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Abstract

A stereo recording can be considered to consist of primary and ambient com-

ponents in both left and right channels. Decomposing a stereo recording into

primary and ambient components is a crucial step in upmixing to retain its

spatial information. The state-of-the-art algorithm to carry out the primary

ambient extraction (PAE), namely the ambient phase estimation with a sparsity

constraint (APES), utilized the sparsity of the primary components in the time-

frequency domain to formulate the ambient phase estimation as a non-convex

optimization problem. Hence, the discrete searching method was adopted, re-

sulting in a computationally complicated solving process. In this paper, a fast

non-uniform searching strategy is proposed to improve the efficiency of the

APES, resulting in the ambient phase estimation with a sparsity constraint

and non-uniform searching (APEN). Objective and subjective results validate

that the extraction error of the APEN is almost the same as that of the APES,

while the algorithm complexity of the APEN is reduced to one third that of the

APES.
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1. Introduction

Spatial audio is an important technology in virtual reality, immersive com-

munication, interactive media, and the emerging metaverse [1, 2, 3, 4]. There

are two distinct approaches of creating spatial sound experience [5]. One ap-

proach’s emphasis is on the manipulation of sound pressures at the listener’s5

ears [6]. The sound transmitted from a point source is scattered by the head,

torso, and pinnae of the listener before entering both ears. Spectral cues, such as

interaural time difference (ITD) and interaural level difference (ILD) are hence

incurred in the binaural sound pressures [7]. They are essential for the auditory

system to localize the point source [8]. The relation between the sound pressure10

of the point source and the binaural sound pressures can be further described

by head related-transfer functions (HRTFs) in the frequency domain [9]. For

the same listener, the exact reproduction of the binaural sound pressures should

lead to identical spatial sound experience when there is no head movement [10].

Considering the difference among individuals, customized HRTF processing is15

likely to be the next key procedure [11].

The other approach of generating spatial sound is to apply a multi-channel

system that can reconstruct a sound field approximating that of the original

recording, even though this is often only feasible within certain “sweet spots”

[12]. The multi-channel sound systems are continuously evolving in consumer20

electronics. Presently, the International Telecommunication Union (ITU) rec-

ommends the 5.1 channel surround sound system as the standard for multi-

channel stereophonic sound systems [13]. The 5.1 channel system represents a

satisfactory compromise between system complexity and desired spatial sound

experience. It employs three front loudspeakers preserving only the approximate25

directional information in the horizontal plane, two surround loudspeakers to

play back the ambient sound, and one optional loudspeaker to reproduce the low

frequency range of 20 to 120 Hz. With more complicated configurations, gam-

ing headphones have been adopting 7.1 channel systems [14]. According to the

rule of summing localization, projecting a virtual sound source at an arbitrary30
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direction can be achieved by adjusting the relative amplitudes of multi-channel

signals in an appropriate configuration of loudspeakers [15]. The 22.2 channel

system has been promoted during the Tokyo 2020 Summer Olympics [16]. As

compared to the 5.1 channel system, the 22.2 channel system provides the de-

scription of the up and down movement of sound and the sense of height by35

adding in an upper layer of channels. More channels are expected to produce

higher spatial fidelity, but they also result in a more complicated system. The

need to simplify the system often conflicts with the wish for better reproduction

outcome. In the development of multi-channel sound systems, the number of

required channels has been a debatable issue for some time [17].40

However, most of the recordings till date have been carried out using two

channels, which are also called the stereo recordings. Playing the channel-

based audio requires the configuration of channels in advance [18]. Thus, the

channel-based audio format often needs adaptability of audio playback systems

by upmixing and downmixing [19]. In the upmixing process, surround channels45

can be created from stereo recordings using two methods. One method uses

the decorrelating components of the stereo recording as the surround channels,

whereas the other method generates the surround channels by simulating the

reverberant sound field [20, 21]. In contrast to the upmixing process, the down-

mixing process is employed to cater for a decreased number of channels due to50

practical reasons such as availability of loudspeakers. Downmixing can be ac-

complished by simple mixing or more complex HRTF processing [22]. Upmixing

and downmixing can address the mismatch of the number of channels, yet the

spatiality of the sound should be dealt with cautiously [23].

