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Abstract—In this study, we explore whether distributed record-
ings, captured using devices equipped with internally synchro-
nized microphones, contain identical sounds that could provide a
reference for spatial and temporal alignment. We define anchor
sounds as those originating from the same location with the same
waveform, such as a TV power-on sound or a door-closing sound.
To examine their presence and potential usability, we test a two-
stage detection approach that incorporates widely used signal
processing techniques, including cross-correlation, to evaluate
waveform similarity and time difference of arrival (TDOA)
consistency. Our experiments on the SINS database confirm that
such identical sounds are present and can be identified using
conventional signal processing techniques. While our findings
are specific to the SINS database, they suggest similar anchor
sounds may also exist in other real-world datasets, potentially
enabling applications such as microphone self-localization and
synchronization.

I. INTRODUCTION

In smart home environments, monitoring human activities
as part of daily routines has become increasingly important.
Several studies have focused on acoustic scene analysis [1],
[2] and sound source localization [3], [4]. Generally, utilizing
microphone arrays is desirable for obtaining spatial infor-
mation [5]-[9]. The use of distributed microphone arrays is
particularly advantageous for capturing large spatial areas and
has been studied [7], [8], [10]-[14]. Recently, the number of
smartphones, smart speakers, and IoT devices equipped with
multiple microphones has rapidly increased. Consequently,
research has focused on distributed microphone arrays com-
posed of multiple internally synchronized subarrays (e.g., small
microphone arrays within each device) [14].

In distributed microphone arrays, utilizing spatial informa-
tion requires knowledge of microphone positions and syn-
chronization of microphone recordings. Conventional methods
address this through self-calibration [15]-[17] and synchro-
nization techniques [18]-[23]. In these approaches, dedicated
calibration signals are often effective [15], [24], [25]. Such
signals provide a high signal-to-noise ratio (SNR) and clear
time alignment, but playing them in daily-life environments is
often impractical or intrusive.

To address this issue in a more practical manner, several
studies have explored the use of reliable signal segments
directly from recordings, without requiring dedicated reference
signals. Among these, signal segments spoken by a single
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Fig. 1. Definition of anchor sound. The anchor sound consistently originates
from the same position with an same waveform.

speaker have been effectively utilized in tasks such as di-
rection of arrival (DOA) estimation [26]. In the context of
synchronization, Sakanashi et al. [18] estimated the sampling
rate offset (SRO) between devices by using manually selected
segments spoken by a single speaker. Several methods have
also been proposed for synchronization based on automatically
detected signal segments with consistent acoustic characteris-
tics across recordings [27], [28].

Inspired by these approaches, we pose a fundamental ques-
tion from a different perspective: Are identical sounds present
in distributed recordings to serve as spatio-temporal anchors?
In everyday environments, certain naturally occurring sounds,
such as a TV power-on sound or a door-closing sound, are
expected to originate from the same location and exhibit
similar waveforms each time they occur. We refer to such
sounds as ‘“anchors,” defined as segments that consistently
originate from the same position and share similar waveforms
across time. This concept is illustrated in Fig. 1. These anchors
provide stable time differences of arrival (TDOAs) and DOAs,
which can be utilized for synchronization and self-localization
in distributed microphone arrays.

In this study, we investigate whether such sounds are present
in real-world multi-channel recordings. To detect these sounds,
we focus on internally synchronized subarrays and employ
a two-stage detection approach based on waveform similar-
ity and TDOA consistency within each subarray. We apply
this approach to the SINS database [13] and confirm that



such anchor sounds, including TV power-on and door-closing
sounds, are present in real-world recordings. We also discuss
the potential usefulness of these anchor sounds for microphone
synchronization by analyzing the stability of time differences
between subarrays.

