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ABSTRACT

Dual-path processing along the temporal and spectral
dimensions has shown to be effective in various speech pro-
cessing applications. While the sound source localization
(SSL) models utilizing dual-path processing such as the FN-
SSL and IPDnet demonstrated impressive performances in
localizing multiple moving sources, they require significant
amount of computation. In this paper, we propose an ar-
chitecture for SSL which introduces a U-Net to perform
narrow-band processing in multiple resolutions to reduce
computational complexity. The proposed model replaces the
full-narrow network block in the IPDnet consisting of one
full-band LSTM layer along the spectral dimension followed
by one narrow-band LSTM layer along the temporal dimen-
sion with the FUN block composed of one Full-band layer
followed by a U-net with Narrow-band layers in multiple
scales. On top of the skip connections within each U-Net,
we also introduce the skip connections between FUN blocks
to enrich information. Experimental results showed that the
proposed FUN-SSL outperformed previously proposed ap-
proaches with computational complexity much lower than
that of the IPDnet.

Index Terms— Dual-path processing, Multi-resolution
analysis, Sound Source Localization, Multiple Moving Sources

1. INTRODUCTION

Sound source localization (SSL) aims to estimate the spatial
position of one or multiple sound sources with respect to a
given microphone array based on multi-channel audio sig-
nals. The output of the SSL is exploited in a variety of down-
stream applications such as sound source separation, speech
enhancement, and automatic speech recognition [1,2}|3]. Tra-
ditional approaches [4} |5, |6} [7] apply statistical analyses on a
certain spatial features to localize sound sources, but degrade
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in the presence of heavy noises and reverberations. Deep
learning-based approaches [8, 9, (10} [11} [12} [13} [14} [15} [16]
have shown superior performance in challenging acoustic sce-
narios when sufficient training data is available. Many of
them, however, focus on localization of a single source or
static sources, although the localization of multiple moving
sources would widen the application of the SSL.

To localize multiple moving sources in adverse environ-
ment, the SSL model needs to capture temporal context to
track the moving sources and also exploit spectral correla-
tion to deal with challenging scenarios. Commonly adopted
network architectures for moving SSL include convolutional
neural networks (CNN) [17, [18] and convolutional recur-
rent neural networks (CRNN) [19, 20, 21]]. IPDnet [22]
employs dual-path processing along the temporal and spec-
tral dimensions with the full-narrow (FN) network blocks,
which achieves remarkable performance in localizing both
single and multiple sources under static and dynamic condi-
tions. The full-band layer along the spectral dimension cap-
tures inter-frequency correlations, whereas the narrow-band
layer models temporal dynamics within individual frequency
bands. While this structure was shown to be effective to track
multiple moving sources, the computational complexity was
rather high.

In this study, we propose a modified network architecture
to localize multiple moving sources more efficiently. As the
U-Net [23], 24] can effectively capture multi-scale informa-
tion across different resolutions with relatively low compu-
tational cost, we have adopted a U-net structure into the FN
network blocks in the original I[PDnet. In each repeated block,
a Full-band BLSTM layer is followed by a U-Net architecture
equipped with Narrow-band LSTM layers in multiple scales,
which we refer to as the FUN block. By effectively integrat-
ing temporal features across multiple resolutions, FUN-SSL
effectively estimates the direct-path relative transfer functions
(DP-RTFs) of multiple moving sound sources. To provide
richer information to the following FUN blocks, we introduce
the skip connections between subsequent FUN blocks at the
same resolution like the inter-U-Net skip connections in [25]
on top of the skip connections within each U-Net. Experi-
mental results on a simulated dataset demonstrated that the
proposed method, FUN-SSL, outperformed previously pro-
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posed methods with a comparable model size and reduced
computational cost.

