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Abstract

In this paper, we introduce a neural network-based method
for regional speech separation using a microphone array. This
approach leverages novel spatial cues to extract the sound
source not only from specified direction but also within defined
distance. Specifically, our method employs an improved delay-
and-sum technique to obtain directional cues, substantially en-
hancing the signal from the target direction. We further enhance
separation by incorporating the direct-to-reverberant ratio into
the input features, enabling the model to better discriminate
sources within and beyond a specified distance. Experimental
results demonstrate that our proposed method leads to substan-
tial gains across multiple objective metrics. Furthermore, our
method achieves state-of-the-art performance on the CHiME-8
MMCSG dataset, which was recorded in real-world conversa-
tional scenarios, underscoring its effectiveness for speech sepa-
ration in practical applications.

Index Terms: microphone array, regional speech separation,
directional and distance cues

1. Introduction

Speech separation, which involves isolating target speech from
multiple speakers in noisy environments, is crucial for real-
world applications. Advances in this technology greatly im-
prove a range of uses, including selective listening, hearing aids,
and conference systems [1, 2].

Current speech separation methods fall into several cate-
gories. Some approaches are designed for single-channel sepa-
ration, starting with deep clustering [3] or permutation invariant
training [4]. Other methods utilize personalized characteristics
to extract a target speaker’s voice and may require an additional
module to generate speaker embeddings [5, 6]. In addition,
beamforming techniques such as delay-and-sum (DAS) [7, 8],
minimum variance distortionless response (MVDR) [9, 10], and
generalized sidelobe canceller (GSC) [11, 12] utilize spatial in-
formation to facilitate speech extraction from specific locations.

Recently, deep learning has been increasingly incorporated
to improve the robustness of spatial information-based speech
separation. For example, research in [13] utilized a neural net-
work to isolate target speech from interference sources across
different directional regions using a linear microphone array.
In [14], the authors trained the network to implicitly estimate
distance cues to separate speech within a specified distance un-
der noise-free conditions. Moreover, a method called Re-Zero
[15], captured both directional and distance cues with two cas-
caded neural networks, respectively, achieving speech separa-
tion within a spatial region using a circular microphone array.
Furthermore, there were other studies on direction-based speech
separation such as [2, 16], while research on distance-based sep-
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Figure 1: Illustration of regional speech separation. The blue
area represents the target distance range, the orange area indi-
cates the target directional range, and their overlap defines the
target speech region. “Interf.” denotes interference source.

aration remained limited [14] due to the challenges of estimat-
ing distance cues in noisy and dynamic environments.

Our research, as shown in Figure 1, focuses on neural
network-based regional speech separation (RSS) using a micro-
phone array, where the region is defined by a specified distance
and directional range. While traditional beamforming methods
such as DAS achieve only moderate initial signal enhancement
in complex environments [17], they provide crucial directional
cues that neural networks can exploit to improve separation per-
formance. Thus, we utilize an improved DAS approach as an
initial filter to optimize directional information in neural net-
work inputs. Additionally, direct-to-reverberant ratio (DRR)
[18] is inversely proportional to the square of the distance from
the talker to the microphones, which provides essential distance
information [19, 20]. By leveraging DRR as a key input feature,
we enhance the model’s ability to distinguish sound sources
within and beyond specified distance. Integrating both DAS and
DRR further refines the network’s spatial awareness, thereby
improving the overall effectiveness of RSS.

Unlike Re-Zero, which requires two independent models
for directional and distance discrimination, our solution uses an
end-to-end unified model that simultaneously constrains both
dimensions for RSS, enhancing computational efficiency and
simplifying modeling process. Moreover, the advantages of our
method are validated on the CHiME-8 MMCSG dataset [21],
which features publicly available data recorded in diverse, real-
world scenarios using smart glasses, unlike many studies rely-
ing on simulated data or controlled conditions [13, 14, 15, 22].

