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Abstract

We present a proof-of-concept source velocity beamforming framework that estimates
moving-source kinematics from microphone-array cross-spectral statistics. The core opera-
tor is inter-frequency coherence, which compares spectral components across frequency after
compensating deterministic phase drift induced by time scaling. Under a local-stationarity
approximation, this yields an efficient frequency-domain surrogate for time-stretch alignment
and enables estimation of pairwise relative Doppler factors without repeated time-domain
resampling. Per short-time Fourier transform (STFT) frame, we estimate (i) relative delays
(TDOA) using GCC-PHAT-style phasor alignment and (ii) pairwise relative Doppler factors
with respect to a reference microphone via inter-frequency coherence maximization. These
complementary measurements are fused in a nonlinear state-space model with an Unscented
Kalman Filter (UKF) and constant-acceleration dynamics, yielding smooth position and ve-
locity estimates, informative acceleration trends, and uncertainty envelopes. In the synthetic
proof-of-concept scenario studied here, the approach provides velocity-sensitive tracking
and short-horizon forecasting without exhaustive joint position—velocity grid scanning.

1 Introduction

Tracking moving acoustic sources with microphone arrays is traditionally approached either by
(i) scanning a spatial grid with a beamformer (and repeating this over time) or (ii) estimating
time-difference-of-arrival (TDOA) features and then solving a geometric localization problem
[2]]. Both viewpoints can be limiting for moving sources: Doppler-induced time scaling violates
the “same-frequency” assumptions behind standard cross-spectral estimators, while frame-wise
delay estimates alone can be too noisy or ambiguous to yield stable kinematic estimates [1, 16, 9].
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Notation. We use p(t) for acoustic pressure. Microphone positions are denoted by x,, € R3.
The (moving) source position is denoted by y(¢) € R3; in discrete time we write y;. (We keep
bold capitals such as C and ¥ for matrices.) We use frequency f in Hz; when needed, ® =27 f.

This paper takes a velocity-beamforming perspective. We treat short-time cross-spectral
statistics as a compact representation of two complementary cues: geometric delays constrain
source position, while Doppler/warp effects constrain source velocity. Rather than relying on
exhaustive joint position—velocity scanning, we estimate per-frame delay and warp measurements
and fuse them over time with a Bayesian state estimator, in the spirit of regularized array
processing [3),[7, [11]].

The main contribution is a coherent pipeline: (i) a physics-based Doppler definition tied to
retarded-time propagation, (ii) an inter-frequency coherence objective for velocity-sensitive
beamforming relative to a reference microphone, and (iii) UKF-based fusion of delay and warp
cues for robust kinematic tracking.

A related stabilization idea in broadband beamforming is to exploit that a physical source is
(to first order) located at the same position across frequency, which allows pooling information
across the band in optimization and deconvolution schemes [4, |5].

A key enabler is inter-frequency coherence: a coherence measure that compares spectral
components at different frequencies after compensating the deterministic phase drift implied by
time scaling. Inter-frequency coherence can be viewed as a frequency-domain surrogate for time-
stretch alignment under a local-stationarity approximation, while avoiding the computational
cost of resampling long waveforms for each candidate warp.

2 Inter-frequency coherence: theory

2.1 Signal model and time-scaling

We consider a single, wide—sense stationary (WSS), band-limited scalar source with (time-
varying) position y(¢) € R? and (locally) constant velocity v € R3. An array has M microphones
at fixed locations {Xm}%lzl. The wave speed ¢ > 0 is assumed known and constant.

Define the source—microphone geometry

d
dméy_xma rméHde; umé_m (1)

'm
where u,, is the line-of-sight unit vector pointing from microphone m to the source. The
corresponding geometric delay is

7, 2 m )
C

We neglect amplitude effects (e.g., 1/r spreading) because the estimators below rely on phase
and relative Doppler.

