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Abstract—Separating overlapping speakers in meeting-room
environments remains challenging due to reverberation, source
ambiguity, and dynamic speaker interactions. In existing systems,
audio-only approaches degrade under adverse acoustic condi-
tions, while audio-visual methods predominantly rely on explicit
geometric calibration or depth estimation. This paper proposes
a geometry-aware audio-visual speaker separation framework
that addresses these limitations by integrating 360-degree visual
perception with spherical microphone array (SMA) processing.
A co-located 360-degree camera and SMA provide natural audio-
visual alignment without explicit calibration. The visual front-end
employs the YOLOVSI-pose on equirectangular video to extract
speaker directions via nose-keypoint centroids with a confidence-
gated bounding-box fallback. These directions steer a null-steering
beamformer in 3 dimensional space, followed by SepFormer-
based neural speech separation. Visual direction-extraction on
the STARSS23 dataset achieves a mean angular error of 2.218°
with 96.62% of detections within 5°. The full pipeline achieves
an average SDR of 18.27 dB and PESQ of 3.093 in the multiple
speaker case.

I. INTRODUCTION

In realistic multi-speaker scenarios such as conference
rooms, overlapping speech, reverberation, and dynamic speaker
interactions significantly degrade unimodal system performance.
Humans naturally integrate auditory and visual cues to resolve
such ambiguities, motivating joint audio-visual frameworks
for robust speaker separation. Spherical microphone arrays
(SMAs) provide a principled framework for capturing 3D
sound fields with uniform spatial resolution, making them
suitable for direction-of-arrival (DOA) estimation and spatial
filtering [1], [2]. Concurrently, 360-degree cameras enable full-
scene visual perception. Integrating these modalities presents
a promising direction for meeting-room audio reconstruction.
Classical subspace-based methods such as MUSIC [3] in the SH
domain and intensity-vector-based approaches [4] provide high-
resolution localization under ideal conditions but degrade in
reverberant multi-source environments [5], [6]. Learning-based
approaches using CNNs/CRNNs on Ambisonics signals [7], [8]
and modal coherence features [9] improved robustness, though
generalization under severe acoustic degradation remains
limited. In audio-visual localization, early datasets such as
AV16.3 [10] established foundations for multimodal tracking,
while recent methods extract speaker metadata from video [11]
or combine panoramic video with microphone arrays [12].
YOLO-based detectors with geometric reasoning [13] and
equirectangular projections [14] offer direct pixel-to-angle
mapping for DOA estimation. Audio-visual DOA estimation

has also been explored with permutation-free losses [15] and
beamformed acoustic maps [16]. In neural speech separation,
transformer-based architectures such as SepFormer [17] achieve
state-of-the-art performance but lack explicit spatial grounding.
However, reverberation degrades DOA estimation, audio-only
methods fail in adverse conditions, visual pipelines face
occlusions and distortions, and existing audio-visual systems
often rely on explicit calibration or depth estimation.

This work makes the following contributions: (i) a
calibration-free audio-visual speaker separation framework
exploiting the natural geometric alignment of a co-located
360° camera and spherical microphone array; (ii) a visual DOA
estimation pipeline using YOLOVS8I-pose with a confidence-
gated keypoint centroid, (iii) a hybrid audio pipeline combining
visually-steered null-steering beamforming with SepFormer-
based neural separation, linked by cross-correlation candidate
selection, and (iv) a robust multi-modal speaker separation in
presence of noise and reverberation.

II. SYSTEM MODEL

The model is developed by considering N active speakers
(overlapping in both time and frequency) in a room scenario
with noise and reverberation environment. An SMA of radius
r comprising M omnidirectional flush mounted microphones,
is placed at the center of the room at position Carray € R3.
A 360-degree camera is co-located with the array such that
the optical center of the camera coincides with Cypray to
establish a shared coordinate frame between the acoustic and
visual modalities, eliminating the need for explicit extrinsic
calibration. The camera captures an equirectangular projection
(ERP) frame I € R¥*Wx3_where the horizontal axis spans
the full 360° azimuthal range and the vertical axis spans 180°
of elevation. Let s;[n], i = 1,..., N, denote the clean speech
signal produced by the i-th speaker. Each source propagates
through the room and arrives at the array after undergoing
reflections and diffraction characterised by the room impulse
response (RIR) A, ;[n] between source 7 and microphone m.
The signal captured at the m-th microphone is

N

-Tm[n] = Z(hm,i * Sz)[n} + Um[n]v

i=1
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where * denotes linear convolution and v,,[n] represents
additive ambient noise at microphone m. For M microphones,

x[n] = [z1[n], z2[n], ..., xM[n]]T eRM, 2)
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Fig. 1: Proposed multimodal speech separation framework.