2. Methods
2.1. Problem formulation

In a known microphone array setup, we tackle the problem of
speech separation in scenarios with multiple speakers and back-
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ground noise. The observed mixture signal is represented as:

N
n
Yi = E xT; +v;
n=1

where ¢ € {1,2,...,M} is the index of the microphone.
yi € R” represents the i-th channel signal, with T" being the
signal length. N represents the total number of speakers, and v;
captures background noise. @' is the sound received by the i-th
microphone from the n-th speaker, with each speaker poten-
tially located at a different position. This study explores novel
directional and distance cues for RSS, which aims to extract
speech from mixtures within a specified location range.

ey

2.2. Directional cues

Although DAS beamforming may not produce entirely satisfac-
tory signals in challenging acoustic conditions, it can serve as
a preliminary filtering process that provides clearer directional
cues to guide the model learning. In this work, we build upon
the method introduced in [23], which utilizes the “delay” step
of the DAS beamforming by using a shift operation to align
far-field sources from a specified angle 6 in the time domain.

vl = shift (yi, |(@res(pe) = dipo)) - 2] ) @)

where d; (ps) and d,¢ s (pg) denote the distances from position p
at angle 6 to the i-th microphone and the reference microphone
(typically the first in the setup), respectively. c represents sound
speed, and sr is sampling rate. The floor operation |- | ensures
the computed time delay is an integer, which is then used to
shift the microphone signal y; accordingly.

We extend “delay” step by incorporating the “sum” opera-
tion, completing the DAS beamforming process:

1 M
s_ 1N~y
y —M;yz

where dividing the summation by M keeps the output on the
same scale as the input signals. This “sum” operation explicitly
enhances alignment and emphasizes the target direction.

In addition, we consider the diversity within the “sum” step
by averaging pairs of signals, providing the model with a richer
set of beamforming details to explore spatial cues:
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where vy, and y;- represent signals from different microphones,
forming a total of M (M — 1)/2 pairs. Moreover, we employ
pairwise subtraction to obtain another set of signals (omitting
the condition Vi, j € {1,2,..., M}, ¢ # j for brevity in sub-

sequent discussions):

s —
Yij =

U, =i~ Y ®)

This subtraction focuses on eliminating aligned target sig-
nals, leaving outputs with more pronounced interference and
other components. This allows the model to better understand
the patterns of non-target parts.

The signal set Yaas = {¥;,y°, Y ;,Y; ,;} is transformed
into 80-dimensional Fbank features, referred to as Yg.s, which
consists of M? + 1 channels and serves as DAS features for
directional discrimination. Increasing the number of micro-
phones expands the signal pairs, significantly raising the chan-
nel count of Yy, and potentially overwhelming processing ca-
pacity. However, our experiments show that using just a subset
of signal pairs is sufficient to achieve effective separation.
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2.3. Distance cues

Theoretically, DRR encompasses rich distance information, al-
lowing for the prediction of distance in both single-channel [18]
and multi-channel [24] scenarios. Intuitively, DRR also func-
tions as a reliable cue for training neural networks to perform
distance-based speech separation. Inspired by [25], we employ
short-time Fourier transform (STFT) features of the aligned sig-
nal pairs (y;,y;), denoted as (Y;(¢, ), Y;(¢, f)), to compute
the DRR, where (¢, f) represents time and frequency indices.
For simplicity, (¢, f) will be omitted in subsequent discussions.
First, we calculate the gain of Y; with respect to Yj:

v
5J |1/1|+€

©)

where € is a small positive value for numerical stability. The
gain G; ; then serves as compensation factor to adjust the am-
plitude of Y; using element-wise multiplication:
Y=Y, 0G;, N
Since the time delay of alignment in Equation (2) is calculated
based on the source’s direct path, we follow [25] in assuming
that the direct sound in Y; matches that in the compensated
signal Y;?. Consequently, the residual energy is calculated as:

®)

where R; ; includes energy from reverberation, misaligned in-
terference sources and noise. The aligned direct sound energy
is then determined by:

Ri;=Y; - Y

Di; = |Y;|" - Ry, ©)
As reverberant energy is part of R; j, we incorporate both
direct sound energy D; ; and residual energy R; ; into the DRR
features Yur» = {D;,;, R, ;} for distance discrimination. We
explore using either the concatenation [D; ;, R; ;] or the deci-
bel (dB) ratio 101og,,(D;,;/ R;,;) to assist the model learning.
In concatenation mode, the model is expected to discern the re-
lationship between direct sound and reverberant components.
In ratio mode, R; ; acts as a proxy for reverberation, directly
providing the DRR form to the model for distance separation.

