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ABSTRACT

This report describes our submitted systems for BioDCASE 2026
Task 1: Multichannel Alignment. The task requires estimating the
Channel 1 timestamp corresponding to each provided Channel 0
keypoint in temporally desynchronized stereo bioacoustic record-
ings. We formulate the task as time-delay estimation and submit
three systems based on GCC-PHAT, neural delay regression, and
confidence-based hybrid routing. Two submitted systems use the
same confidence-routed hybrid framework, with one system apply-
ing an additional trajectory-level post-processing stage and the other
using the raw selected delay trajectory directly. All systems predict
Channel 1 timestamps by adding the estimated delay to the given
Channel 0 keypoint.

Index Terms— BioDCASE 2026, multichannel alignment,
time delay estimation, GCC-PHAT, neural regression, post-
processing

1. INTRODUCTION

Multi-channel bioacoustic recordings are commonly collected by
independent devices or by multiple recording channels that are ex-
pected to capture the same acoustic scene. In practice, these record-
ings may not be perfectly synchronized. Clock mismatch can in-
troduce constant offsets as well as nonlinear drift, and real-world
recordings may also suffer from intermittent signal overlap, back-
ground noise, and domain-dependent acoustic conditions. As a re-
sult, analyses that rely on relative timing across channels, such as
localization or multi-recorder event comparison, can become unre-
liable without post-hoc temporal alignment [3, 4].

BioDCASE 2026 Task 1 addresses this problem by requiring
systems to predict the corresponding Channel 1 timestamps for a
sequence of given Channel 0 keypoints [1]. A simple global shift
is not sufficient because the drift may vary over time. Classical
correlation-based methods such as GCC-PHAT can be effective
when the same event is clearly observed by both channels [2], but
they may fail when the correlation peak is weak or ambiguous. In
contrast, neural networks can learn more robust patterns from data,
but they may over-smooth the delay trajectory or behave unreliably
when the signal has an easily identifiable correlation peak that a
traditional method can estimate directly.

Our submissions are built around these complementary prop-
erties. We submit three systems: a neural delay regression sys-
tem, a confidence-routed hybrid system without additional post-

processing, and a confidence-routed hybrid system with trajectory-
level post-processing. The hybrid systems use a GCC-PHAT branch
for recordings whose correlation evidence is reliable and a neu-
ral CV-Peak-BLSTM branch for recordings whose correlation ev-
idence is weaker. The routing decision is made by an average GCC-
PHAT peak confidence score.

The main components of our approach are as follows. First,
we construct frame-level two-channel STFT magnitude features and
align delay targets to the STFT frame grid [5]. Second, we estimate
a dense delay curve with a sliding-window GCC-PHAT branch.
Third, we train a cost-volume neural model that compares the two
channels over candidate temporal lags and uses BLSTM context to
regress a continuous delay trajectory [8, 9, 10, 11]. Finally, for
the post-processed hybrid system, we apply a trajectory-level post-
processing stage to the neural-branch output to improve temporal
consistency while preserving useful local variations.

2. PROBLEM FORMULATION

Let a stereo recording be denoted as

x = {x0[n], x1[n]}, (1)

where x0[n] and x1[n] are Channel 0 and Channel 1, respectively.
For each recording, the task provides a sequence of Channel 0
timestamps

T (0) = {t(0)i }Ni=1. (2)

The goal is to estimate the corresponding Channel 1 timestamps

T̂ (1) = {t̂(1)i }Ni=1. (3)

We model the temporal relation between the two channels by
a time-varying delay function ∆(t). For a given Channel 0 times-
tamp, the corresponding Channel 1 timestamp can be written as

t
(1)
i = t

(0)
i +∆(t

(0)
i ). (4)

Therefore, the system predicts the delay value at each requested
keypoint and obtains

t̂
(1)
i = t

(0)
i + ∆̂(t

(0)
i ). (5)

The official evaluation compares the predicted Channel 1 times-
tamps with the ground-truth timestamps using mean absolute error
(MAE) in milliseconds and mean squared error (MSE) in sec2.
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Figure 1: Illustration of the multichannel alignment problem. Chan-
nel 0 provides reference keypoints, while Channel 1 contains the
corresponding acoustic events with time-varying drift. The task is to
predict the Channel 1 timestamps from the given Channel 0 times-
tamps.

3. METHOD

All submitted systems formulate multichannel alignment as time-
delay estimation. Given a stereo recording and a set of Chan-
nel 0 keypoints, the system estimates a delay trajectory from the
waveform and predicts the corresponding Channel 1 timestamps by
adding the estimated delay to the Channel 0 timestamps.

