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Abstract—Accurate localization of sound sources is essential
in many acoustic sensing and monitoring applications. In the
absence of temporal continuity models, many methods produce
unrealistic direction of arrival (DOA) estimates involving sudden
changes. To address this, we propose an approach that trains a
neural network to predict DOA derivatives in Cartesian coordi-
nates (x′, y′, z′), which capture the rate of change in DOA (x, y, z)
over time. By combining the predicted DOAs with the predicted
derivatives, our method can suppress sudden DOA changes and
generate smooth motion trajectories. We introduce an update rule
that combines the predicted DOAs with the predicted derivatives
to obtain the final DOAs. We validate our approach using the
TAU-NIGENS Spatial Sound Events (TNSSE) 2021 dataset. Our
results demonstrate that incorporating DOA derivatives improves
the accuracy of DOA estimation, particularly in low signal-to-
noise ratio scenarios.

Index Terms—Deep learning, Microphone array, SALSA-Lite,
Sound event localization and detection (SELD).

I. INTRODUCTION

Sound source localization is an integral part of many
modern applications such as video conferencing, hearing aids,
and human-robot interactions [1], [2]. There are a plethora
of localization methods existing in the literature [3]–[7], [9].
Recently data-driven methods have shown promising results
for sound source localization in reverberant and low signal-
to-noise ratio (SNR) scenarios [10]–[13]. The deep neural
network (DNN) based methods were shown to outperform
parametric methods in terms of high resolution, and low
erroneous DOAs [13]–[18].

In the recent past, polyphonic sound event localization
and detection (SELD) problems have garnered a lot of at-
tention among researchers, which combine the detection and
localization tasks and have many practical applications [12],
[15], [19]. Since its introduction, various model architectures
and features have been proposed [20]–[24]. In real-world
scenarios, sudden large changes in the direction of arrival
(DOA) are unexpected. To capture this, we train our network
to learn and predict DOA derivatives to maintain temporal
continuity. DOA derivatives provide information about the
rate of change in the x, y, z positions. Thus, the combined
DOA and DOA derivative prediction provides a mechanism to
suppress sudden DOA changes (if predicted by the network)

⋄The work was done when H. Phan was at Centre for Digital Music, Queen
Mary University of London, UK and prior to joining Amazon.

and estimate realistic, smooth motion trajectories. In this study,
we focus on improving the localization accuracy of an existing
model [24] by predicting both the DOAs and their derivatives,
i.e., changes in the x, y, z positions over time. We compare the
existing localization models (considering the detection ground
truth to be known), which predicts only DOAs, with the model,
which predicts both DOAs and their derivatives.

Our experiments reveal that localization can be a challeng-
ing task, even for immobile sound sources. This research
aims to better understand deep learning-based models for
localization tasks with a special focus on combining DOAs
with their derivatives to improve the source trajectories. We
hope the analysis will direct the research focus towards the
localization aspect of the SELD task. Our proposed network
builds on the CRNN network [23], [24] by introducing a
derivative prediction arm. The focus of this paper is to show
the effectiveness of incorporating the derivative information to
obtain smoother trajectories.

The specific contributions of this paper are:
(a) we derive an update rule incorporating predicted DOAs
and derivatives to improve localization accuracy;
(b) we conduct experimental validation using TAU-NIGENS
Spatial Sound Events 2021 dataset [25];
(c) we perform SNR analysis by synthetically adding noise;
(d) we perform analysis of the proposed model when using
the pre-trained model for initialization.

II. MODEL ARCHITECTURE

A. Features

The SALSA-Lite was introduced as an efficient computa-
tional version of the Spatial Cue-Augmented Log-Spectrogram
(SALSA) feature for MIC (audio format) data [23], [24].
For M -channel audio recording, SALSA-Lite is a (2M − 1)
channel feature consisting M log-power spectrogram with
(M − 1) frequency-normalized interchannel phase differences
(NIPDs). The NIPD (Λ) approximating the relative distance
of arrival (RDOA) can be written as

Λ(t, f) ≈ − c

2πf
arg |H∗

1(t, f)H2:M (t, f)|, (1)

≈ [d12(t) . . . d1M (t)], (2)

where Hm(t, f) = e
j2πfd1m(t)

c is the array response for
any arbitrary array structure under the far-field assumption
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and d1m(t) is the RDOA between the first (reference) and
mth mic. The SALSA-Lite provides the exact time-frequency
positioning between the spectrogram and the NIPD resulting in
the model being able to localize multiple overlapping sources.

B. Architecture

Input Feature

Conv 3x3 , 64 filters

Input feature (SALSA-LITE)

Avg Pool 2x2

ResBlk 64 filters, stride 1

ResBlk 512 filters, stride 2

ResBlk 256 filters, stride 2

ResBlk 128 filters, stride 2

Frequecny AvgPool

BiGRU 256 Units

Dropout Dropout

FC - 256 units

Dropout

FC n_classes units

tanh

FC - 256 units 

Dropout

tanh

FC n_classes units

Combine DOA and DOA'

DOA (X, Y, Z)DOA' (X', Y', Z')
 

 

GT (X, Y, Z)GT' (X', Y', Z')

Track 2Track 1

 
 

Fig. 1: Model architecture predicting both DOAs and DOA
derivatives

Figure 1 shows the neural network architecture designed to
predict the DOAs and their derivatives simultaneously. Here
derivative represents the change in DOAs between two time
frames. The SALSA-lite is fed to the CRNN network, which
consists of one convolutional layer, one average pooling layer
followed by four ResNet22 blocks [26] in the network body
[23], [24].

