular steering mismatch. Figure 1 compares stationary and 
moving conditions. The dashed line at 3 dB provides a prac-
tical reference level for “useful” suppression. 

a) Stationary sources: mild sensitivity and stable ranking 

In the stationary case (left), all beamformers remain fairly 
robust - ∆SIR stays high and degrades only mildly as 𝛿 in-
creases. The ranking among beamformers is stable across 𝛿, 
with BMVDR providing the largest raw suppression. This is 
consistent with the design intuition - the algorithm with the 
most freedom to minimize output power (fewest constraints) 
tends to achieve the highest suppression, while adding bin-
aural/RTF/SRM constraints spends degrees of freedom on 
cue-related constraints and therefore slightly reduces sup-  
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pression. Importantly, all stationary curves remain above the 
3 dB reference line in this setup, which makes the stationary 
case an optimistic baseline for robustness. 

b) Moving sources: motion amplifies mismatch sensitivity 

In the moving condition (right), the same steering bias pro-
duces much stronger degradation and clearer separation 
between beamformers. A strong “knee” behaviour appears – 
beyond moderate mismatch, ∆SIR drops rapidly for some 
methods. BMVDR and BLCMV show the sharpest collapse, 
transitioning from strong suppression at small 𝛿 to near-zero 
or even negative ∆SIR at larger mismatch, i.e., the pro-
cessing no longer provides net interference reduction. 
BMVDR-RTF is intermediate - it follows BMVDR at small 
mismatch but remains more stable at moderate mismatch, 
consistent with the additional interferer-cue constraint acting 
as a stabilizer. 

c) Why Relaxed-BLCMV and BLCMV-SRM degrade more 
gracefully?  

Relaxed-BLCMV and BLCMV-SRM exhibit a more gradual 
decrease of ∆SIR in the moving case. This behaviour may be 
due to the “softened” constraint systems - they do not en-
force an exact binaural condition as rigidly when the steering 
model is wrong, which avoids a sharp suppression collapse 
under mismatch. This difference is small in the stationary 
baseline but becomes pronounced under motion, where 
steering error interacts with time-varying scene statistics. 

Thus, suppression robustness is strongly motion-dependent. 
Stationary tests suggest broad robustness and stable algo- 
rithm ranking, while moving scenes produce a rapid degra-
dation region and clearer algorithm separation. 

Conclusion 

This work evaluated the robustness of five binaural beam-
formers (BLCMV, BMVDR, BMVDR-RTF, Relaxed-
BLCMV, and BLCMV-SRM) to a controlled angular steer-
ing bias 𝛿. We compared a stationary baseline to a dynamic 
test case in which both the target and the interferer move, 
and we reported suppression. Across all metrics, the station-
ary scenario was optimistic: performance degraded gradually 
with mismatch and algorithm differences were small. In 
contrast, motion strongly amplified mismatch sensitivity and 
produced clear breakdown thresholds. Suppression dropped 

rapidly beyond moderate mismatch for several methods. 
Hard equality-constrained designs (e.g., BLCMV and 
BMVDR) degraded most rapidly under motion-induced 
mismatch, while Relaxed-BLCMV and BLCMV-SRM 
showed more gradual degradation and better robustness. 
Overall, the results show that dynamic evaluation is essential 
for realistic assessment of binaural beamforming systems as 
motion reveals robustness differences between algorithms 
that remain hidden in stationary tests and is therefore the 
more informative stress case for steering-error robustness. 
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Figure 1: Suppression robustness under angular mismatch. 
∆𝐒𝐈𝐑 as a function of steering mismatch 𝜹 for the stationary 
scenario (left) and the moving scenario (right), for the five 
beamformers considered in this work. 
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