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Abstract—In this study, we explore whether phase-based spatial
features can still provide informative cues for acoustic scene clas-
sification under asynchronous conditions. Distributed microphone
arrays can capture spatial information over a large area, such
as time differences between microphone recordings, which are
useful for acoustic scene classification. However, in real-world
applications, this information becomes unreliable due to sampling
time offsets (STOs) caused by unsynchronized recording start
times or clock drift. In our previous work, we showed that mod-
els trained on phase-based spatial features using synchronized
data suffer significant performance degradation when tested on
asynchronous recordings. Nevertheless, we hypothesize that even
under STOs, phase-based features may still contain useful spatial
cues, such as whether a sound source is moving or stationary. To
examine this hypothesis, we apply a data augmentation strategy
that simulates asynchronous conditions by introducing circular
shifts to synchronized data and then compute phase-based spatial
features. This approach allows the model to learn representations
that are robust to STOs. Experimental results demonstrate that
our method mitigates performance degradation across various
asynchronous conditions.

I. INTRODUCTION

Acoustic scene recognition is a technology that identifies
the surrounding environment from sound. It has a wide
range of applications, such as monitoring infants and older
people [1], [2] and surveillance systems [3], [4]. Acoustic
scene classification, one of the key technologies in acous-
tic scene recognition, aims to classify a pre-defined scene
(e.g., “Cooking” or “Watching TV”) from a few seconds of
recorded signal (hereinafter referred to as an audio clip) [5]. In
acoustic scene classification, many studies have used spectral
features [6]-[10]. Meanwhile, when multiple microphones are
available, we can also utilize spatial information such as time
differences and power ratios between microphones. Combining
spatial information with spectral features is expected to im-
prove performance. In particular, phase-based spatial features
are considered to have information complementary to spectral
features [11].

In multiple microphone frameworks, distributed microphone
arrays have been studied. Distributed microphone arrays con-
sist of spatially distributed microphones. Distributed micro-
phone arrays enable obtaining spatial information over a wide
area and have been applied to tasks such as sound source local-
ization [12] and acoustic scene classification [11], [13]-[16].
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Fig. 1. Time differences between microphones calculated from synchronized
and asynchronous recordings. These time differences vary due to the presence
of STO.

However, practical applications need to handle asynchronous
recordings caused by factors such as sampling time offsets
(STOs) and sampling rate offsets (SROs) [17]-[20]. For ex-
ample, STOs can arise from slight timing mismatches when
recordings are manually started. Even if the initial recording
start times are synchronized, SROs can cause time drift that
accumulates over time, leading to time offsets similar to STOs
in practical scenarios. In this study, we focus on acoustic scene
classification in the presence of STOs.

In microphone array signal processing, spatial information
such as the time difference of arrivals (TDOAs) between
microphone recordings plays an important role. However,
when STOs exist, the TDOAs between microphone recordings
cannot be correctly computed. Figure 1 illustrates an example
of the observed time difference between microphone record-
ings using synchronized data and asynchronous data affected
by STO. As shown in the figure, when STO exists, the time
difference between microphone recordings may correspond to
the sum of the actual TDOA and STO. This indicates that
the observed time differences no longer correspond to the
actual TDOA, making the spatial information unreliable in the
presence of STOs.

This motivates a key research direction: investigating
whether spatial information can still be leveraged under asyn-
chronous conditions. One approach to address this issue has
involved the use of amplitude-based spatial features related to
the distribution of microphone power values [13], [14]. These
features do not retain time difference information but may still
capture useful spatial cues, provided that frame-level alignment



is preserved. In contrast, phase-based features contain time
difference information and are therefore inherently sensitive
to STOs. While synchronization methods can be applied as
a preprocessing step to compensate for STOs, they pose
challenges such as the difficulty of distinguishing between
TDOAs and STOs and the additional computational cost.

