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Abstract
This paper presents a novel Non-negative Tensor Factorization
(NTF) based approach to tracking and separation of moving
sound sources, formulated in the Spherical Harmonic Domain
(SHD). In particular, at first, we redefine an already existing
Ambisonic NTF by introducing time-dependence into the Spa-
tial Covariance Matrix (SCM) model. Next, we further extend
the time-dependent SCM by incorporating a newly proposed
NTF model of the spatial features, thereby introducing spatial
components. To exploit the relationship between the positions
of sound sources in adjacent time frames, resulting from the nat-
urally occurring continuity of the movement itself, we impose
local smoothness on time-dependent components of the spatial
features. To this end, we propose a suitable posterior probabil-
ity with Gibbs prior, and finally we derive the corresponding up-
date rules. The experimental evaluation is based on first-order
Ambisonic recordings of speech utterances and musical instru-
ments in several scenarios with moving sources.
Index Terms: source separation, non-negative tensor factoriza-
tion, spherical harmonic decomposition, spatial Gibbs prior

1. Introduction
The immersive audio and augmented reality applications drive
the demand for more advanced sound scene analysis methods,
which aim at the estimation of high quality source signals. In
context of spatial audio, these methods can be conveniently for-
mulated in the Spherical Harmonic Domain. As a result, much
effort has been put towards the advancements in Ambisonic
sound source separation, including the NTF [1, 2, 3, 4, 5] and
various other approaches [6, 7, 8]. Nevertheless, none of the
aforementioned research considers the case of moving sound
sources, which is a common scenario in real-life applications.
A rare attempt to tackle this issue with regard to Spherical Har-
monic Domain was presented in [9], in which the von-Mises
modeling of the intensity vector measurements in space and IIR
filtering in time were involved.

In this work, we focus on joint sound source tracking and
separation problem using Ambisonic NTF. We build our deriva-
tions upon the NTF-based SHD SCM model presented in [1], in
which the source spectrograms are factorized using the standard
NTF, while the individual source SCMs consist of a weighted
sum of an additional NTF parameter, referred to as spatial se-
lector, and a set of fixed SH (Spherical Harmonic) Direction-of-
arrival (DoA) kernels. First, we reformulate the model to con-
sider a time-dependent SCM, which is done through introduc-
tion of the spatial pseudospectrum, by defining the spatial se-
lector weights for each time instant, which yields the TD-SCM.
Then we further extend the time-dependent SCM by describing
the spatial features with a newly-proposed NTF model, to which
we refer as TD-SCM-SC, thereby introducing the idea of spatial

components. As a result, we simplify the task of finding appro-
priate directions in each time frame for all sound sources by
dividing the problem into smaller sub-tasks, such that the sig-
nificant directions, their contribution in time and their associa-
tion to sound sources are estimated separately. Finally, to utilize
the a priori knowledge concerning the local smoothness in time
dimension of the spatial pseudospectrum, inferred from the in-
ertial nature of the movement itself, we constrain the newly pro-
posed TD-SCM-SC similarly to [10, 11, 12], thereby deriving
the final TD-SCM-SC-GSP method.

We evaluated the proposed solutions with the first-order
Ambisonic recordings of speaker utterances and musical instru-
ments. Using the image-source room impulse response simula-
tion technique we created 4 datasets for different movement sce-
narios and we evaluated the considered methods with respect to
their tracking ability, separation quality and convergence. The
results of the experimental evaluation clearly indicate that the
proposed model along with the smoothness extension signifi-
cantly enhance both tracking and separation performance.

2. Proposed Ambisonic NTF with spatial
components and smoothness constraint

2.1. Mixing model for Ambisonic signals

The Ambisonic mixture of signals emitted by J sound sources
in anechoic conditions is given by

pft =
J∑

j

Sjftyj , (1)

where pft = [P00,ft, P1−1,ft, P10,ft, P11,ft, . . . , PNN,ft]
T

is the L-element vector of the microphone signals in the SHD
and Sjft is the j-th complex source signal spectrum at fre-
quency f and time frame t. The steering vector yj =
[Y 0

0 (Ωj) , Y
−1
1 (Ωj) , Y

0
1 (Ωj) , Y

1
1 (Ωj) , . . . , Y

N
N (Ωj)]

H as-
sociated with j-th DoA is composed of the SH coefficients
Y m
n (θ, ϕ) provided in [13], where n and m denote the SH order

and degree, while θ and ϕ are the corresponding colatitude and
azimuth angles, respectively.