Figure 2 shows the confidence-routed hybrid framework used
by our two hybrid submissions. It combines a GCC-PHAT branch
and a neural CV-Peak-BLSTM branch using a recording-level con-
fidence router. The neural-only submission uses only the neu-
ral branch. The post-processed hybrid submission further applies
trajectory-level post-processing to the neural-branch output, as de-
scribed in Section 3.5.

3.1. Feature and target construction

All audio is resampled to 16 kHz. For the neural component, we
compute two-channel STFT magnitude features using a 2048-point
FFT, a Hann window of 2048 samples, and a hop length of 800
samples. At 16 kHz, the hop length corresponds to 50 ms. The DC
frequency bin is removed, so the neural model takes a feature tensor
with shape 2× 1024× T as input.

During training, ground-truth timestamp pairs are converted
into frame-level delay annotations. The model predicts one delay
value per STFT frame, and only frames with valid targets contribute
to the masked regression loss. At inference time, the frame-level de-
lay predictions are linearly interpolated to the requested Channel 0
keypoints.

3.2. GCC-PHAT delay estimation

The GCC-PHAT component estimates a delay trajectory directly
from the waveform. We use 1 s Hann-windowed segments with
a 20 ms hop to compute local cross-correlation peaks. Very low-
energy windows are ignored because their peaks are unstable. The
lag search range is limited to ±1 s. After local peak lags are col-
lected across the recording, the resulting delay trajectory is interpo-
lated to the requested keypoints and smoothed with a median filter
of kernel size 5.

In our implementation, the GCC peak lag follows the conven-
tion τ(t) ≈ t(0) − t(1). Therefore, the delay added to the Channel

0 timestamp is computed as

∆̂gcc(t) = − τ̂(t)

fs
. (6)

3.3. Neural delay regression

The neural component predicts frame-level delays from two-
channel STFT magnitude features. The model first encodes the two
channels with a shared frequency encoder. It then compares the
encoded features over candidate temporal lags using a groupwise
lag cost volume. Cost-volume representations are widely used in
learned correspondence estimation [8, 9], and here they are used
to describe how well the two audio channels match under different
time shifts.

After cost-volume construction, lag-time convolutional blocks
and peak-aware lag pooling are used to summarize the lag response
at each time frame. A bidirectional LSTM models the temporal evo-
lution of the delay trajectory [10, 11]. Finally, an MLP regression
head outputs delays in seconds. The predicted delay trajectory is
linearly interpolated to the requested Channel 0 keypoints.

3.4. Confidence-based hybrid routing

The hybrid system combines the GCC-PHAT and neural compo-
nents using a recording-level confidence score. The router com-
putes an average GCC-PHAT peak confidence using 1 s windows
with a 50 ms hop. If the average confidence score is larger than
0.04, the GCC-PHAT branch is used; otherwise, the neural branch
is used:

∆̂(t) =

{
∆̂gcc(t), qgcc > 0.04,

∆̂nn(t), qgcc ≤ 0.04.
(7)

This routing strategy is designed to use GCC-PHAT when the
cross-channel correlation peak is reliable and to use the neural
model when the correlation structure is weak or ambiguous. In this
way, the hybrid system avoids forcing all recordings into a single
estimator.

3.5. Trajectory-level post-processing

For the first submitted system, we apply an additional trajectory-
level post-processing stage to the neural-branch delay trajectory af-
ter the neural branch shown in Fig. 2. The GCC-PHAT branch is
kept unchanged in both hybrid systems. Therefore, the difference
between System 1 and System 3 only lies in whether the neural de-
lay trajectory is post-processed before being used in the confidence-
routed hybrid output.

The post-processing estimates a smooth global trend from the
raw neural delay trajectory. Frame-level confidence is used to as-
sign larger weights to more reliable delay estimates. The final neu-
ral trajectory is obtained by combining the fitted global trend with
the residual component of the raw prediction. This keeps the output
close to the original neural estimator while reducing unstable local
fluctuations.

This post-processing is enabled for System 1 and disabled for
System 3. In both systems, recordings routed to the GCC-PHAT
branch use the same GCC-PHAT delay estimation procedure de-
scribed above.
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Figure 2: Overview of the confidence-routed hybrid framework used by the two hybrid submissions. One hybrid system further applies
trajectory-level post-processing to the neural-branch output.