In this study, we investigate whether phase-based features
can still provide informative cues for classification under
asynchronous conditions, such as indicating whether the sound
source is moving or stationary. To this end, we adopt a data
augmentation method that simulates asynchronous conditions
by applying circular shifts to synchronized recordings. The
model is trained using phase-based features computed from
these augmented signals. This approach is expected to encour-
age the model to learn representations that are invariant to
STOs. In evaluation experiments under various STOs, we con-
firmed that the proposed method mitigated the degradation in
classification performance. These findings suggest that phase-
based features contain spatial information that can be exploited
for classification even in the presence of STOs.

II. AcousTIC SCENE CLASSIFICATION USING
ASYNCHRONOUS DATA

A. Problem Setting

We consider a scenario where audio clips are synchronized
during training but asynchronous during testing. Let the audio
clip recorded by microphone p (p = 1,...,P) be denoted
as z,[n] during training and as z,[n — 7,] during testing,
where n = 1,...,N. Here, P and N represent the number
of microphones and the length of each audio clip, and 7,
denotes the STO of microphone p (with 7y = 0), respectively.
When STOs exist, spatial information such as TDOA cannot
be accurately calculated. Figure 1 illustrates the example of
time differences between microphone recordings under both
synchronized and STO-affected conditions. As shown in the
figure, the presence of STOs prevents the acquisition of spatial
information.

In acoustic scene classification, a model is trained using
acoustic features computed from audio clips as input. As il-
lustrated in the above example, spatial features vary depending
on whether the data are synchronized or asynchronous due to
STOs. Such differences are expected to degrade classification
performance [11]. To address this issue, we investigate a
training strategy for achieving robustness to STOs in acoustic
scene classification, assuming that only synchronized data are
available. We propose a data augmentation method to mitigate
the impact of STOs on spatial features.

B. Spatial Feature

In this study, we use GCC-PHAT [21] as the spatial feature.
GCC-PHAT is commonly used to estimate the TDOA. It
has been employed as a spatial feature in various tasks,
including sound event detection [22], sound event localization
and detection [23], [24], and acoustic scene classification [11].
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Fig. 2. Example of GCC-PHAT for the label “Absence.” Here, “sync.”
and “async.” represent GCC-PHAT calculated from synchronized and asyn-
chronous recordings (with an STO of 300 samples), respectively. “*” indicates
the peak position.
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GCC-PHAT, which is used in this study, is calculated by the
following equation:

d) (7_) _ —1 lz Xp(fvt)X;(fat) (1)
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where X, (f,t) denotes the spectrogram computed from the
audio clip x,[n], and ]-'f_iT() indicates the inverse Fourier
transform. In this study, we simplify the representation by tem-
poral averaging; however, in the future, it would be desirable
to consider more complex representations, such as learnable
aggregation operations instead of temporal averaging.

To observe the effect of STO, we examined examples of
GCC-PHAT feature with and without the STO. GCC-PHAT
feature was computed using representative microphones from
microphone arrays 1 and 2 in Fig. 4. We set the STO of
subarray 2 to 300 samples. Figures 2 and 3 show the GCC-
PHATS features for the scenes “Absence” and “Watching TV,”
respectively. In the figures, “sync.” and “async.” indicate the
synchronized (STO was O sample) and asynchronous (STO
was 300 sample) conditions. The parameters used to compute
GCC-PHAT are described in Section III-A.

In Fig. 2, we observed a shift in the peak position. On
the other hand, clear peaks did not appear in either the
synchronized or asynchronous case, and the shapes of GCC-
PHATs were similar. In Fig. 3, we also observed a shift in
the peak position due to the presence of STO. Compared
to “Absence,” the difference in the shapes of GCC-PHATSs
caused by STO was more pronounced in the “Watching TV.”
It suggests that such shape difference could negatively impact
acoustic scene classification performance.

C. Data Augmentation for Asynchronous Recording

Data augmentation is a widely used technique for increasing
training data to improve noise robustness and generalization,
and various methods have been proposed [25]-[28]. When
using a single microphone, methods such as Mixup [25] and
SpecAugment [26] have been applied to spectral features,
and time shifting is also an effective augmentation technique
for spectral features [29], [30]. On the other hand, when
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Fig. 3. Example of GCC-PHAT for the label “Watching TV.” Here,
“sync.” and “async.” represent GCC-PHAT calculated from synchronized and
asynchronous recordings (with an STO of 300 samples), respectively. “*”
indicates the peak position.

multiple microphones are available, techniques such as Chan-
nelSwap [27] and change in hop length of short-time Fourier
transform (STFT) [28] have been proposed to augment spatial
information while preserving spectral information.