2. BACKGROUND

Assuming a free- and far-field scenario, the signal captured
at the m-th microphone in the short-time Fourier transform
(STFT) domain for the n-th frame and the k-th frequency bin,
X (n, k), can be modeled as

P
Xon(n,k) =Y A (k, 0,(n))Sp(n, k) + Vin(n, k), (1)

p=1

where S, (n, k) is the p-th source signal out of P sources,
6, (n) represents the direction of arrival (DoA) for p-th source
at the n-th time frame, A,,, (k, 6,(n)) is the direct-path acous-
tic transfer function (DP-ATF), and V,,,(n, k) is noise includ-
ing all non-direct-path contributions. The DP-RTF is defined
as the ratio of the DP-ATFs for the m-th and the first micro-
phones, which is given by
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in which vy, is the frequency for the k-th bin, 7, () is the time
delay in the m-th microphone signal for the source coming
from the direction 0, A7, 1(0) = 7,,(0) — 71(0) = dc%(e)
is the inter-channel time difference between the m-th and the
first microphones where d,,, is the distance from the m-th mi-
crophone to the first one and c is the speed of sound, and
IPD,, 1(k,8) = —j2mvi ATy, 1(0) is the inter-channel phase
difference (IPD) for the DoA 6,(n).

IPDnet [22] estimates DP-RTFs for multiple microphones
using the full-band and narrow-band fusion network to local-
ize multiple moving sources. In this paper, we propose a mod-
ified architecture which is computationally more efficient than
the full-narrow network block of the IPDnet, while the input,
output, training target and loss function stay the same.

3. METHOD

3.1. Overall architecture

The overall architecture of the proposed FUN-SSL is illus-
trated in Fig. [T} The network receives the STFT representa-
tion of multi-channel audio signals x € RY*K>2M »q input,
where N, K, and M are the numbers of frames, frequency
bins, and microphones, and 2 is for the real and imaginary
parts. This input x is normalized by the Laplace normal-
ization as in [22], and then processed by a series of FUN

blocks. Each FUN block is composed of an embedding mod-
ule, a full-band BLSTM layer, and a U-Net with narrow-band
LSTM layers, which is composed of a sequence of down-
sampling layers and a series of narrow-band LSTM layers fol-
lowed by up-sampling layers. The output from the last FUN
block is finally processed by a causal convolutional block to
produce the estimates for the real and imaginary parts of the
DP-RTF vectors for each of the M — 1 microphone pairs for
all @ sources [22]], in which the depth-wise separable con-
volutions with channel dimension Cy are applied instead of
normal convolutions used in [22]] to reduce the number of pa-
rameters and computational complexity. As in [22], the esti-
mates for DP-RTFs are obtained once for 12 frames with the
time pooling layers. The DP-RTF estimates for each of the
@ candidate sources are compared with the theoretical DP-
RTFs for possible directions and then the source activity and
the DoA are determined.

3.2. FUN block

The FN block in IPDnet [22] consists of a full-band BLSTM
layer and a narrow-band LSTM layer with skip connections
that concatenate the input of the block into the output of
each layer to enrich the information. To reduce the com-
putational complexity and exploit temporal correlations in
multiple scales, we propose to employ FUN blocks which is
a dual-path processing block built upon the FN block. FUN
block consists of an embedding module, a full-band BLSTM
layer, down-sampling and up-sampling modules, and narrow-
band LSTM layers in multiple resolutions. FUN block does
not have any skip connection from the block input which con-
tributes to a significant amount of computational complexity,
but has skip connections inside the U-Net and between the
neighboring FUN blocks in multiple scales.

Unlike the FN block in which the input is directly fed
into a full-band BLSTM layer, FUN block introduces the em-
bedding module composed of a fully-connected (FC) layer,
a PReLU activation function, and cumulative layer normal-
ization (cLN) [26]. Since the subsequent down-sampling and
up-sampling modules perform depth-wise convolutions only,
a fully connected layer is employed to mix information across
channels and compensate for this limitation. For the i-th FUN
block, the processing within the embedding module is repre-
sented as

x. 4 = cLN (PReLU(FC(x.,))) € RV*Kx@ 0 (3)
where x}, € RVXEXC1 ;i > 2 and x) = x € RVXKx2M,
The output of the embedding module is then processed by
a single full-band BLSTM layer as in the FN block, i.e.,
dj = BLSTMpy(x},,) € RVE*O, @)

where d}, denotes the features after full-band processing, and
the layer BLSTMy,;; operates along the frequency axis.
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Fig. 1. Network Architecture of the proposed FUN-SSL.