Applying the short-time Fourier transform (STFT) to each
channel produces the frequency-domain representation

X(f, 1) = STFT{x[n]} € CV, 3)

where f is the frequency bin index and [ the time-frame index.
In the STFT domain, the narrowband approximation allows the
convolutive mixture in (1) to be expressed as an instantaneous
mixture at each time-frequency bin

S

where S;(f, 1) is the STFT of source i, V(f, [) € CM is the
noise vector, and a;(f) € CM is the acoustic steering vector
associated with the i-th source at frequency f. The steering
vector encodes the inter-microphone propagation delays:

D+V(f 1), “

ai(f) = [€_j2‘n’fﬁ'i7 e_jQWfTQ’i, e_j27"f7'M,i ]T

%)
where 7, ; = (dp,; — d1,;)/c is the relative propagation delay,
dm,i = ||dm — P;|| is the Euclidean distance between the m-th
microphone and i-th source p; € R?, and c is the speed of
sound. Now, the objective is to recover an estimate §;[n| of each
individual source signal s;[n], and to associate each recovered
signal with its corresponding speaker direction Q, = (P4, 9}-),
where 3; € [—180°,180°] is azimuth and 6; € [—90°,90°] is
elevation, is extracted from the visual modality, resulting in
the output set
AN

{(él[n], Qi)}i:f

III. PROPOSED METHODOLOGY

6)

The proposed technique consists of three stages: a video
pipeline to detect the speakers with their angular direction; an
audio extraction pipeline that uses these directions to steer a
beamformer; and neural speaker separation SepFormer [17].
The proposed technique is illustrated in Fig. 1.

A. Video pipeline: speaker detection and direction extraction

For each person i € {1, ..., N}, the model produces J = 17
COCO skeletal keypoints [18]

J-1
_{ z]? J’C?”])}j:O’ (7)
where (k7 ;, ;) are pixel coordinates and c; ; € [0, 1] is the

confidence score. Keypoint j = 0 (nose) serves as the primary
centroid target. The face-level centroid (u;,v;) is extracted
using a confidence-gated strategy with threshold 7, = 0.2:

(570, K o) if ¢;.0 > Th,
(ui, v;) = D a0 () (®)
(72, Yy + 08 h?o"), otherwise,
where (z (%) @ x(;),y(z)) are bounding-box coordinates,
hbox = yQ) — y§ ), and B = 0.15 is the fallback face-level

fraction. The primary path exploits the pose model’s ability to
infer head position from surrounding skeletal geometry even
when facial features are obliterated. The fallback activates only
when the speaker is turned completely away from the camera.
The extracted centroids are mapped to speaker’s angular
directions using the equirectangular projection formula [14]:

Gi = S 360° — 180°%  6; = 90° — 2L x 180°,

w ’ H

B. Audio extraction pipeline

©))

The visually estimated directions ), are converted to 3D
source positions to construct the steering vectors in (5). Let
f = [cos, sine, 0]T be the camera forward vector, r =

[sint), —cos, 0]7 the right vector, and u = [0, 0, 1] the
up vector. The unit direction toward speaker ¢ is
&i = cos éi sin @; r + cos éi cos ¢; f + sin éi u, (10)

and the assumed position at distance p; is P; = Carray + Pi Eli.



1) Null-steering beamformer: For target speaker ¢, the
constraint matrix combining the target and all interfering
steering vectors is:

Ai(f) = [ai(f) a;, (f) - ajy_, (/)] eCN. D

To ensure numerical stability and invertibility, the regularized
Gram matrix is used [19], [20]

Roves(f) = AT(NA() + A4
where « is the regularisation coefficient. The constraint vector

g=[1,0,...,0]T € RN enforces unit gain for the target and
nulls for all interferers. The beamforming weights are [21]

I, 12)

wi(f) = Ai(f) Ri e (f) g € CY, (13)
and the beamformed output is
Yi(f, 1) =w;" () X(f, ). (14)

The time-domain signal y;[n] is recovered by inverse STFT.