As stereo recordings are still the most preferred choice for audio data storage,55

upmixing from the stereo recording is often the main research focus, in which the

primary ambient extraction (PAE) is one of the most representative methods.

PAE regards the audio scene as a linear combination of foreground and back-

ground sound, which are referred to as the primary and ambient components,

respectively [24]. Till now, the PAE has several implementation frameworks in60

literature. Many of them have been developed based on the linear estimation
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framework, whereby the extracted components are weighted sums of the stereo

recordings [25]. Faller proposed the least squares (LS) algorithm to estimate the

primary and ambient components of stereo signals by minimizing the estima-

tion error in the linear estimation framework [26]. Goodwin and Jot proposed65

the PAE algorithm based on the principal component analysis (PCA), which

was dedicated to finding a common basis vector of the primary components in

either the time domain or the time-frequency domain [27]. He et al. proposed

the minimum leakage least squares (MLLS) and the minimum distortion least

squares (MDLS) algorithms [28]. The MLLS and MDLS redefine the extraction70

error as a combination of distortion, interference and leakage, and then mini-

mize the extraction error under the premise of minimum leakage and minimum

distortion, respectively. Avendano and Jot proposed a time-frequency domain

masking algorithm that judged whether a time-frequency bin belonged to the

primary or ambient component based on the cross-channel correlation [29].75

In addition, PAE may also be developed based on the ambient spectrum

estimation framework, which has been validated to achieve higher accuracy

than the linear estimation framework. He et al. proposed the ambient phase

estimation with a sparsity constraint (APES) algorithm, in which the primary

components were presumed to distribute sparsely in the time-frequency domain.80

[30]. The APES adopts an angle-by-angle searching strategy to try out all the

possible phase angles of ambient components, among which the final solution is

picked up to maximize the sparsity of the extracted primary component. This

sparsity constraint can be adjusted based on prior information about the stereo

recordings and leads to specific improvements to the original APES [31, 32]. The85

angular resolution in the solving process is significant to the extraction error of

the APES and its variants. Higher angular resolution results in less extraction

error, but increases the algorithm complexity. In order to simplify the solving

process, the APEX algorithm was introduced along with the APES. The APEX

takes the phase angle of one channel in the stereo recording straightforwardly as90

the estimated phase angle of the ambient component. By doing so, the APEX

can hasten the solving process, with acceptable accuracy degradation in several
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exemplified circumstances [33].

In this paper, a fast non-uniform searching strategy is proposed to accelerate

the solving process of the ambient phase estimation, resulting in the ambient95

phase estimation with a sparsity constraint and non-uniform searching (APEN).

Differing from the APES that adopts a constantly high angular resolution in the

full range of searching, the APEN combines a fine searching in a small range

with high confidence and a fast searching in a large range with low confidence.

The APEN is several times faster than the APES, while providing equivalent100

accuracy to the APES in objective and subjective tests.

2. Ambient phase estimation with a sparsity constraint and non-

uniform searching

The PAE decomposes a stereo recording into primary and ambient compo-

nents, which is a key step in upmixing while keeping the spatial information.105

Such decomposition requires several assumptions to make it a determined math-

ematical problem to solve [34]. Typically, the primary components in the left

and right channels are assumed to be differentiated by just a panning factor.

The ambient components in the left and right channels are assumed to have

equal magnitudes but random phases. Therefore, in every channel of the stereo110

recording, there is a primary component and an ambient component, which are

written as

xc(n) = pc(n) + ac(n), ∀c ∈ {0, 1}, (1)

where c ∈ {0, 1} is the channel index and the notation (n) is omitted for brevity

in the latter. The primary components pc are assumed to be correlated across

channels and only differentiated in the amplitude with a panning factor k, i.e.115

p1 = kp0. The ambient components ac are assumed to have the same energy

but to be uncorrelated to each other. Each ambient component should ideally

be uncorrelated with every primary component. However, taking the PCA

algorithm as an example, the extracted components are expressed as

p̂1 = kp̂0 =
k

1 + k2
(x0 + kx1) (2)
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and120

â0 = −kâ1 =
k

1 + k2
(kx0 − x1) , (3)

where the extracted ambient components are correlated with the extracted pri-

mary components. This is a common problem faced by the linear estimation

framework.