For small Mach numbers ||v||/c < 1, the received acoustic pressure at microphone m is
approximated by a time-scaled and delayed version of the source signal s(¢) [8,[10],

pm(t) = s (0 (1t —Ti)). (3)

In the velocity-beamforming formulation below we use the line-of-sight unit vector u,,
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(pointing from microphone to source) and the normalized radial velocity

-
ry(m) = M (4)
c
We adopt the physics-based (retarded-time) reciprocal Doppler factor
1
Oy & ——————, &)

1+r,(m)+¢€

where € > 0 is a small constant for numerical stability. With this convention, r, > 0 corresponds
to receding motion (redshift) and r, < O to approaching motion (blueshift), so oy, > 1 for
approaching sources; the first-order retarded-time relation gives oy, ~ dt,/dt, = 1/(1+ r,(m)).
In the frequency domain this implies the dilation

1 .
Xo(@)~ - (aﬂ) IO ©6)
m m

For a fixed reference microphone r, we define the pairwise relative Doppler factor and its
logarithmic measurement as

(0
mr £ 7m7 grehm £ log ﬁmr = IOg(OCm) - log(ar)' @)

r

For small Mach numbers, this yields the first-order approximation

™ —ur)Tv

(8)

grel,m ~ = c

2.2 Conventional coherence vs. inter-frequency coherence

Coherence measures how consistently two signals share a common component at a given
frequency. Given two (complex) time—frequency representations X (f,7) and Y (f,¢) (e.g., STFT
coefficients), the magnitude-squared coherence at the same frequency is commonly defined as

a |Pey (f)]? N «
") s R e P E XY, ©)

with Pyx (f) = (|X(f,t)|?); and likewise for Pyy.

For moving sources, Doppler induces time scaling. A channel-dependent time scaling does
not merely add a phase shift: it maps spectral content from f to a different frequency in the
other channel. Consequently, a conventional “same-bin” coherence 72, () between microphones
may drop even when both microphones observe the same physical source, simply because each
channel sees the source energy at slightly different frequencies [8].

Inter-frequency idea. Rather than forcing the comparison to the same frequency bin, we
explicitly compare f in the reference channel to 3, f in microphone m. However, comparing
two different frequencies introduces a deterministic phase drift over time because the Fourier
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kernel depends on the time stamp. If this drift is not compensated, the cross-product averages
out and coherence collapses. We treat each STFT frame as locally stationary and interpret the
resulting inter-frequency coherence as a practical heuristic for small Doppler factors and short
windows.

2.3 STFT/Welch formulation with phase-drift compensation

Let X,,(fx,t7) denote the complex short-time Fourier transform (STFT) of the microphone signal
pm(t). Because the tracker uses reference-relative measurements, we formulate the coherence
for a microphone m relative to a fixed reference microphone r. For a candidate pairwise relative
factor B,,,, we map bins and frames using nearest-neighbor rules

j(k> er) £ argmjin ‘f] - erfk|> ﬁl(f,ﬁmr) £ argﬂgﬂ ‘té’ - té/er‘- (10)

The reciprocal frame mapping ensures that the same emission time is compared across the two
receive-time scales. Nearest-neighbor remapping is computationally cheap but approximate;
interpolation can reduce bias for larger Doppler factors. We rephase each STFT coefficient by its
time stamp,

X (frste) 2 Xo(fo o) e 72 Xon(Bonr fister) 2 Xon (fitk ) ter) et 2Bty (11)
The Doppler-compensated cross-spectrum becomes
Pmr(fkaﬁmr) S <§V(fk7tf)ym(ﬁml’fk7t€/)*>(7 (12)

leading to the per-frequency coherence

’Pmr(fkaﬁmr”z
Prr(fk; ﬁmr) Pmm(ﬁmrfka er) + g’

where Prr(fkaﬁmr) £ <’gr(fk7t£)|2>€ and Pmm(erfkaer) £ <|jzm<erfkat€’>|2>€- Let # denote
the retained set of positive-frequency STFT bins in the analysis band. The broadband objective
is then

Vor (fs Bur) 2 (13)

Fmr(er) = é Z %%zr(flmﬁmr) (14)

ke

3 Inter-frequency coherence velocity beamforming and tracking

We cast moving-source tracking as a velocity-beamforming front-end followed by Bayesian
state fusion. The source state leaves a structured signature in short-time cross-spectral statistics:
relative delays encode geometry, while Doppler/warp encodes radial motion.

3.1 Forward model for validation (retarded time propagation)

For synthetic validation, microphone signals are generated in the time domain via a retarded-time
mapping, similar in spirit to moving-source modeling approaches used in array-based studies
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[10]. Let #, denote receive time and f, emission time. For microphone m, the retarded time
satisfies
Rp(te)

tr =1+ c Rm(te) £ ||Xm_Y(te)||a (15)

where x,, is the microphone position and y(¢) the source trajectory. We solve 7, by fixed-point
iteration and synthesize

Pm(tr) = am(te) s(te), am(te) o (16)

Ry(te)

Linearizing the retarded-time relation yields dt, /dt, ~ 1 /(1+r,(m)), consistent with the Doppler

factor in jequation (5)[under the above sign convention.