II. PROBLEM SETTING

We consider the problem of detecting an anchor sound using
signals recorded from a subarray with M microphones. We
assume that the microphones within the subarray are closely
located and synchronized. We divide the recorded signal into
short signals as frames. In this study, we assume each frame
contains at most one anchor sound and formulate the problem
of detecting frames that contain anchor sound. The following
equation represents the recorded signal of the mth microphone
at frame ¢:

Im,z[t} = S[t - gm,i} * hm [t] + nm,i[t]a (1)

where &, ;, hp[t], and n,, ;[t] indicate a time position of the
anchor sound s[t] in the frame 4, an impulse response from
sound source to microphone, and noise signal, respectively.

III. BLIND DETECTION OF ANCHOR SOUNDS

The detection method consists of two stages. In the first
stage, we identify the temporal frames where the peak of the
cross-correlation between different frames exceeds a thresh-
old, thereby detecting signals with similar waveforms (see
Sec. III-A). In the second stage, we calculate TDOAs between
microphones within a subarray and detect frames where these
TDOAs coincide, indicating sounds likely originating from
the same position (see Sec. III-B). The detected frames are
grouped according to the pair information (see Sec. III-C).

A. Detection of Frame Pairs Based on Waveform Similarity

In the first stage, we detect pairs of frames with simi-
lar waveforms. Since microphones within each subarray are
closely located, we select a representative microphone m from
the subarray to perform the detection. If the anchor sounds are
contained in both frames, the peak of the normalized cross-
correlation between the frames is expected to be high. The
normalized cross-correlation can be calculated as

1 Xm,z[f]X:a][f]
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where ]-'f_iT() is the inverse Fourier transform from f to 7,
Xm,i[f] 18 the Fourier transform of ., ;[t] in Eq. (1), and {-}*
denotes the complex conjugate. Here, the denominator works
to adjust the scale of the cross-correlation. The pairs of frames
are detected as candidates containing anchor sounds when the
peak value of the cross-correlation function ¢; ;(7) exceeds a
threshold 6. The set of the detected pairs are obtained as

Py = {(i, )] max g1,5(r) > 6}, 3

Pairs:  {(1,2),(2,1),(1,3),(3,1),
(2,3),(3,2),(4,5),(5,4)}
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Fig. 2. Example of detected results. Colored off-diagonal components indicate
detected pairs (7, 7). Here, the numbers of pairs, frames, and groups are 8, 5,
and 2, respectively.

B. Detection of Frame Pairs Based on TDOA Consistency

In the second stage, from the detected pairs at the first stage,
we select those with matching TDOAs. The TDOA of the
1th frame between the microphone m and n within the same
subarray can be calculated as

7A—m,n,i = argmax ¢m,n,i(7_)v 4)
T
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Without loss of generality, we use the first microphone as the
reference microphone and calculate the TDOA vectors for the
ith frame as

T = (T1,2,05+ » T1,M,1)- 6)

The pairs of frames are detected when the TDOA vectors 7;
and 7; are coincided. The set of the detected pairs are obtained
as

Py ={(i,j)| i = 75,(i,j) € P }. @)

Note that we assume 7, ; iS obtained in discrete time and
takes an integer value. Therefore, 7, = 7; indicates that the
TDOAs coincide with sample-level precision.

Furthermore, because the method uses only TDOA infor-
mation, it remains effective regardless of the specific array
geometry or the number of microphones, provided that the
microphone configuration is fixed.

C. Grouping the Same Kind of Anchor Sounds

To simply detect the frames containing anchor sounds, it is
sufficient to extract all frame indices included in P». However,
in this study, we also perform grouping of frames to classify
their types of anchor sounds roughly. If two frames are detected
as a pair in Ps, they are similar and arriving from the same
direction, thus considered as the same type of anchor sound.
To group these sounds, we consider a graph where frames
are nodes and pair relationships are edges. We then detect
disconnected subgraphs to form the groups. Figure 2 shows
an example of detected results by the detection method.
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Fig. 3. Arrangement of subarrays in SINS database (figure from [13]). Red
arrows indicate directions of subarrays containing four microphones, and the
number indicates the subarray index.

TABLE I
NUMPBER OF DETECTED SOUNDS. “# PAIR,” “# FRAME,” “# GROUP”
INDICATE THE NUMBER OF DETECTED PAIRS, FRAMES, AND GROUPS,
RESPECTIVELY.