In this study, we propose a data augmentation technique
that simulates asynchronous signals caused by STOs. By ap-
plying the proposed method to synchronized audio clips during
training, we aim to mitigate the performance degradation that
occurs when using asynchronous audio clips during testing.

The asynchronous signal caused by STO is simulated as
a circular shift by an integer number of samples. Unlike
previous augmentation methods for single-channel recordings,
we adapt this circular shift to augment asynchronous multi-
channel signals. The circularly shifted audio clip Z,[n] is
defined by

fp[n] = xp[n - 7~'p]a )

where 7, represents the simulated STO for subarray p, with
71 = 0. Each 7, is sampled from a normal distribution with a
mean of 0 and a standard deviation of o, where o is treated as
a hyperparameter. During training, the GCC-PHATSs defined in
(1) using the augmented audio clips &,[n] are calculated, and
then the model is trained using the calculated GCC-PHATs.
Note that since 7, is sufficiently small compared to the clip
length N, we assume that the wrap-around effect due to circular
shifting can be ignored.

III. EXPERIMENTAL EVALUATION

In this experiment, we evaluated the effectiveness of the
proposed method on simulated asynchronous conditions.

A. Experimental Setup

We evaluated the effectiveness of the proposed method
using the SINS database [9], a real-world dataset that contains
continuous recordings of a single person’s activities span-
ning one week. The dataset consists of the recordings of 13
microphone arrays, whose spatial configuration is shown in
Fig. 4. Each microphone array is a linear array consisting of
four microphones. In this study, we used the first channel of
each of the seven arrays (arrays 1-4 and 6-8) in the living

Fig. 4. Microphone array arrangement in the SINS database [9]. Red arrows
indicate the linear 4-channel microphone arrays.
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Fig. 5.  Performance of acoustic scene classification. The vertical axis
indicates the macro Fl-score, and the horizontal axis indicates the standard
deviation of the STO at testing. The legend represents the standard deviation
of the STOs used in training.

room as a distributed microphone array. The dataset contains
10 scenes: “Absence,” “Calling,” “Cooking,” “Dishwashing,”
“Eating,” “Other,” “Vacuum cleaner,” “Visit,” “Watching TV,”
and “Working.” The audio signal was recorded at a sampling
frequency of 16 kHz.

In the dataset, synchronization was performed based on time
stamps, which were stored every second. For acoustic scene
classification, 10-second audio clips were segmented from
the continuous recordings. In our experiments, the training,
validation, and test sets consisted of 40,794, 6,666, and 4,753
clips, respectively. We used the synchronized dataset for the
training and validation sets, while the test set was simulated
with various STOs. The same microphones were used in both
the training and test sets.

The network architecture and training conditions used in
this experiment followed those described in [11], [16], except
for the data augmentation settings. For the input features,
GCC-PHAT was computed for all 21 pairs from the seven
microphones, corresponding to the combination (;) = 21.
Each GCC-PHAT feature was calculated with a frame length of
128 ms and 50% overlap. The resulting features from all pairs
were concatenated and used as input to the model. A three-
layer fully connected neural network was employed as the
model. The model was trained using an AdamW optimizer [31]
for 50 epochs with a learning rate of 1.0 x 10~ and a
weight decay of 1.0 x 1075, The loss function used was cross-
entropy. To mitigate the data imbalance problem, we sampled
audio clips of each scene label equally during training. For
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TABLE I
THE F1-SCORE UNDER THE MATCHED CONDITION FOR EACH LABEL.