3. Experimental setup
3.1. System implementation

Multiple directional ranges can be regions of interest in our im-
plementation for greater flexibility. However, to ensure align-
ment with a specified direction, only one source is designated
as the target in each training sample. This direction, represented
by 6 in Equation (2), is determined by the central angle of the
directional region to which the target belongs. During infer-
ence, the sample can be realigned to various angles, allowing
predictions for different directional regions.

The RSS model inputs consist of DAS features Yyqs and
DRR features Y., employed as directional and distance cues,
respectively. To address the differing scales of Y45 and Yyrr,
batch normalization (BN) is applied to each of them individu-
ally. Then, fully connected (FC) layers are used to align their
dimensions. The backbone of the model is a dual-path recur-
rent neural network (DPRNN) [26] composed of four blocks.
Each block integrates two long short-term memory (LSTM) lay-
ers [27] that operate over temporal and frequency dimensions,
respectively, facilitating streaming inference. The dimension



of the hidden state in LSTM is 48. The model consists of
979K parameters, and for a 2-second speech input, the FLOPs is
6.2G. The model outputs a mask m applied to the STFT of y*,
thereby predicting the signal through iSTFT(m ® STFT(y®)),
where iSTFT denotes the inverse STFT. The training criterion
is Modulation Loss [28]. The sampling rate of audio signals
is 16 KHz. The entire inference process incurs only a 20 ms
latency, primarily due to feature transformation using 40 ms
frame lengths and 20 ms frame shifts.

3.2. Data preparation

We first conducted experiments on simulated data. Clean
speech and point noise clips came from the DNS challenge [29],
and isotropic noise was sourced from [30]. Room impulse
responses (RIRs) were generated for an 8-channel linear mi-
crophone array with a diameter of 38 cm using gpuRIR [31].
The microphone array was randomly positioned within rooms
whose dimensions varied from 3 x 3 x 2.5 meters to 10 x 8 x 4
meters. We defined two target speech regions within 1.8 meters,
each with distinct azimuth ranges [70°,80°] and [100°,110°].
We omitted elevation angles, as this simplification aligns with
many real-world applications [15, 23]. For each simulated sam-
ple, in addition to placing a source within a specified target re-
gion, a point noise source was randomly positioned within the
room. Moreover, we generated three interfering speech sources
in relation to the target source, as depicted in Figure 1:

 Inter f(a): Same azimuth range, outside distance,
* Inter f(b): Within distance, outside azimuth range,
o Inter f(c): Outside both azimuth range and distance.

Besides the simulated test dataset, we also validated our
method on the CHiME-8 MMCSG dataset. It contains mul-
timodal data, but we focused exclusively on audio signals. It
comprises two-party conversations recorded in real-world envi-
ronments using smart glasses with an irregular array of 7 micro-
phones. The recordings capture sounds from the wearer, talking
partner, interfering talker and background noise. This dataset
also provides additional RIRs, which we used for training RSS
model. More details are available in [21].

In our experiments, both the wearer and the partner are
treated as target sources, with one of them randomly selected
as the target during RSS model training. The regions of these
two targets were determined based on RIRs statistics. Note that
in addition to azimuth and distance, the elevation angle is also
crucial in this glasses scenario, as it provides clear differentia-
tion between the two target identities due to the head-mounted
setup. Through parallel streaming inference, which aligns with
two target regions separately, the total latency of the RSS algo-
rithm is 20 ms. Combined with a streaming automatic speech
recognition (ASR) algorithm running concurrently on both tar-
get audios from RSS outputs, our testing was conducted in a
fully streaming real-time fashion.

4. Results
4.1. Directional separation

We first performed direction-based speech separation without
considering distance, allowing us to assess the directional im-
pact before adding distance in future experiments. In this setup,
both the target source and Interf(a) are considered as tar-
gets because they are from the same azimuth range, whereas
Inter f(b) and Inter f(c) are classified as interference sources.
By randomly selecting some of these sources and noise to syn-

1480

Table 1: Performance comparison of DAS features on direction-
based speech separation.