The output of the full-band BLSTM layer is processed
by a U-Net with narrow-band LSTM layers detailed in Fig.
[} Each of three down-sampling modules comprises a depth-
wise 2D convolutional layer, PReLU, and cLN. As in [27]], we
employ a depth-wise convolution instead of a standard convo-
lution for more efficient processing. The output from the j-th
down-sampling module becomes

d; = LN (PReLU (DConv(Z}) (di_,))) +5i7%, )

in which h; is the down-sampling factor set to be h; = 2,
ho = 2, and hs = 3, and the kernel size and stride for the
depth-wise convolution is (5, 2h;) and of (2, h;). s;_l is
the output of the narrow-band LSTM layer operating at the
same scale with d in the (i — 1)-th FUN block connected
with a inter-U-Net skip connection. For the first block, sg is
initialized as a zero vector.

For each scale, the signal is processed by a narrow-band
LSTM layer. The output of the j-th narrow-band LSTM layer
is denoted as s _; as it has the same scale with the (4 — j)-th
down-sampling module output, and is given by

si_j = LSTMyarrow (uf_; +dy_;), j=1,2,3,4, (6)

in which ué_l is the output of the (j — 1)-th up-sampling
module with uf) = 0. Here, LSTM,,,;10w Operates along the
time axis. Each of three up-sampling modules takes s’ ;as
input and processes it with a depth-wise transposed 2D con-
volutional layer, PReLU, and cLN, i.e.,

u; = cLN (PReLU (DCoanransposed(Q’h“’j) (si_j)>> .

(5,ha—;)
_ (7
The output of the last narrow-band LSTM layer, s, becomes
the output of the i-th FUN block.

It is noted that in the causal convolutional block which
processes the output of the last FUN block with a depth-wise
separable convolutions, the point-wise convolution is applied
prior to the depth-wise convolution unlike the conventional
depth-wise separable convolution, as the up-sampling mod-
ules in the FUN block consist of depth-wise convolutions.

4. EXPERIMENTAL SETUP

The proposed model was trained and evaluated on a simulated
dataset with a sampling rate of 16 kHz similar to the one used
in [21] and [22]. The microphone signals were synthesized
by convolving clean speech signals from the LibriSpeech
[28] corpus with room impulse responses (RIRs) generated
by gpuRIR [29]. Reverberation time (RT60) was sampled
between 0.2 s and 1.3 s, and room dimensions were randomly
selected within the range of 6x6x2.5 m to 10x8x6 m. A
maximum of two static or moving sound sources were con-
sidered. The proportions for static and moving sources as
well as those for a single source and two sources cases were
50% and 50%. As in [10, 21} [15[22]], the moving trajectory
of each sound source was constructed by selecting random
start and end points within the room, connecting them with a
straight line, and adding sinusoidal perturbations along each
axis (X, y, z) to generate curved paths. Two microphones
were placed at random positions on the same horizontal plane
with an inter-microphone distance of 8 cm. Diffuse noises
generated by the ANF generator [30] from the white, babble,
and factory noise from the NOISEX-92 database [31] were
added at a random signal-to-noise ratio (SNR) between -5 dB
and 15 dB. 300,000, 4,000, and 4,000 samples with a duration
of 4.5 s were generated to form the training, validation, and
test sets, respectively. SRP-DNN [21] and IPDnet [22] were
compared.



Table 1. Complexity and performance comparison with pre-
viously proposed methods. T: experiments with the code from
the authors.

Model #Params. FLOPs  Gross Acc Fine Error  FAR

SRP-DNN [21] 0.8 M 2.3 G/s 80.1 % 2.9° 13.1 %
IPDnet [22] 0.7M 19.4 G/s 91.7 % 2.1° 7.7 %
IPDnett 07M  194G/s  93.0% 2.0° 7.1 %
FUN-SSL 0.8 M 10.8 G/s 94.2 % 1.9° 5.8 %

The length of a window was 512 samples with a 50%
overlap, and 512 point STFT was applied. The maximum
number of sources () was set to 2. The threshold for sound
source activity detection was set so that the miss detection
rate (MDR) and the false alarm rate (FAR) became the same.
The number of FUN blocks was set to 2. The channel di-
mensions for (B)LSTM layer and convolutional layer were
configured as C; = 96 and C; = 128, respectively. As in
the IPDnet [22], a permutation-invariant training (PIT) was
employed with a mean squared error loss between the target
and estimated DP-RTF. The Adam optimizer was used and the
batch size was 16. The model was optimized for 40 epochs
using a learning rate initialized to 0.001 with an exponential
decay factor of 0.95.