2.2. NTF with frequency and spatial components

Similarly to [4, 1, 14], the presented NTF framework
is oriented towards factorization of the magnitude-
compressed spectrogram, which is defined as p̃ft =[
|P1ft|1/2 σ (P1ft) , . . . , |PLft|1/2 σ (PLft)

]T
, where

σ (C) = C/ |C| is the signum function for any complex
number C. Apart from ensuring that the values on the diagonal
of the SCM consist of the mixture of the approximately addi-
tive magnitude spectrum, this approach additionally prevents
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certain observations from being unnecessarily enhanced, e.g.
when applying a scale-sensitive cost function, such as the
squared Frobenius norm utilized in this work.

Considering that the reverberant sound field is too complex
to be accurately represented by a single anechoic steering vec-
tor, in [1] the model of the SHD SCM was defined as a weighted
combination of multiple anechoic steering vectors. Neverthe-
less, our application requires a time-dependent SCM, we there-
fore rewrite the aforementioned model as

R̂ft =
J∑

j

S̃jfnΞjt =
J∑

j

S̃jfn

D∑

d

ZjtdΣd, (2)

where R̂ft models the instantaneous SHD microphone covari-
ance matrix, S̃jfn = (SjfnS

∗
jfn)

1/2 denotes the source magni-
tude spectrum and Ξjt is the time-dependent individual source
SCM. The SCMs are expressed through a set of SH DoA kernels
Σd, weighted with Zjtd ∈ [0, 1], originally referred to as spa-
tial selector and reintroduced here as spatial pseudospectrum.
The direction-dependent kernels Σd are fixed and defined for a
sufficiently high number of directions D distributed uniformly
on a spherical manifold.

Analogously to [4, 1], we model the source spectrograms
with the NTF [15]

S̃jfn =
K∑

k

QjkWfkHtk, (3)

where Qjk assigns the components to sources, Wfk contains
the frequency profiles and Htk consists of the time activation
weights, while K denotes an arbitrary number components.

During preliminary research we established that direct esti-
mation of the spatial pseudospectrum Zjtd is in most cases too
overwhelming and results in an improper convergence, there-
fore we propose to simplify the task, such that the significant
directions Vdo, their contribution in time Gto and their associ-
ation to the sound sources Ujo are estimated separately. Thus,
we introduce the novel spatial NTF model

Zjtd =
O∑

o

UjoVdoGto, (4)

where o = 1, . . . , O are the spatial components indices.
Altogether, equations (2)-(4) form the proposed model of

the instantaneous microphone covariance matrix, that consists
of the classical spectral NTF components and the novel spatial
NTF components, which is expressed as

R̂ft =
J∑

j

K∑

k

QjkWfkHtk

D∑

d

O∑

o

UjoVdoGtoΣd . (5)

We refer to it as Time-Dependent SCM with Spatial NTF Com-
ponents (TD-SCM-SC). Through the estimation of the model
parameters Θ = {Qjk,Wfk, Htk, Ujo, Vdo, Gto} the separa-
tion of signals emitted by moving sound sources is possible.

2.3. Introduction of the smoothness constraint

Since in most real-life scenarios the assumption concerning
close relation of sound source position in consecutive time
frames seems reasonable, due to continuous movement rather
than very sudden changes of location, we impose local smooth-
ness on the time dimension of the spatial pseudospectrum. This

prior knowledge concerning the properties of the sound field can
be used to constrain the model by incorporating it in a proba-
bilistic manner, through the Bayesian framework [10, 12].

Therefore, we formulate a posterior probability for the pro-
posed TD-SCM-SC-GSP, with prior on local smoothness intro-
duced in form of the Gibbs distribution as

p (Θ|Rft) =
∏
Nc

(
[R̂ft]ab|[Rft]ab, 1

)
e−αU(Gto), (6)

where Nc denotes the complex Gaussian distribution, α con-
trols the strength of the Gibbs prior, while U(Gto) is a measure
of the total roughness of Gto, commonly formulated with re-
spect to MRF model in image reconstruction applications. Sev-
eral suitable choices for U have been presented in literature
[10, 11], of which we choose the Green function [16], and we
apply it in the following form

U (Gto) =
δ

2τ

T∑

t

O∑

o

∑

t′
log cosh

(
Gto −Gt′o

δ

)
, (7)

where t′ = {t − τ, . . . , t + τ} \ {t} is a set of indices that
define the local neighbourhood, τ is the number of adjacent time
frames and δ is a scaling factor. With this, (7) models the total
roughness along the time dimension of Gto.