Inputs PESQ STOI(%) SDR(dB) Decay(dB)
Raw-Mics 1.67 79.1 6.18 26.9
Aligned-Mics 1.81 83.7 7.12 32.0
DAS 2.47 91.5 10.06 49.7
DAS(all pairs) | 2.50 92.0 10.18 55.6

Table 2: Performance comparison of DRR features on distance-
based speech separation.

Inputs PESQ STOI(%) SDR(dB) Decay(dB)
Raw-Mics 1.83 82.4 7.38 35.6
Aligned-Mics | 1.83 82.9 7.54 39.3
DRR(cat) 1.91 84.0 7.98 42.8
DRR(ratio) | 2.19 88.7 9.12 49.2

thesize a mixed signal, we created a test dataset that includes
several cases: (a) For samples without a target source, we use
Decay [15] to measure energy reduction in the separated output
relative to the mixture. (b) For single-target samples, we eval-
uate performance using perceptual evaluation of speech qual-
ity (PESQ) [32] and short-term objective intelligibility (STOI)
[33]. (c) For samples with one or two targets, we apply signal-
to-distortion ratio (SDR) [34] for assessment.

In Table 1, Raw-Mics involves using raw §-microphone sig-
nals for separation. Aligned-Mics employs the “delay” step to
align multi-channel signals before feeding them to the network.
Building on this, DAS(all pairs) further applies our proposed
DAS features, utilizing all possible signal pairs and resulting in
65 input channels. In contrast, the basic DAS experiment uses
only 17 channels from four symmetric positional pairs (0,7),
(1,6), (2,5), and (3,4) within the linear microphone array.

The Aligned-Mics experiment efficiently enhances direc-
tional separation. However, our DAS implementation achieves
significant improvements that far surpass the Aligned-Mics ex-
periment across all metrics, clearly demonstrating the superior
effectiveness of the proposed DAS features. Additionally, the
DAS(all pairs) approach offers only minor benefits compared
to the DAS experiment, suggesting that a subset of signal pairs
is sufficient for robust separation. This setup prevents explosive
growth in DAS feature channels due to excessive microphones.

4.2. Distance separation

We now focus on experiments involving distance separation.
In this setup, the target source and Interf(b) are potential
targets as they are both within the specified distance. As il-
lustrated in Table 2, we incorporate distance distinction using
the proposed DRR features in two modes: DRR(cat) for con-
catenation mode and DRR(ratio) for ratio mode. Compared to
the Aligned-Mics experiment, the DRR(cat) provides moderate
improvements, while DRR(ratio) demonstrates substantial en-
hancements, highlighting the advantage of ratio mode over con-
catenation mode. Another observation from comparing Tables
1 and 2 is that distance separation is somewhat less effective
than directional separation in metrics, due to directional cues
offering stronger discrimination than distance cues [15].

4.3. Regional separation

Next, we analyze the RSS experiment results, which incorpo-
rate both directional and distance distinctions. Unlike previous



Table 3: Performance comparison of regional features on RSS.

Inputs PESQ STOI(%) SDR(dB) Decay(dB)
Mixture 1.12 61.1 -3.15 0.0
Direction model 1.50 73.9 3.34 24.1
Distance model 1.47 72.2 3.45 27.2
Raw-Mics 1.64 76.2 5.75 46.6
DAS 1.93 85.0 7.85 71.1
DRR(ratio) 1.90 83.5 7.43 54.4
DAS+DRR(ratio) | 2.16 88.2 8.79 75.7

Table 4: Impact of reverberation on region-based speech sepa-
ration, based on DAS+DRR(ratio) experiment.

T60 range PESQ STOI(%) SDR(dB) Decay(dB)
0.05s ~0.3s | 2.11 88.19 8.67 77.08
0.3s ~0.55s | 2.15 88.05 8.80 74.26
0.55s ~0.8s | 2.20 88.49 8.95 75.76
0.8s ~ 1.1s 2.14 88.30 8.79 76.50
1.1s ~ 1.4s 2.12 87.40 8.53 74.95

studies, the RSS experiments involve only one target source,
with Interf(a), Inter f(b) and Interf(c) all viewed as in-
terference. As shown in Table 3, the baseline Mixture uses the
mixture signal y* as the separation output. The Direction model
is from the DAS experiment in Table 1, and the Distance model
is from the DRR(ratio) experiment in Table 2.