Subarray index
1 2 3 4 6 7 8

# Pair 697 1178 1156 993 1023 1312 697
# Frame | 193 193 277 282 238 319 162
# Group | 33 25 31 31 54 42 29

IV. EXPERIMENTS

In this experiment, we applied the detection method to one
of the real-world datasets (see Sec. IV-B). Then, we observed
the examples of detected sounds (see Sec. IV-C) and discussed
the potential usefulness of these sounds (see Sec. IV-D).

A. Experimental Setup

We used the SINS database [13], which is real-world
recordings collected by 13 subarrays that consist of four
microphones (see Fig. 3). In the SINS database, along with
each audio recording, internal counter (timer) values from
the control board are recorded every second. The subarrays
are synchronized using these values. We used the recorded
signal labeled as “Other,” which contains a transition between
activities and is expected to contain various sounds. The total
time of the recorded signal was 145 minutes. The sampling rate
was 16,000 Hz. The recorded signals were segmented into 2-
second frames without overlap, resulting in a total of 4,360
frames. The number of pairs considered using brute force is
4,3602. We applied the detection methods to seven subarrays
in the living room (1 through 8, excluding subarray 5, which
was unavailable). The peak threshold for the detection process
in Sec. III-A was set to a value that detected 3000 pairs in
each subarray.

B. Results of Anchor Sound Detection

We counted the number of detected anchor sounds. Table I
shows the number of detected pairs, frames, and groups using
the two-stage detection method. The number of pairs, frames,
and groups are |P|, unique frame indices included in P,
and the number of subgraphs. The detection method detected
several hundred frames and approximately 30 groups. We

TABLE I
SUBJECTIVE LABELED RESULTS AT SUBARRAY 7.

Detected sounds | # Group  # Frame
Stationary noise 28 190
Door-closing sounds 8 104
Notification sounds 2 12
TV power-on sounds 2 7
Harmonic noise 1 2
Beating-something sounds 1 4
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Fig. 4. Co-occurrence of detection on the subarrays. The diagonal elements
represent the number of frames detected in each subarray. The total number
of frames detected in all subarrays was 57 (labeled “Door-closing sound”).

confirmed that in subarrays 1 and 8, which were located in
the corners of the living room, the number of detected pairs
was lower than in other subarrays.

To observe the detected sounds, they were subjectively
labeled by one person. The subjective labeling was performed
on the detected sounds in subarray 7 (42 groups). Table II
shows the subjectively labeled results. “Stationary noise” was
background noise, primarily consisting of low-power sounds.
“Harmonic noise” was noise with a harmonic structure. “Door-
closing sounds” and “Beating-something sounds” were im-
pulsive sounds. “TV power-on sounds” were short music
that contained harmonic components. “Notification sounds”
were short sounds that contained harmonic components. The
detection method detected various sounds, including impulsive
and harmonic sounds. These results suggest the possibility of
detecting additional anchor sounds when exploring other scene
labels (e.g., “Cooking” and “Working”) or other real-world
datasets [10]-[12].

We also investigated the co-occurrence of detections across
subarrays. Figure 4 illustrates the co-occurrence of detections
across the subarrays. Here, co-occurrence denotes the count of
frame indices that overlap among detections in each subarray.
The results indicate that anchor sounds were detected simul-
taneously across all subarrays, with the number of pairwise
co-occurrences exceeding approximately 80. A recent method
estimates the TDOA or sampling rate offsets (SROs) using a
pairwise approach and computes their consensus [23], [29].
These results suggest that these methods are applicable.
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Fig. 5. Example of “TV power-on sounds” at Table II (subarray 7). (a) and (b) show spectrograms ranging from 0 Hz to 4000 Hz of frame ¢ and j, respectively.
(c) shows the normalized cross-correlation function ¢; ;(7). The time difference vector was [0, 0, 0].
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Fig. 6. Example of “Door-closing sounds” at Table II (subarray 7). (a) and (b) show spectrograms ranging from 0 Hz to 4000 Hz of frame ¢ and j, respectively.
(c) shows the normalized cross-correlation function ¢;, ;(7). The time difference vector was [—1, —2, —3].
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Fig. 7. Time difference between subarray 7 and all subarrays (subarray 1, 2,
..., 8) for the label “Door-closing sounds” (57 frames).