In the ambient spectrum estimation framework, the left and right channels

of the stereo recording are rewritten in the time-frequency domain as125

Xc(m, f) = Pc(m, f) + Ac(m, f), (4)

where m is the index of frame and f is the index of frequency bin. The spectra

of ambient components are further expressed by their magnitudes and phase

angles as

Ac(m, f) = |A(m, f)| ejθc(m,f), (5)

where θc(m, f) = ∠Ac(m, f) is the phase angle of Ac(m, f). The notations

(m, f) are omitted for brevity in the latter part of this paper.130

The assumptions between primary components in the time-frequency domain

remains to be

P1 = kP0. (6)

In this case, the panning factor can be accurately estimated from a stereo record-

ing by

k̂ =
XH

1 X1 −XH
0 X0

2XH
1 X0

+

√(
XH

1 X1 −XH
0 X0

2XH
1 X0

)2

+ 1. (7)

Substituting (5), (6) into (4) and eliminating primary components yield135

|A| = X1 − kX0

ejθ1 − kejθ0
. (8)

Let θ = ∠ (X1 − kX0), which can be directly calculated from the stereo record-

ing. Since |A| is real, tanθ = (sinθ1 − k sinθ0)/(cosθ1 − k cosθ0) must hold.

This relationship between the phase angles of the ambient components is further

manipulated as

sin (θ − θ0) = k−1 sin (θ − θ1) , (9)
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which indicates that only one phase angle θ1 needs to be estimated in the140

ambient spectrum estimation framework.

For the APES, with a sparsity constraint, the PAE is transformed into a

non-convex optimization problem, whereby the ambient phase is estimated as

θ∗1 = arg min
θ̂1

|P̂1|, (10)

where

P̂1 = kP̂0 = k
X0e

jθ̂1

ejθ̂1 − kejθ̂0

(11)

and145

sin
(
θ − θ̂0

)
= k−1 sin

(
θ − θ̂1

)
. (12)

The standard implementation of the APES adopts a discrete searching method

with a uniform searching strategy, which is tedious and extremely time-consuming

[30]. Instead, an approximate solution to (10) can be analytically obtained,

which is also known as the APEX. For k > 1, the phase angle of X1 is straight-

forwardly used as the estimate of the ambient phase, i.e.150

θ̂∗1 = ∠X1. (13)

However, for k = 1, the APEX employs a different approximation that is given

by

θ̂∗1 = ∠ (X1 −X0) = θ. (14)

The APEX often causes a notable loss of accuracy. Therefore, a fast non-

uniform searching strategy is proposed in this paper to accelerate the solving

process of the ambient phase estimation, resulting in the APEN. Differing from155

the APES that adopts a constantly high angular resolution in the full range of

searching, the APEN combines a fine searching within a small range and a fast

searching within remaining ranges.

The fine searching range is centered with the approximate solution to (10)

that is provided by the APEX. Therefore, the fine searching range of the APEN160

is written as [θ̂∗1 − β, θ̂∗1 + β], while the fast searching range is given by [θ̂∗1 +
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β, θ̂∗1 −β+ 2π]. Here, β is a parameter to set the boundary of the fine searching

range, which is determined by

β = E[∆θ] + σ ·D[∆θ], (15)

where ∆θ denotes the phase difference between the extracted ambient compo-

nents of the APEX and the APES; E[·] and D[·] denote the mean and variance165

of a random variable, respectively; σ is a factor to adjust the confidence interval

of ∆θ with respect to its variance.

According to (13) and (14), the phase difference between the extracted am-

bient components of the APEX and the APES are written as

∆θ = ∠X1 − θ∗1 = cos−1

(
|A1|
|X1|

cosθ1 +
|P1|
|X1|

cosθp

)
− θ∗1 (16)

and170

∆θ = ∠ (X1 −X0)− θ∗1 = θ − θ∗1 (17)

for k > 1 and k = 1, respectively. Here, θp denotes the phase angle of P1. Since

θ1 is uniformly distributed in [−π, π], θ∗1 and θp are assumed to be distributed

in the same way. Therefore, the mean of ∆θ is estimated to be 0 in both (16)

and (17).