The output of ResNet block is fed into a two-layer bidirec-
tional Gated Recurrent Unit (GRU) followed by two distinct
regression heads for predicting DOAs and their derivatives in
Cartesian coordinates (x, y, and z), respectively. Unlike the
SELD network in [24], we focus only on the localization
task and replace the detection head with the regression head,
which predicts the derivatives of DOAs (x′, y′, z′) at different
timestamps as shown in Fig. 1. Along with predicting the
intermediate DOAs, the additional derivative information helps
to obtain better overall DOA estimates. Once the network

predicts the DOAs and their derivatives, the final DOAs are
obtained using the following update equation

x̂final
n =

x̂n + (x̂n−1 + x̂′
n)

2
, n = 0, 1, . . . , N − 1 (3)

where x̂′
n is prediction of the DOA derivative in x position

(i.e., xn − xn−1) at nth time and x̂′
0 = 0 is the first derivative

assumed to be zero. Similarly, the update rule for ŷfinal
n and

ẑfinal
n can be obtained. By additionally incorporating derivative

predictions, we expect the DOA of moving targets to be
estimated more accurately. The number of active sources is
assumed to be known for both the regression heads (predicting
DOAs and derivatives). The ground truth is used to compute
the losses for both prediction heads. The mean squared error
(MSE) loss is minimized while training both the network heads
and can be written as

LOSSx = w1

N∑
n=1

(xn − x̂n)
2 + w2

N∑
n=1

(x′
n − x̂n

′)2 (4)

LOSStotal = LOSSx + LOSSy + LOSSz (5)

where xn and x′
n are ground truth DOAs and their derivatives

at nth timestamps, and x̂n and x̂n
′ represent the predicted

DOAs and the predicted derivatives at nth timestamps respec-
tively. In (4), LOSSx represents loss computed for x positions
and similarly LOSSy and LOSSz can also be computed. The
total loss minimized by the network is given in (5). Note that
using appropriate weights for DOA loss and its derivatives
loss is important; we use equal weights for both DOA and
derivatives loss (w1 = w2 = 0.5). However the loss weights
(w1 and w2) can be automatically optimized as described in
[27] and can be incorporated in (4).

III. SIMULATIONS AND RESULTS

A. Dataset and training

The TAU-NIGENS Spatial Sound Events 2021 dataset has
been employed in this research paper to analyze the per-
formance of proposed models. The dataset comprises 600
recordings, each one minute long and with four channels, and
is in the MIC data format with a sampling frequency of 24
kHz. The dataset includes a diverse range of sound events
featuring both stationary and mobile sources from 12 distinct
classes. For this study, 400 recordings are used for training,
while 100 recordings are allocated to both validation and
testing. The angular range for azimuth and elevation angles
are [−180, 180)◦ and [−45, 45]◦, respectively.

For feature extraction, we followed the same setup as in
[24], and frequencies from 50Hz to 2kHz are processed to
avoid the aliasing. While training, Adam optimizer [28] is
used, with the initial learning rate as 3x10−4 which linearly
decreases to 10−4 over last 15 epochs. A total of 70 epochs
with 32 batch size is processed. The validation set is used
for model selection, whereas the test data is used for the
performance analysis.

The DCASE data provides ground truth DOA labels at
every 0.1 second. While generating the ground truth for DOA
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derivatives, the derivatives are considered as the difference
between the previous and current DOA. As a significant gap
in DOA update time would result in unreliable derivative
estimate, the derivative is consider as zero if the source appears
for the first time or a missing source reappears after more than
20 frames (≈ 2 sec). We believe this is a reasonable choice
since human motion patterns do not change abruptly within
short time spans.

B. Accuracy metric

Following the framework of our baseline method [24], we
use the detection ground truth to compute the error only for
the frames where the sources are present/active. In this study,
DOA/spatial error ∆σ is computed as the angular distance
between the predicted and true positions, [15], [29].

∆σ = arccos (ntrue.npred) .
180

π
, (6)

where ntrue and npred are unit norm vectors corresponding to
the true and predicted positions, respectively. In applications
requiring indoor audio source localization, knowing the angu-
lar distance of a source is more important than its Euclidean
distance [32], [33].

Following the DCASE challenge convention [30], a source
is consider as localized only when the DOA error (averaged
across the active frames within a block) is less than 20◦; we
call these cases as true positive (TP).The false negative (FN)
counts the number of incidences when the averaged spatial
distance is more than 20◦. The evaluation criteria and threshold
of 20◦ is used from the original DCASE challenge TP criteria
[12], [15], [29], [30]. We report the probability of detection (Pd
in %) as the fraction of frames where the distance between the
predicted and true positions is less than 20◦. Since the network
is designed to provide only one prediction per class, the error
was not calculated for the cases where multiple sources were
present from the same class in the frame.