3.2 Measurement extraction and UKF fusion

Per STFT frame (optionally averaged over a short temporal neighborhood), we compute a short-
time cross-spectral matrix (CSM). We choose a fixed reference microphone r and extract two
measurement types relative to r. Here &/ C R, denotes the discrete search grid of candidate
pairwise relative Doppler factors centered around unity, and % denotes the retained positive-
frequency analysis band used for both GCC-PHAT and inter-frequency coherence. The self-entry
m = r is omitted from the measurement vector, so both 7 and £, contain M — 1 entries.

Relative delays (GCC-PHAT). Let Cy,-(f) £ X ()X (f) and Gor (f) = Cor (f) / |Conr () |. We
estimate

Z Gmr(f) €j27tfr

fe%

: (17)

= A
Trel,m = arg max

Relative log-warps (inter-frequency coherence). For each non-reference microphone, we
maximize the broadband objective in against the reference:

er = arg Irgneiz); Fmr(ﬁ)7 grel,m = log ﬁmr; (18)

The warp measurements are thus explicit pairwise relative quantities with respect to the reference
microphone.

UKF measurement model. We fuse both streams in an Unscented Kalman Filter (UKF) with a

constant-acceleration (CA) state s; = [y,j, v,;r,a,;r]T and covariance Y. The measurement vector

and model are

7, = |:zrel,k:| = h(Sk) +ny, n; ~ JV(O,R), (19)
rel,k
with
_ xm =yl =% —y]] _ e
Trel,m (y) - c ’ Zrel,m <Y> V) - lOg ﬁmr = 10g 7 y (20)
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where o, is defined in and the small-Mach interpretation is given by

For simplicity, we use a diagonal noise model R = diag(c?21, o/1).

3.3 Forecasting strategies after online tracking

After the last measurement update at index kg, we forecast future states using one of the following
strategies. The baseline CA-Gaussian forecast uses

Skr1 = Fsp+wy, wi ~4(0,Q), 21
with per-axis

AP At AP

1 At A F
Fca(At)=10 1 At |, Qca(Atgj)=q; |5 2 201, (22)
6 2

The prediction recursion is Sy = Fs; and 3y = FX;F ' + Q. Adaptive-Q replaces fixed ¢ j
by Normalized Innovation Squared (NIS) driven adaptation during tracking. An Interacting
Multiple Model (IMM) mixes several constant-acceleration/constant-velocity (CA/CV) models
with different maneuverability; Savitzky—Golay (SG) extrapolates locally smoothed derivatives;
reachability produces bounded envelopes; and particle forecasting propagates samples from the
final posterior [2, 6.

4 Experiments and results

We validate the proposed velocity-beamforming tracking pipeline in a fully synthetic 3D scenario
(figure 1)), where both the source trajectory and the ground-truth kinematics are known. [Figures 2
to [ summarize the UKF estimates for position, velocity, and acceleration, respectively. In this
paper we focus on the qualitative behavior visible in the tracking plots; quantitative benchmarking
and ablation studies are left for future work.

Tracking accuracy and filtering-induced lag. The position estimates remain consistently
close to the ground truth over the entire trajectory (figure 2). This is expected because (i) the
relative-delay (TDOA) measurements provide strong geometric constraints and (ii) position is
the most directly observed component of the state. For velocity (figure 3), the estimates remain
accurate but exhibit a small temporal lag. This lag is a standard filtering effect in state-space
smoothing: increasing the UKF measurement averaging and/or process-noise regularization
yields smoother curves, but at the cost of delayed response to rapid changes. The effect is more
pronounced for acceleration (figure 4)), which is (in our model) the highest-order state component
and therefore inferred mainly through the dynamics prior and innovation history; as a result, it
shows the largest apparent lag, yet still captures the overall trend well. Overall, the combined
delay-and-warp measurement model yields stable kinematic tracking and physically plausible
trajectories in this synthetic proof-of-concept setting.
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Uncertainty envelopes (20). The shaded bands shown in to[d] visualize a 20 interval
derived from the UKF state covariance 3. In the plots, the blue shaded area denotes +20.
For each state component, we plot £; +=2,/%; ;; (diagonal entries), which—under the Gaussian
approximation underlying the UKF—corresponds to an approximate ~ 95% marginal credibility
range. The tight envelopes in position indicate strong observability from the delay measurements,
whereas the wider bands for velocity/acceleration reflect the increasing ambiguity of higher-order
derivatives. These intervals are marginal and not empirically calibrated; coverage evaluation is
left for future work.