The variance of ∆θ is relatively simpler to estimate for k = 1, since θ can be175

straightforwardly obtained from the stereo recording. Therefore, the variance

of ∆θ is given by

D[∆θ] = D[θ] +
4π2

3
, (18)

for k = 1.

For k > 1, as the primary components are sparsely distributed in the time-

frequency domain, the probability of a negligible primary component is defined180

as

α = P (1− ε < |X1|
|X0|

< 1 + ε), (19)

where ε is a small threshold. Since α is only related to X0 and X1, it can be

straightforwardly obtained from the stereo recording. The ratio of |X1| to |X0|

can be equivalently viewed as |P1 + A1|/|P0 + A0|. It approaches 1, when the
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primary components approach 0. At the same time, |A1|/|X1| also approaches185

1, and therefore, ∆θ becomes 0 in (16).

When the primary component is not negligible, the variances of |A1|/|X1|

and |P1|/|X1| are respectively estimated by

D(
|A1|
|X1|

) =

√
(1−PPR)(1+k−2)

2PPR+(1−PPR)(1+k−2) − α
1− α

(20)

and

D(
|P1|
|X1|

) =

√
2PPR

2PPR+(1−PPR)(1+k−2)

α
(21)

where Poisson distributions are assumed for |A1|/|X1| and |P1|/|X1| in order190

for estimates of variances to be simplified to estimates of means; and the primary

power ratio (PPR) calculates the proportion of the primary component energy

in the total energy of the stereo recording, i.e.

PPR =
‖P0‖22 + ‖P1‖22
‖X0‖22 + ‖X1‖22

=

(
1 + k−2

)
‖P1‖22

(1 + k−2) ‖P1‖22 + 2 ‖A1‖22
. (22)

Furthermore, as cos−1 x ≈ π
2 −

π
2x for −1 < x < 1, (16) can be approximated

by195

∆θ =
π

2
− π

2

(
|A1|
|X1|

cosθ1 +
|P1|
|X1|

cosθp

)
− θ∗1 . (23)

Since θ1, θ∗1 and θp are treated as independent uniform distributions in [−π, π],

the variance of ∆θ can be finally estimated for k > 1 as

D[∆θ] =
π2

8
D[
|A1|
|X1|

] +
π2

8
D[
|P1|
|X1|

] +
4π2

3
. (24)

Substituting (24) and (18) into (15) results in the boundaries of the fine

searching range of the APEN for k > 1 and k = 1, respectively.

3. Performance evaluation200

In this section, three combinations of primary and ambient sound clips are

employed for performance evaluation, despite previous practices using only one

combination to demonstrate the effectiveness of the APES and the APEX [30].

The first combination includes a male voice and a wave lapping sound as the
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A segment of the Chinese traditional erhu music
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A wave lapping sound

0 1 2 3 4 5 6 7 8
Time (s)

0

10

20

F
re

qu
en

cy
 (

kH
z)

-150

-100

-50

P
ow

er
/F

re
qu

en
cy

(d
B

/H
z)

   
   

  

The noise of a railway station
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The sound of wind
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Figure 1: Spectrograms of the primary components and ambient sound clips used for perfor-

mance evaluation.
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sources of the primary and ambient components, respectively. It is provided205

in [22] and referred to as “speech+wave” in the latter part of this paper. The

second combination comprises of a bubbling purr and the noise of a railway

station, and is thus referred to as “bubble+station”. The third combination is

referred to as “erhu+wind”, which consists of a segment of Chinese traditional

erhu music and the sound of wind. The sound clips of the first combination are210

sampled at 44.1 kHz, while the sound clips of the other two combinations are

sampled at 22.05 kHz. All the sound samples are processed with a frame size

of 4096 samples. A random phase filter is implemented to process one ambient

source into two uncorrelated ambient components appearing in the left and right

channels.215

Fig. 1 shows the spectrograms of the primary components and ambient

sound clips used for performance evaluation. The three sources of the primary

component present a variety of time-frequency characteristics. The speech signal

is more sparsely distributed in the time-frequency domain than the erhu music

and the bubbling purr. The three sources of the ambient components are chosen220

to address the diversity of audio scenes, which includes both nature and urban

sounds. The sound of wind has a wider frequency bandwidth, as compared to

the bubbling purr and the wave lapping sound.