While the Direction model and Distance model show some
improvement over the baseline Mixture, their performance is
constrained as they primarily suppress specific interference
sources, leaving others inadequately addressed. Shifting our
focus to the last four rows, the DAS and DRR(ratio) experi-
ments independently introduce directional and distance cues for
RSS training, yielding notable gains over the Raw-Mics exper-
iment. Combining these cues in DAS+DRR(ratio) experiment
further enhances separation results, achieving an STOI of 88.2
and an SDR of 8.79, thereby confirming the reliability of our
approach for RSS. Additionally, Decay reaches a large value of
75.7, possibly due to the suppression of numerous interfering
components (up to three interferers). This increased interfer-
ence presents additional challenges in our simulated test dataset,
setting it apart from other works such as [15].

Since reverberation can degrade speech quality [35]
and affect DRR calculations, we assessed its impact on
our method under varying reverberation strengths using the
DAS+DRR(ratio) experiment. As shown in Table 4, the metrics
change only slightly with different reverberation times (T60).
The T60 in the training dataset ranges from 0.05 to 0.8 s, and
even when it exceeds 0.8 s in the test dataset, the performance
metrics remain stable. This demonstrates the capability of our
method to manage challenging reverberation conditions.

For better visualization, we simulated a 5 X 5 X 3 meters
room with the microphone array centrally located. A sound
source is placed at various coordinates on the horizontal zy-
plane at z = 1.5 meters, keeping at least 20 cm away from
the walls, resulting in a 4.6 X 4.6 meters area. Based on the
model of the DAS+DRR(ratio) experiment, we tested the Decay
of the separation outputs as shown in Figure 2. Our method ac-
curately distinguishes sound sources located at azimuth ranges
of [70°,80°] and [100°,110°] within a distance of 1.8 meters.
Due to front-back confusion in linear arrays [23], the figure also
indicates corresponding separable angles on the opposite side.
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Figure 2: Heatmap of Decay at various coordinates in a room
based on DAS+DRR(ratio) experiment.

Table 5: WER (%) results on CHIME-8 MM CSG eval dataset.

Latency range System All Wearer Partner Latency(s)
baseline [21] |22.10 17.80 26.30  0.138
0s ~0.15s  NPU-TEA [36]]16.80 12.20 21.30  0.142
Ours 15.20 10.50 19.90  0.127
baseline [21] |18.90 15.00 22.90  0.333
0.15s ~ 0.35s NPU-TEA [36](15.00 10.80 19.20  0.337
Ours 13.65 9.30 18.00 0.343
baseline [21] |17.90 14.10 21.70  0.616
0.35s~1s  FOSAFER [37]{14.00 9.60 18.40 0.686
Ours 13.05 890 17.20 0.587

4.4. MMCSG testing

To evaluate the effectiveness of our method in real-world
scenarios, we conducted streaming ASR experiments on the
CHiME-8 MMCSG glasses dataset under three latency range
conditions, as shown in Table 5. The evaluation metric is word
error rate (WER) for two speakers: the Wearer and the Partner,
with All representing their average. As our solution conducts
parallel inferences for both identities, the total latency includes
a 20 ms delay from the RSS algorithm, with the remainder at-
tributed to the ASR model.

The results demonstrate that our method consistently out-
performs state-of-the-art systems such as NPU-TEA and FOS-
AFER across all latency range conditions. Notably, we fol-
lowed the baseline approach (see [21]), using only about 8
hours of data collected with glasses to train the ASR model,
whereas other systems leveraged extensive open-source datasets
for ASR optimization. Additionally, unlike other solutions re-
quiring the ASR model to recognize both identities simulta-
neously using serialized-output-training [38], our method pro-
cesses each speaker independently. This strategy enhances the
coherence and naturalness of the recognition context, resulting
in a notable improvement compared to other systems.

5. Conclusion

We have developed a novel neural network-based approach that
incorporates multi-faceted spatial cues for RSS. By integrating
an improved DAS beamforming for directional enhancement
and utilizing a reliable DRR technique for distance distinction,
our method achieves significant improvements across multiple
metrics. The effectiveness demonstrated on the CHiIME-8 MM-
CSG dataset highlights our method’s potential for real-world
conversational applications, particularly in scenarios requiring
precise selective listening with low computational latency.
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