The negative log-likelihood that corresponds to the proba-
bilistic model (6) is given by

− log (p (Θ|Rft)) =

F,T∑

f,t

∥∥∥R̂ft −Rft

∥∥∥
2

F
+ αU (Gto) , (8)

where Rft = pftp
H
ft is the empirical instantaneous covariance

matrix and ∥·∥2F denotes the squared Frobenius norm. Opti-
mization of (8) with respect to the model parameters enables
to estimate Θ while considering the smoothness of Gto. Note
that for α = 0, the proposed Time-Dependent SCM with Gibbs
Smoothness Prior (GSP) on Spatial NTF Components (TD-
SCM-SC-GSP) reduces to TD-SCM-SC and the information
concerning smoothness is discarded.

2.4. Derivation of the TD-SCM-SC-GSP update equations

The negative log-posterior (8) can be indirectly optimized using
the so-called majorization scheme [14, 17, 18], where a compli-
cated minimization problem is simplified by defining suitable
latent components and an appropriate auxiliary function. For
our application we define the latent components as

Cjftkod = R̂−1
ft QjkWfkHtkUjoVdoGtoΣd, (9)

with the following property
∑J,K,O,D

j,k,o,d Cjftkod = I and the
corresponding auxiliary function

L+ (Θ,C) =

J,F,T,K,O,D∑

j,f,t,k,o,d

Q2
jkW

2
fkH

2
tkU

2
joV

2
doG

2
totr

(
ΣdC

−1
jftkodΣd

)
−

2

J,F,T,K,O,D∑

j,f,t,k,o,d

QjkWfkHtkUjoVdoGtotr (RftΣd)+

αδ

2τ

T∑

t

O∑

o

∑

t′∈T ′(t)

log cosh

(
Gto −Gt′o

δ

)
. (10)
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According to [14] it can be shown that minimization of the aux-
iliary function (10) leads to an indirect minimization of the neg-
ative log-posterior (8). The optimization with respect to the
model parameters Θ is performed by calculating partial deriva-
tives of (10), which in case of Gto is given by

∂L+ (Θ,C)

∂Gto
=

J,F,K,O∑

j,f,k,o

Q2
jkW

2
fkH

2
tkU

2
joV

2
doGtotr

(
ΣdC

−1
jftkodΣd

)
−

J,F,K,O∑

j,f,k,o

QjkWfkHtkUjoVdotr (RftΣd)+

α

4τ

∑

t′∈T (t)

tanh

(
Gto −Gt′o

δ

)
. (11)

By transforming equation (11) using the trigonometric iden-
tity tanh (a− b) = tanh(a)−tanh(b)

1−tanh(a) tanh(b)
, then substituting

ΣdC
−1
jftkodΣd = (QjkWfkHtkUjoVdoGto)

−1 R̂ftΣd and
applying the MU rule [4, 19], the following iterative update
equation for Gto is obtained

Gto ←− Gto

[
J,F,D∑

j,f,d

SjftUjoVdotr (RftΣd) +
α

2
ξto

]

[
J,F,D∑

j,f,d

SjftUjoVdotr
(
R̂ftΣd

)
+

α

2
χto

]−1

, (12)

where ξto = 1
2τ

∑′
t

(
tanh−1

(
Gt′o
δ

)
− tanh

(
Gto
δ

))−1

and

χto = 1
2τ

∑′
t

(
tanh−1

(
Gto
δ

)
− tanh

(
Gt′o
δ

))−1

.
The update rules for Ujo and Vdo are derived analogously

to Gto and in their final form they are given by

Ujo ←− Ujo

∑F,T,D
f,t,d SjftVdoGtotr (RftΣd)

∑F,T,D
f,t,d SjftVdoGtotr

(
R̂ftΣd

) , (13)

Vdo ←− Vdo

∑J,F,T
j,f,t SjftUjoGtotr (RftΣd)

∑J,F,T
j,f,t SjftUjoGtotr

(
R̂ftΣd

) , (14)

while the update equations for Qjk Wfk Htk remain unchanged
with respect to those provided in [1].