Std F1-score
’ . . Dish . Vacuum .. Watchin, .
Absence  Calling  Cooking . Eating  Other Visit £ Working
washing cleaner 1%
0 92.5% 64.8% 92.2% 80.0% 92.0%  422% 100.0% 72.3% 99.8% 90.7%
16 62.6% 52.3% 90.2% 75.0% 50.5%  20.8% 78.5% 48.8% 93.3% 74.4%
32 53.3% 29.7% 86.5% 60.1% 17.9%  14.6% 58.0% 22.6% 97.9% 76.6%
80 34.4% 29.9% 83.1% 31.1% 8.4% 17.1% 70.4% 11.5% 98.0% 76.8%
160 21.4% 37.0% 84.0% 15.1% 21.8%  27.4% 86.0% 14.7% 97.5% 77.0%
320 37.4% 35.7% 87.7% 9.2% 9.4% 7.6% 81.7% 17.4% 94.5% 54.1%
std: 0 std: 16 std: 160 std: 320
Absence —m o o o 0 10 o0 3 o 6 o 3 o 0 208 0 51 0 34 24 0 13 0 1 o 1 0 21 1 o o o
caling =4 0 58 0 o 0 23 0 18 0 18 6 o o 0 20 0 18 0 11 2 o 5 o 1 o o o o o o o o
cooking ={ 1 0 25 3 0 3 0 0 0 2 11535 0 19 0 10 0 5 18 0 7 0 3 0 3 0 7 0 1 0 1
Dish 46 0 13 74 0 11 0 0 o0 1 0 3 3 0 25 0 4 0 1 5 0 0 0 0 0 0 0 0 0 0 0 0
_ washing
% Eating = 0 o 1 0 69 4 o o o ] [ 2 o 3 30 0 1 o 1 2 [ o o o o o ] o o o o o
§ Other == 55 3 o 3 7 8 0 3 0 37 3 o 1 0 51 0 6 o 3 4 o 2 o 1 o o o 3 o o o 1
Vacwm 4o o0 0 0 0 0 42 0 0 0 0 0 0 0 14 13 2 0 0 3 0 4 0 0 0 0 o 2 0 1 0 o0
cleaner
Visit = 0 o o o o 8 0 43 o0 1 o o o o 7 0 15 0 o 2 o 1 o o 1 o o 1 o 1 o o
Watching 41 0 0 0 0 2 0 0 1 24 2 11 3 218 0 45 98 41 9 0 4 0 16 9 14 0 61 0 15 2 14
Working =123 1 27 0 0 58 0 0 0 4 22 6 0 0 4 0 177 29 0 37 0 6 0 6 020 0 9 0 2
LU rT 1717 1rrrrr1i L LI
F e L eI E FEE oSS L ol S SeF L& oL S ST L&
FEFGESE T g FE GG 88 SFE TGS g SFE S8 g8
Predicted label Predicted label Predicted label Predicted label Predicted label
Fig. 6. The confusion matrix obtained when trained with synchronized recordings.
std: 0 std: 16 std: 32 std: 160 std: 320
Absence ﬁ 0 0 o 0 10 o0 =] o 6 ﬂ =l o 1 52 304 5 36 5 73 ﬂ 9 0 24 209 195 8 199 0 58 =4169 7 11 470 120 52 1 54 0 392 =395 3 115 38 1 23 0 192
caling =4 0 58 0 o 0 23 0 18 0 18 -12 63 0 o 1 26 0 21 0 a4 -7 37 0 o 5 39 1 17 0 11 -1 55 9 1 2 2 2 36 1 8 -3 5 1 4 14 o0 2 33 0 5
cooking = 1 0 295 3 o 3 o 0 o 2 -1 1 0 28 10 2 o 3 2 1 0 - 2 0 257 30 0 4 5 5 o 1 -1 5 258 11 1 1 3 24 0 o -2 6 272 6 2 o 4 12 0 o
Dish 36 0 13 74 0 112 0 o o 1| =0 o0 1272 5 5 8 0 2 1| =0 1 9 7 2 1 15 1 0o of =9 5 1 51 9 5 3 20 o 2| =417 8 1 40 11 1 1 18 0 8
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£ Eatng =0 0 1 0 6 4 0 0 0 of =2 1 2 1 5412 1 1 0 of—46 0 1 13 19 2 5 o 5|44 3 0 24 12012 0 3|]-48 0 02 2 0 0 1 0 1
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Fig. 7. The confusion matrix under the matched condition.

data augmentation, the standard deviation o were set to 0
(synchronized data), 16, 32, 64, 80, 128, 160, and 320 samples.
A separate model was trained and saved for each standard
deviation.