C. Examples of Anchor Sounds

Figure 5 and 6 show examples of anchor sounds detected by
the detection method. These frames were selected from the cat-
egories “TV power-on sounds” and “Door-closing sounds” as
listed in Table II. Figure 5 confirms the harmonic components
associated with TV power-on sounds. Figure 6 displays the
impulse component of a door-closing sound. In both examples,
peaks appeared in the cross-correlation function, with peak
values approximately around 0.7. We also observed TDOA
vectors. The TDOA vectors were [0,0,0] and [—1,—2, —3]
for the “TV power-on sound” and “Door-closing sound,”
respectively. This suggests that the TV may be in front of
subarray 7, and the door may be located adjacent to subarray
7 (see Fig. 3). These results suggest that the TDOA vectors of
anchor sounds may provide spatial information.

D. Evaluation of Inter-Array Time Differences for Potential
Passive Synchronization

We examined the stability of inter-array time differences for
anchor sounds to assess their potential for synchronization. In
our investigations, the only detected anchor sounds across all
subarrays were door-closing sounds, totaling 57 frames. We
calculated the time differences between subarray 7 and all
other subarrays (subarray 1, 2, ..., 8) for these 57 frames
to analyze their stability. Figure 7 presents a boxplot where
the horizontal and vertical axes represent the subarray index
and inter-array time difference, respectively. Since the SINS
database ensures subarray synchronization, we expect the inter-
array time differences to remain constant if the detected sounds
originate from the same location. Although a few outliers
were observed, possibly resulting from incorrect detection of
a spurious peak in the normalized cross-correlation function,
the results confirmed that the observed time differences were
highly stable, supporting the reliability of anchor sounds in
synchronized environments. This finding suggests that if the
subarrays were not synchronized, identifying such anchor
sounds and adjusting inter-array delays to maintain their con-
sistency could provide a means of passive synchronization. In
fact, Sakanashi ef al. [18] demonstrated that if signal segments
from the same sound source are observed twice, SRO between
devices can be estimated from the ratio of the time intervals
between the two segments on each device. Their method was
based on the assumption that such segments were manually
specified by the user. In contrast, our approach enables blind
detection of anchor sounds with similar properties, making it
effective for SRO estimation. This allows their SRO estimation
technique to be automatically applied in practical systems
without manual intervention.
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V. CONCLUSION

In this study, we explored anchor sounds that provide spatial
and temporal alignment cues in distributed recordings. We
defined anchor sounds as those originating from the same po-
sition with the same waveform. A two-stage detection process
was applied to short frames. Firstly, we identified temporal
frame pairs where the peak of cross-correlation between dif-
ferent frames exceeded a threshold, thereby detecting signals
with similar waveforms. In the second stage, we calculated
time differences between microphones within a subarray and
detected frame pairs where these time differences coincided,
indicating sounds likely originating from the same position.
The detected pair information was then used to assemble
the relevant groups of anchor sounds. In our experiments,
we applied the detection method to the SINS database and
confirmed that six types of sounds, including TV power-on
sounds, impulsive sounds such as door-closing sounds, and
noise, were present in the real recordings. We also analyzed
the stability of inter-array time differences of these sounds to
explore their potential usefulness for microphone synchroniza-
tion. The observed stability suggests that such anchor sounds
could contribute to passive synchronization methods. While
our findings are specific to the SINS database, these results
suggested the possibility of detecting other anchor sounds
when exploring other scene labels or other real-world datasets.

Future work will focus on refining detection performance
and expanding the analysis to additional datasets to further
evaluate the role of anchor sounds in distributed microphone
arrays.
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