Similarly to [4, 1], after each update of the parameters asso-
ciated with the spatial features (12)-(14), a normalization proce-
dure is included. Several normalization schemes were evaluated
in a preliminary study, which led us to impose the following set
of constraints

∑J
j Ujo = 1,

∑O
o Vdo = 1 and

∑O
o Gto = 1.

Although these do not assure that
∑D

d Zjtd = 1, this approach
provides that the sum remains roughly constant, thus resolv-
ing the indeterminacies concerning the confusion of the spatial
pseudospectrum and the frequency spectrum.

2.5. Reconstruction of source signals

Given the estimated parameters Θ, we propose to reconstruct
the multichannel source images Ŝjfn with the Multichannel
Wiener Filter (MWF) as

Ŝjfn = S̃jfnΞjt

(
J∑

j

S̃jfnΞjt

)−1

pft. (15)

a) b) c)

Figure 1: Experimental setups: subfigures a-c depict source
trajectories and microphone array position in scenarios 1-3.

3. Experimental evaluation
3.1. Experiments and evaluation measures

The experimental evaluation was based on first-order Am-
bisonic signals, since it continues to be the most popular au-
dio format based on the SHD representation. Nevertheless, the
presented derivations remain valid for any SH order and in gen-
eral as the order increases, the performance improves due to an
enhanced spatial selectivity.

The test files were generated using the image-source
method [20], such that a microphone array and two sound
sources were located inside a 10x8x4 m room with the rever-
beration time of around 250 ms. A total of four different sce-
narios were considered, including three with moving sources
and one stationary case, while each scenario consisted of 20 5s
long files. The three dynamic scenarios are schematically de-
picted in Fig. 1, in which a) one source is moving on an arc of
a circle and one remains stationary, b) both sources are moving
(along distinct non-overlapping paths), c) both sources are mov-
ing with partial overlap in space. We refer to the static setup as
scenario 0, and to three dynamic setups as scenario 1, 2, and 3,
respectively.

Two types of source signals were considered, namely
speech and musical instruments. The former include utterances
of distinct speakers from [21] and the latter consist samples
of various types of instruments such as the saxophone, violin,
cello, guitar, bass and alto, which were taken from [22].

The proposed TD-SCM-SC-GSP is evaluated against the
baseline SCM [1], intermediate TD-SCM and TD-SCM-SC in
terms of the localization error, the average signal-to-distortion-
ratio (SDR) [23] and the algorithm improvement rate. The
localization error was calculated as the Mean Angular Cosine
Distance (MACD) between the ground truth and the estimated
DoAs at each time instant, with the estimated steering vec-
tor given by the normalized first column of the SCM, i.e. as
ŷj = Ξjt[:, 0]/ Ξjt[0, 0]. Both the SDR and the MACD were
averaged over properly converged cases, where the convergence
was considered successful if the average SDR obtained with the
estimated parameters was improved with respect to the initial
parameters. Furthermore, to ensure a straightforward compari-
son, each algorithm was initialized with the same predefined set
of random numbers.

3.2. Results and discussion

Figure 2 presents the ground-truth and the estimated azimuth
angles for an example file from scenario 2, with musical in-
struments as sources. As can be seen, although the TD-SCM
performs well with detecting meaningful DoAs, it fails to dis-
tinguish them with respect to sound sources. This drawback is
lifted in great part with the TD-SCM-SC, while the smoothing
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Table 1: Results of experimental evaluation in scenarios 0-3 for SCM, TD-SCM, TD-SCM-SC and the final proposed TD-SCM-SC-GSP,
in case of speech and instrumental signals, in terms of the MACD [°], SDR improvement (∆SDR) [dB] and improvement rate [%].