Table 1: Overview of the submitted systems.
System Label suffix Variant Configuration

1 task1 1 Hybrid + PP Confidence-routed hybrid system
with neural-branch trajectory-level
post-processing

2 task1 2 Neural CV-Peak-BLSTM frame-level delay
regression system

3 task1 3 Hybrid Confidence-routed hybrid system
without additional post-processing

4. SUBMITTED SYSTEMS

We submitted three systems for Task 1. All systems follow the same
input-output format: given a stereo recording and a set of Channel
0 keypoints, each system estimates the corresponding Channel 1
timestamps. The submitted systems differ mainly in the delay esti-
mator and whether trajectory-level post-processing (PP) is applied.
All system labels share the prefix Huang WHU . Table 1 reports
the label suffixes and corresponding configurations.

The hybrid framework shown in Fig. 2 is used by System 1
and System 3. System 1 applies the trajectory-level post-processing
described in Section 3.5, while System 3 directly uses the delay tra-
jectory produced by the selected branch. System 2 uses only the
neural delay regression model. Each system produces separate pre-
diction files for the required evaluation subsets. All output files fol-
low the official CSV format with the columns “Filename”, “Time
Channel 0”, and “Time Channel 1”. The metadata files specify the
corresponding system labels, system descriptions, authors, valida-
tion results, and external data usage.

5. TRAINING AND INFERENCE SETUP

The neural branch is trained on the official development data. The
task contains two acoustic domains, aru and zebra finch. The two
domains have different recording conditions and different align-

ment difficulty, so we report validation results separately for both
datasets. No external data is used in our submitted systems.

The neural model is optimized with masked mean absolute er-
ror:

LMAE =

∑
b,t Mb,t|∆̂b,t −∆b,t|∑

b,t Mb,t + ϵ
, (8)

where Mb,t is the target mask. We use AdamW with an initial learn-
ing rate of 1× 10−4 [14]. Training is run with early stopping based
on validation MAE, and the checkpoint with the lowest validation
MAE is selected for inference. The neural models are implemented
in PyTorch [15].

The main preprocessing and inference settings are shared across
the submitted systems. All audio is resampled to 16 kHz. The neu-
ral branch uses STFT magnitude features and predicts frame-level
delays in seconds. The GCC-PHAT branch estimates local delays
with sliding windows, and the hybrid systems use a fixed GCC con-
fidence threshold of 0.04 for branch selection. The trajectory-level
post-processing is enabled only for System 1. No external data is
used.

At inference time, all submitted systems predict delay values
and convert them into Channel 1 timestamps according to Eq. (5).
For the hidden evaluation data, the same inference procedure is ap-
plied to all required subsets, including Greater flamingo, Hadada
ibis, and Red-billed quelea. No species-specific manual adjustment
is used in the final submitted outputs.

6. RESULTS

We evaluate the submitted systems on the validation set using MAE
in milliseconds and MSE in sec2. Results are reported separately
for aru and zebra finch. The average is computed as the unweighted
mean over the two validation subsets.

The validation results show that System 1, the post-processed
hybrid system, achieves the lowest average MAE among our sub-
mitted systems. System 3 uses the same confidence-routed hybrid
framework without the additional neural-branch post-processing,
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Table 2: Validation set performance comparison. MAE is reported
in ms and MSE is reported in sec2.

Method aru zebra finch Average

MAE (ms) MSE MAE (ms) MSE MAE (ms) MSE

Nosync 116.2 0.019 2297.4 5.734 1206.8 2.8765
GCC-PHAT 122.4 0.020 2457.4 7.995 1289.9 4.008
Official DL baseline 164.3 0.040 757.1 1.218 460.7 0.629
System 1 (Hybrid + PP) 0.654 0.000087 416.14 0.262 208.397 0.131
System 2 (Neural) 118.4 0.020 422.91 0.262 270.637 0.141
System 3 (Hybrid) 0.654 0.000087 422.91 0.263 211.782 0.131

and System 2 provides a neural-only reference. The comparison
between System 1 and System 3 indicates that the trajectory-level
post-processing mainly improves the zebra finch validation results
while keeping the aru results unchanged.

7. CONCLUSION

This report summarizes our submitted systems for BioDCASE
2026 Task 1. The systems formulate multichannel alignment
as time-delay estimation and generate Channel 1 timestamps by
adding the estimated delay to each given Channel 0 keypoint. The
submitted systems include a neural frame-level delay regressor,
a confidence-routed hybrid system without post-processing, and
a confidence-routed hybrid system with neural-branch trajectory-
level post-processing. The validation results show that the hybrid
framework performs well across the two validation subsets, and the
additional post-processing further improves the final submitted sys-
tem.
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