C. Effect of combining derivative

This subsection demonstrates the effect of combining the
predicted derivatives with predicted DOAs. Fig. 2 shows the
predicted source trajectories from both Model1 (with deriva-
tive estimation) and Model2 (without derivative estimation)
along with class-wise mean absolute error (MAE) computed
for the correctly detected sources for one of the recordings.
The cross (×) in MAE plot denotes the cases when the
source has not been detected by the models. It can be seen
that Model1 detects more sources, hence resulting in higher
MAE for some classes compared to Model2. The final DOA
exhibits a smoother trajectory since the outliers are eliminated
by combining the derivatives via the proposed update rule
(3). The update rule is helpful even for static sources. We
observed that Model2 gives more erroneous DOAs for static
sources than Model1. Overall, Model1’s estimates are closer
to true trajectories resulting in higher Pd. For this recording,
the average Pd for static and moving sources for Model1 and
Model2 are, Pds = 64%, Pdm = 78%, Pds = 53%, and

SNR Model TPs TPm FNs FNm Pds Pdm

Clean Model1 28843 21523 13056 9892 68.8 68.5
Model2 27637 21389 14262 10026 65.9 68

-2dB Model1 17169 13097 24730 18318 40.9 41.7
Model2 17199 12487 24700 18928 41 39.7

-5dB Model1 15812 10919 26087 20496 37.7 34.7
Model2 14136 10522 27763 20893 33.7 33.4

TABLE I: Performance of Model1 and Model2 at different
SNR (averaged over test data).

SNR Model TPs TPm FNs FNm Pds Pdm

Clean Model1 33033 24687 8866 6728 78.8 78.5
Model2 33431 24531 8468 6884 79.7 78

-2dB Model1 18349 12249 23550 19166 43.7 39
Model2 17777 11906 24122 19509 42.4 37.8

-5dB Model1 15365 10060 26534 21355 36.7 32
Model2 15404 9816 26495 21599 36.7 31.2

TABLE II: Performance of Model1 and Model2 using the
pretrained CRNN SELD model at different SNR (averaged
over test data).

Pdm = 52.4%, respectively. The total Pd averaged over 100
recordings from the test data is reported in Table I.

From Table I, it is evident that both Model1 and Model2
show similar performance for the clean dataset. We observed
that Model1’s performance degrades when the network
predicts the erroneous DOAs; hence combining them with
equal weights leads to incorrect estimates. As a correction
step, the current DOA prediction with derivative and the past
prediction can be weighted depending on the threshold. A
choice must be made depending on confidence in the present
and past predictions.

D. Effect of transfer learning

To speed up the training process and reduce the risk of
overfitting, we repeat the experiments using the pre-trained
CRNN weights from an existing SELD model using SALSA-
Lite, where the best model is obtained at the 47th epoch [24].
The dataset, architecture, and framework for the pre-trained
model detailed in [24] are same as the CRNN body used in
this paper. Keeping the CRNN body’s weights fixed using the
pre-trained SELD model increases the overall Pd is increased
by 10 % for both Model1 and Model2, as shown in Table II.
From Fig. 3, it can be seen that Model1 outperforms Model2
with higher Pd and lower DOA error.

E. Effect of low SNR levels

In order to assess the robustness of the models, we intro-
duced synthetic additive white Gaussian noise to the record-
ings from TAU-NIGENS Spatial Sound Events 2021 dataset
despite the presence of unknown interference and noise in
the dataset. The results from Table I indicate a significant
degradation in the Pd of both models as the SNR level
decreases. Nevertheless, Model1 exhibits superior performance
in noisy scenarios due to the improved final DOAs resulting
from estimated derivatives. The impact of SNR level on the
source trajectories obtained from both models is presented
in Fig. 4. Our analysis suggests that Model1 provides more
reliable estimates than Model2.
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Fig. 2: Effect of derivatives: true and predicted trajectories from Model1 and Model2 with classwise MAE.
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Fig. 3: Effect of transfer learning: true and predicted trajectories from Model1 and Model2 with classwise MAE.
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Fig. 4: Effect of low SNR levels: true and predicted trajectories from Model1 and Model2 with classwise MAE.
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IV. CONCLUSION AND FUTURE WORK

This study highlights the significance of predicting DOA
derivatives in conjunction with DOAs (Model1) for enhanc-
ing the overall localization performance compared to solely
predicting DOAs (Model2). Furthermore, we demonstrate that
Model1 is resilient to noise and performs better than Model2
under low SNR conditions.

Given the broad range of applications of SELD tasks, our
analysis reveals that estimating DOAs and their derivatives
cumulatively improve the source trajectories and overall per-
formance. In the future, it would be intriguing to investigate
the potential impact of incorporating higher-order derivatives
in SELD tasks where detection and localization are simulta-
neously performed.
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