source scenario SCM TD-SCM TD-SCM-SC TD-SCM-SC-GSP
[°] [dB] [%] [°] [dB] [%] [°] [dB] [%] [°] [dB] [%]

speech

0 4.4 9.0 100 42.9 0.3 5 43.8 3.2 75 20.1 8.5 100
1 14.0 8.0 100 None None 0 47.6 3.7 65 12.9 9.7 100
2 25.3 6.3 100 81.3 0.3 15 58.8 2.0 65 6.6 7.1 100
3 25.2 1.7 90 29.7 0.2 15 27.7 0.9 60 30.6 2.5 65

instruments

0 9.9 11.3 95 37.0 3.6 60 26.1 10.3 100 19.6 11.1 100
1 14.3 10.0 85 48.3 2.3 45 27.0 8.3 75 16.4 13.7 95
2 24.9 7.1 85 34.1 2.5 60 22.1 5.9 80 6.3 9.2 95
3 24.5 1.6 80 27.2 1.0 40 23.0 2.8 45 24.0 2.8 85

constraint within the TD-SCM-SC-GSP helps to further refine
the estimated paths.

Table 1 contains the evaluation measures in each experi-
mental setup for all of the considered algorithms. In case of
the SCM, the overall performance in dynamic scenarios 1-3 de-
grades with respect to the static setup of scenario 0, irrespective
of the source type. The relatively minor deterioration observed
in scenarios 1 and 2 is caused by the SCMs tendency to estimate
the source direction roughly in the center of its path. This results
in a progressively more accurate estimate as the sound source
approaches the middle of the recording and then the opposite
tendency toward the end. Therefore, throughout the major part
of the audio file a decent localization accuracy is obtained. Con-
sequently, the largest degradation can be seen in scenario 3, in
which spatial overlap of source locations occurs. In this case,
the fixed look direction combined with the spatial overlap in-
evitably produces a beampattern that partially captures sound
of both sources in the fragments that overlap.

The introduction of time-dependency alone, as is the case
for the TD-SCM, in fact negatively affects the separation qual-
ity and convergence ability of the method. We hypothesize that
this is caused by the aforementioned problem concerning the
confusion of sound sources, as presented in Fig. 2 and further
reflected in the average localization error. It is our understand-
ing that since the estimated direction needs to be assigned to an
individual source in each time frame separately, only a single
snapshot can be utilized to compare the spectral content with a
broad context.

By the NTF modeling of the spatial features proposed as
part of the TD-SCM-SC, the confusion of assigning DoAs to
sources is to some degree resolved, partially restoring the con-
vergence ability and reducing the localization error in compar-
ison with the TD-SCM. This effect is most clearly reflected in
the results for the instrumental setup.

Extending the TD-SCM-SC with Gibbs smoothness prior
on the spatial NTF components leads to a notable increase in
separation accuracy, as given by SDR improvement, in dynamic
scenarios 1-3. In particular, the smoothness constraint of the
proposed TD-SCM-SC-GSP enables to avoid the issue of DoA
mismatch among the sources, which is particularly well pro-
nounced in the MACD for the dynamic scenario 2 for both
source types. We believe that to obtain a similar magnitude of
improvement in each case, the GSP prior strength and its win-
dow length would need to be fine-tuned or determined adap-
tively. Preferably, these parameters should be defined for each
source separately, which is possibly a performance limiting fac-
tor in case of the scenario 1. We base this supposition both
on heuristic experience and on an intuitive guess that different

a)

b)

c)

Figure 2: Example tracking performance in instrumental sce-
nario 2 for: a) TD-SCM, b) TD-SCM-SC, c) TD-SCM-SC-GSP.

movement types should be characterized by different smooth-
ness setups.

4. Conclusions
In this work, we have proposed an NTF-based method for track-
ing and separation of moving sound sources. After introduc-
ing time dependence into the state-of-the-art Spatial Covari-
ance Matrix model formulated in the Spherical Harmonic Do-
main, we proposed a novel NTF model for the spatial fea-
tures, which enables a more convenient estimation of the sepa-
rate components of the spatial pseudospectrum. The final pro-
posed method, which additionally incorporates local smooth-
ness along the time dimension of the spatial pseudospectrum,
significantly improves the localization and tracking capabil-
ity, which in turn results in better separation efficacy, in dy-
namic scenarios with moving sound sources. The gain offered
by the proposed approach with respect to state-of-the-art is
confirmed by the results of experiments performed using Am-
bisonic recordings of speech and musical instruments.
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