The performance of source localization was evaluated
only for speech-active frames. The azimuth candidates were
discretized at a resolution of 1°, and the angular estimation
error was defined as the absolute difference between the esti-
mated and the target azimuth. Gross accuracy measures the
ratio of the speech active frames detected and the error is
less than ET = 10°, FAR is the number of estimated sources
which are not active or the error are more than ET divided
by the number of active sources, and Fine Error is the mean
absolute error for the frames with the errors less than ET
[22]32].

5. RESULTS

The performance and computational complexity of each lo-
calization model is presented in Table|l} It is noted that the
performances for SRP-DNN [21] and IPDnet [22] are from
the corresponding papers, for which the test data were con-
structed in a similar manner but not identical to the test data
used to evaluate FUN-SSL. The experimental results using
the official code from the authord!] are denoted as IPDnet!.
The performance of the SRP-DNN [21]] was inferior to other
models, although it was a much lighter model. The IPDnet!
showed slightly better performance to that reported in the pa-
per, and FUN-SSL outperformed IPDnet' in all metrics with
slightly more parameters and almost half of the computations.

Table 2] presents the ablation study for the number of FUN
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Table 2. Complexity and performance according to the num-
ber of FUN blocks.

# Blocks # Params. FLOPs [G/s] Gross Acc Fine Error  FAR
1 04M 5.6 G/s 91.9 % 2.2° 8.1 %
2 0.8 M 10.8 G/s 94.2 % 1.9° 5.8%
3 1.2M 16.0 G/s 94.5 % 1.9° 5.9 %

Table 3. Performance comparison with the SSL using FN
blocks with the same number of LSTM layers and FLOPs.

Block #Params. FLOPs  Gross ACC Fine Error FAR
2 FUN Blocks 0.8 M 10.8 G/s 94.2 % 1.9° 5.8 %
5 FN Blocks 04 M 10.8 G/s 93.0 % 2.2° 7.0 %

blocks in the FUN-SSL. The results implied that the second
block was necessary for good performance, but the third block
had a marginal impact on the performance.

Due to the multi-scale structure in the FUN block, it con-
tains five (B)LSTM layers in total, while the FN block in the
IPDnet has two (B)LSTM layers. To examine whether the
performance improvement was from the increased number of
LSTM layers or the proposed structure of the FUN block, we
performed an additional experiment comparing the FUN-SSL
using two FUN blocks with C; = 96 with the SSL replac-
ing two FUN blocks with five FN blocks having 10 (B)LSTM
layers in total, for which C'; was adjusted to 56 to have similar
computational cost with the FUN-SSL. The results are shown
in Table [3] FUN-SSL achieved superior localization perfor-
mance than the SSL with five FN blocks with the same com-
puational complexity. This confirmed that the performance
improvement was not merely due to the increased number of
LSTM layers, but stemmed from the effectiveness of the pro-
posed FUN block architecture including U-Net architecture
and inter-block skip connections.

6. CONCLUSION

In this paper, we propose a novel architecture for sound
source localization improving the one for the IPDnet, FUN-
SSL, which is composed of a full-band layer followed by a
U-Net with multi-scale narrow-band layers. By introducing a
U-Net structure with depth-wise convolutions, the temporal
dependencies were exploited at multiple scales computation-
ally efficiently. In addition, inter-U-Net skip connections
are introduced to further enhance the model capacity by pre-
serving important spatial information from previous blocks
and propagating it to a subsequent processing stage. FUN-
SSL outperformed the IPDnet with a comparable number
of parameters and significantly lower computational cost,
demonstrating the effectiveness of the proposed architecture.
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