C. Speaker separation pipeline

The beamformed signal y;[n] is processed by pretrained
SepFormer [17], [22]. SepFormer is run on each of N
beamformed inputs, yielding N x K candidates §; x[n]:

, 8 k—1[n]} = SepFormer(y;[n]).
15)

Each candidate is scored against the corresponding beamformed

signal y;[n] using the peak of the normalised cross-correlation:

(16)

{5i0[n], 8i1[n], ...

Corr (8, y) = max | >on 8[n+ 7] gln] ‘v

where 3[n] = 3[n]/||8] and g[n] = y[n]/||ly|| are the ¢5-
normalised signals, and the correlation is computed efficiently
via the FFT. Because the beamformed signal already encodes
the spatial signature of the target direction, this metric serves
as a reference-free similarity measure. For each target speaker
1, the best candidate is selected as

arg max Corr(§i7k[n], Yi [n]) a7

ke{0,...,K—1}

8i[n] =

This candidate selection uses only the beamformed signal
yi[n] as a spatial anchor, exploiting the fact that null-steering
beamformer already encodes target speaker’s directional signa-
ture. No clean or dry reference signals are required, making
the pipeline fully self-contained at inference time. The final
output is set {(3;[n], Q;)}, defined in (6), associating each
separated stream with its video-derived direction.

IV. PERFORMANCE EVALUATION

To validate the proposed geometry-aware audio-visual frame-
work, the visual and acoustic pipelines are evaluated using
real-world 360° video data and controlled multichannel acoustic
simulations. The spatial-neural system is benchmarked against
a classical spatial-spectral baseline across various acoustic
conditions to quantify improvements in separation quality and
intelligibility. A demonstration of the complete pipeline can
be found at https://home.iitk.ac.in/ rhegde/spcomdemo/ .

TABLE I: SMIR simulation parameters.

Parameter Value

Room dimensions 6.5 x4.8x3.0m
Sampling rate 8 kHz
Reverberation time Teo =0.35 s
Reflection order 3

Array radius 0.042 m
Number of microphones 32

Array height 0.792 m
Number of speakers 3

Assumed speaker distance (p;) 1.5 m

Sphere type Rigid

A. Datasets

In this work, STARSS23 data corpus is used for performance
evaluation [23]. The facial anonymization (blurring) in the
STARSS23 dataset is mitigated by employing YOLOVSI-
pose [24] instead of standard bounding-box detector. The P6
variant processes 1920 x 960 equirectangular frames at native
resolution. The audio recordings are simulated considering the
room dimension of 6.5 x 4.8 x 3.0 m, using the Eigenmike
EM32 [25] (r = 0.042 m, M = 32) placed at the center at
height 0.792 m, co-located with the camera. Room impulse
responses are generated using the SMIR generator [26] with
Tso = 0.35 s and reflection order 3. The audio source positions
corresponds to the speaker positions (N=3) derived from the
video-extracted angles. The final recordings are obtained by
convolving clean speech signals from SparseLibriMix [27] at
8 kHz with the RIRs and adding Gaussian noise. The parameters
are summarized in Table I. The STFT uses a 512-point Hann
window with hop size 128 (75% overlap). Further, for the three-
speaker case, the sepformer-1ibri3mix model produces
K candidate output channels per inference pass.

B. Evaluation metrics

The visual pipeline is evaluated by comparing detected
directions against ground-truth annotations using Hungarian
assignment [28]. The mean absolute azimuth error (MAAE)
(|A¢|), mean absolute elevation error (MAEE) (|A6]), mean
angular error (MAnE) (Ao) computed via the haversine
formula [29], and angular precision (< 5°) are considered
as metrics to evaluate the performance. The audio pipeline is
evaluated using Signal-to-Distortion Ratio (SDR), Signal-to-
Interference Ratio (SIR), and Source-to-Artifact Ratio (SAR)
from BSS Eval, Perceptual Evaluation of Speech Quality
(PESQ) (narrowband, 8 kHz), and Short-Time Objective
Intelligibility (STOI) [30]-[32]. All BSS Eval metrics use
permutation- invariant assignment and are averaged across
speakers. Permutation-invariant evaluation is applied solely
for metric computation against the ground-truth references;
the pipeline’s own candidate assignment uses only the blind
correlation-based matching described in Section III-C.