Prediction after the last update. [Fig 6| compares several forecasting strategies once
measurements are no longer available. In our experiments, very short horizons (roughly < 0.55)
are best handled by Savitzky—Golay (SG) extrapolation, which leverages local polynomial fits and
therefore tracks the immediate trend well. For slightly longer horizons, the Interacting Multiple
Model (IMM) and reachability-based envelopes are more robust, as they explicitly represent
maneuver uncertainty (IMM) or bounded future sets (reachability), avoiding overconfident

extrapolation.

Computational aspects. The dominant computational cost lies in feature extraction. Per STFT
frame, the method uses short-time cross-spectral statistics, a one-dimensional search over f3,,,,
for each non-reference microphone, and a UKF update on a small state vector (9 states for CA in
3D). We do not report a dedicated runtime benchmark here; the main algorithmic point is that
the warp search remains low-dimensional compared with exhaustive joint position—velocity grid
scanning.

5 Discussion

The experiments highlight that jointly exploiting (i) relative delays (TDOA) and (ii) relative time-
scaling information (warp/Doppler proxies) yields a well-conditioned tracking formulation in this
synthetic setting. From an estimation perspective, these two feature types are complementary:
delay constraints dominate geometric observability and stabilize the position estimate, while inter-
frequency coherence adds sensitivity to radial motion and thereby improves the identifiability of
velocity components. This division of roles is consistent with the observed behavior in
to[] where position uncertainty remains tight over the trajectory and higher-order kinematics
show wider credibility bands.

A practical implication is that the proposed pipeline can be interpreted as a velocity-
beamforming front-end in front of a standard Bayesian tracker. Instead of scanning a dense
position—velocity grid, we compress the multichannel data into a low-dimensional measurement
vector per frame. This keeps the subsequent filter update inexpensive and makes it straightfor-
ward to incorporate priors (e.g., constant-acceleration) and uncertainty quantification via 3. In
addition, the resulting posterior can be propagated forward for forecasting, enabling a principled

comparison of extrapolation strategies (figure 6)).

Limitations. The current study is intentionally proof-of-concept and uses a simplified prop-
agation model and controlled synthetic data. The present evaluation also does not include an
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Figure 1: Synthetic 3D setup and trajectory.
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Figure 2: Position tracking results with uncertainty envelopes.

explicit ablation against a TDOA-only baseline or a same-frequency coherence baseline, so
claims should be interpreted within this synthetic setting. Several factors can affect performance
in real recordings: multipath and reflections may bias both delay and coherence-based warp
estimates; low SNR and short analysis windows increase estimator variance; and microphone
synchronization errors can appear as systematic delay offsets. Moreover, the local time-scaling
approximation in is most accurate for small Mach numbers and sufficiently short
frames. Finally, while inter-frequency coherence is robust to unknown source spectra in many
cases, it can degrade for highly narrowband content or rapidly time-varying source statistics. We
also use nearest-neighbor time/frequency remapping for Doppler compensation; interpolation
could reduce bias at larger warps. The measurement model is phase-based (PHAT/coherence) and
thus largely amplitude-invariant, whereas the synthetic forward model includes 1/r amplitude; a
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Figure 3: Velocity tracking results with uncertainty envelopes.
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Figure 4: Acceleration tracking results with uncertainty envelopes.

fully matched amplitude-agnostic forward model or explicit amplitude modeling is left for future
work.

Outlook. Future work includes validating the method on measured array data in reverberant
environments; extending the measurement model to jointly account for amplitude cues and
mild multipath; and integrating more expressive dynamical priors (e.g., maneuver models in an
IMM, or constraints derived from vehicle dynamics). On the signal-processing side, improved
bin-remapping/interpolation and outlier-robust aggregation across microphone pairs may further
reduce lag and increase robustness, especially for acceleration estimation.

6 Conclusion

We introduced an inter-frequency-coherence source-velocity beamforming approach for mov-
ing acoustic sources. Its key component is a physics-consistent frequency-domain estimator
of the pairwise relative Doppler factor f3,,,, which complements conventional delay (TDOA)
features. Fusing delay and warp measurements in a UKF with a constant-acceleration prior yields
smooth position and velocity estimates, informative acceleration trends, and uncertainty en-
velopes in the synthetic proof-of-concept scenario studied here. Overall, the results indicate that
velocity-sensitive beamforming based on inter-frequency coherence is a promising alternative to
exhaustive joint position—velocity grid scanning for this class of tracking problem.
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