We created a test set for each standard deviation value: O,
16, 32, 64, 80, 128, 160, and 320 samples. For each test set,
integer-sample STOs were independently simulated for each
microphone and each audio clip. To evaluate the robustness
against STO, all trained models were evaluated on every test
set. The evaluation metric was the macro F1-score, calculated
as the average of the Fl-scores across all labels.

B. Experimental Results

Figure 5 shows the relationship between the macro F1-score
and the standard deviation of STO in the test data. The legend
indicates the standard deviation o used in data augmentation
during training. When the STO was 0, no data augmentation
was applied, and the model was trained only with synchronized
data. The red line represents the results under the matched
condition, where the standard deviation of STO during training
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and testing matched. The results show that the macro FI1-
score decreased as the standard deviation of STO increased.
When the model was trained on synchronized data (o
0), the classification performance degraded significantly with
increasing STO. In contrast, applying the proposed method
mitigated the performance degradation. The macro F1-scores
of the matched condition exceeded the chance level of 7%
across all STO conditions, with scores reaching approximately
50%. The highest score was when we trained and evaluated
on synchronized data, which was an ideal condition. These
findings suggest that synchronization of training and test data
was one of the effective ways to classify robust acoustic scenes.

We also examined the Fl-scores for each label under the
matched condition. Table I shows the F1-scores for each label.
The results indicate that although the overall Fl-scores tend
to decrease as the standard deviation of the STO increases,
the labels “Watching TV” and “Cooking” exhibited relatively
less performance degradation than other labels, maintaining
high F1-scores even when the STO standard deviation was 320
samples. In contrast, the Fl-scores for the labels “Absence,”
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“Calling,” and “Visit” degraded significantly.

We show the confusion matrices for detailed classification
results to investigate the difference in classification accuracy
across labels. Figure 6 shows confusion matrices at testing un-
der different standard deviations of STO, using a model trained
on synchronized data. Each confusion matrix corresponds to a
different STO standard deviation at testing: 0, 16, 32, 160,
and 320 samples. As shown in Fig. 6, misclassification as
“Absence” became more frequent as the STO standard devi-
ation increased. In particular, the labels “Watching TV” and
“Working” were often misclassified as “Absence” or “Other.”
On the other hand, the “Absence” label was less misclassified
into other labels.

Figure 7 shows confusion matrices under the matched con-
dition. Each matrix corresponds to a case where the standard
deviation of the STO at both training and testing is 0, 16,
32, 160, or 320 samples. We observed that labels such as
“Watching TV,” “Working,” and “Cooking,” which were more
frequently misclassified when trained on synchronized data, are
correctly classified under this condition. On the other hand, the
label “Absence” was more often misclassified as other labels.

From Fig. 6, we observed that when the model was trained
on synchronized data, the classification performance for labels
such as “Watching TV” and “Cooking,” which likely involve
fixed sound source locations, degraded in the presence of STO.
This degradation was considered to be caused by changes not
only in the peak positions but also in the shape of the GCC-
PHAT feature, as observed in Fig. 3. In contrast, Fig. 7 showed
that these labels held high classification performance. This
suggests that the proposed data augmentation method could
simulate asynchronous conditions during training, enabling the
model to classify asynchronous test data more robustly.

IV. CONCLUSIONS

In this study, we investigated whether the performance of
acoustic scene classification under asynchronous conditions
can be improved through a training strategy, assuming that
only synchronized data is available. To this end, we proposed
a data augmentation method that simulates asynchronous con-
ditions by applying circular time shifts based on STOs to
synchronized audio clips. Experimental results demonstrated
that the proposed approach effectively mitigates performance
degradation caused by STOs in test data. As future work, we
plan to extend our approach to also address differences in
microphone placement between training and testing [32], [33].
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