C. Analysis of visual direction estimation

The speaker directions are obtained and compared with
ground truth and mentioned in Table II which summaries the
visual front-end performance. The system achieves MAnE
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Fig. 2: Waveform comparison across the proposed audio pipeline. The top row shows the raw microphone output against the
reverberant reference for Speakers 1 and 2, the middle row shows the null-steering and Wiener (baseline) stages, and the bottom

row shows the final NS+SepFormer output.

TABLE II: Spatial Localization Accuracy of the YOLO-Pose
Pipeline on Anonymized 360° Equirectangular Video.

Metric Category Evaluation Parameter Value
MAAE (|Aypl|) 2.998°
Spatial Accuracy  MAEE (|A6)]) 1.112°
MARE (Ao) 2.218°
Success Rate Angular Precision (< 5°) 96.62%
Model Reliability = Mean Detection Confidence 0.812

of 2.218° and angular precision of 96.62% (< 5°), with
particularly strong vertical stability (1.112° elevation error).
These results confirm that the pose-based method successfully
bypasses the limitations of facial blurring to provide a robust
spatial foundation for downstream beamforming. Since these
results are obtained on heavily anonymized video where faces
are entirely blurred, pose-based pipeline is expected to achieve
equal or better accuracy on unblurred footage, where the nose
keypoint can be detected directly with higher confidence.

D. Audio separation performance

The Table III shows the performance of various methods
using the evaluation metrics mentioned in Section IV B. It can
be observed from the results that the proposed NS+SepFormer
outperforms all the other baseline approaches. Further, the wave-
form comparison in Fig. 2 visually confirms the progressive
improvement. In terms of computational cost, the YOLOVS8I-
pose visual front-end runs in approximately 30 ms per frame

TABLE III: Audio pipeline metrics averaged across all speakers.
All stages evaluated against the reverberant single-speaker
reference. NS+Wiener is a classical baseline; NS+SepFormer
is the proposed system.

Stage SDR SIR SAR PESQ STOI
(dB) (dB) (dB)

32-ch Raw Microphone  -1.93  -1.82 19.34 1.619  0.775

Null-Steering (NS) 447 5.45 13.15 2.120 0.823

NS + Wiener (baseline) 9.82 13.76 1270  2.529 0.862

NS + SepFormer 1827 2341 2049 3.093  0.900

on a single GPU, while the SepFormer inference dominates
the overall latency. In future extension of the work, real-time
operation would require model compression or streaming-
compatible architectures.

E. Robustness analysis under reverberation and noise

The performance is also shown for various SNR and reverber-
ation (RTg0) values for the robustness analysis. Table IV shows
that the system remains highly intelligible across reverberation
times, with STOI above 0.85 even at R1go = 1.00 s. Table V
shows noise performance, STOI stays above 0.79 but drops at
lower SNR levels. A noise-aware training strategy or explicit
denoising front-end would further enhance the performance in
acoustically harsh environments.

V. CONCLUSION

This work presents a calibration-free audio-visual speaker
separation pipeline that combines 360-degree visual direction



TABLE IV: NS+SepFormer across reverberation times (7§).

Tso (s) SDR SIR SAR PESQ STOI
020 1843 2546 19.66 3.409 0.944
035 1253 20.86 13.51 2.879 0.901
0.50 9.27 1796 1228 2.714 0.858
0.70  9.15 18.09 10.89 2.756 0.856
1.00 870 17.75 10.39 2.593 0.854

extraction, null-steering beamforming, and SepFormer-based
neural separation. The visual front-end achieves a mean angular
error of 2.218° on the STARSS23 dataset, and the full pipeline
achieves an average SDR of 18.27 dB and PESQ of 3.093
in the multiple speaker case, outperforming the classical
Wiener baseline on all metrics. Notably, these visual results
are obtained on fully anonymized (face-blurred) video, the
performance on unblurred footage is expected to be at least as
good, underscoring the practical robustness of the approach.
The future work will incorporate dynamic beamforming for
non-stationary speakers using frame-by-frame detection with
temporal association and adaptive steering-vector updates.
The fixed assumed speaker distance p; could be replaced by
monocular depth estimation. Moreover, noise-aware training
of the SepFormer model could be done in extension to this
work for further improvements. Also, in the extension of this
work we are planning to evaluate the pipeline on real recorded
data and assess the impact of visual DOA estimation error on
beamformer null depth and separation quality.
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