3.1. Algorithm complexity

Firstly, the boundary of the fine searching range is examined. Fig. 2 shows225

the phase difference between the extracted ambient components of the APEX

and the APES under a confidence level of 90% and different settings of the

PPR. The solid lines indicate β calculated by (15), when ε and σ are set to 0.01

and 0.6, respectively. For k = 1, the phase difference between the extracted

ambient components of the APEX and the APES increases with the PPR. Even230

though β is not affected by the PPR, it still defines a good angular range for

fine searching. For k > 1, β matches the phase difference between the extracted

ambient components of the APEX and the APES. When k increases, β decreases

and the algorithm complexity of the APEN is likely to be reduced with a smaller
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Figure 2: Phase difference between the extracted ambient components of the APEX and the

APES.

fine searching range.235

Secondly, the number of search points in the fine and fast searching ranges

are denoted as D0 and D1. In order to figure out the appropriate settings of D0

and D1, the error to signal ratio (ESR) is introduced as the objective evaluation

index. The ESRs of the primary and ambient components are defined as

ESRp = 10 log10

∑
c=0,1

(pc − p̂c)T (pc − p̂c)
2pTc pc

(25)

and240

ESRa = 10 log10

∑
c=0,1

(ac − âc)T (ac − âc)
2aTc ac

, (26)

respectively.

Fig. 3 shows ESRp and ESRa with respect to the PPR by the APEN when

k = 2. The results of the three combinations have been averaged to avoid
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Figure 3: ESR with respect to the PPR by the APEN when k = 2. In (a) and (b), the number

of search points in the fine searching range (i.e. D0) varies, when the fast searching range is

skipped (i.e. D1 , 0). In (c) and (d), the total number of search points (i.e. D0 +D1) varies.
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Figure 4: ESR with respect to the number of search points in the APES.

redundant plots, for their individual trends are similar. In Figs. 3(a) and

3(b), D1 is set to 0 and D0 varies. It is noted that when D0 > 5, ESRp and245

ESRa no longer improves with more search points. In Figs. 3(c) and 3(d), the

total number of search points (i.e. D0 + D1) varies. Both ESRp and ESRa

converge when there are 18 search points for the PPR of 0.1 and 10 search

points for the PPR of 0.9, respectively. By comparison, as shown in Fig. 4,

the APES has to search for at least 70 points and 30 points to achieve their250

steady-state solutions when the PPR is 0.1 and 0.9, respectively. Hence, the

guideline numbers of search points are listed in Table 1. A smaller number of

search points is required for larger values of k and PPR. The APEN reduces

more than two thirds of the algorithm complexity as compared to the APES.
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Table 1: Number of search points suggested with respect to the PPR.

PPR 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

APEN (k = 2) 18 14 13 13 11 11 10 10 10

APES (k = 2) 70 70 65 55 50 45 35 35 30

APEN (k = 4) 15 15 13 13 11 10 8 5 5

APES (k = 4) 60 55 50 45 40 40 35 30 25

3.2. Objective evaluation255

The performance of the APEN is compared with the other PAE algorithms

under the ambient spectrum estimation framework by a series of objective eval-

uation indices [35]. Similarly, the results of the three combinations have been

averaged to avoid redundant plots.

Firstly, the ESR curves are plotted in Fig. 5 by using the APES, APEX260

and APEN. In Figs. 5(a) and 5(b), the PPR varies from 0.1 to 0.9, while the

panning factor is fixed at k = 2. With the increase of the PPR, the primary

component can be extracted more accurately, at a cost of increased error in the

ambient component extraction. The APEN achieves almost the same extraction

accuracy as compared to the APES. In Figs. 5(c) and 5(d), the PPR is set to265

0.5, while the panning factor varies with an interval of 0.2. It is noted that the

APEN can extract both the primary and ambient components as accurately as

the APES. Both of the APEN and the APES outperforms the APEX in terms

of the ESR.

Secondly, the perceptual evaluation of audio quality (PEAQ) is employed270

to evaluate the performance of the APES, APEX and APEN. The PEAQ is

a standard recommended by ITU that provides a computational model of the

human auditory system to measure the perceived audio quality [36, 37]. The

output of the PEAQ follows the subjective difference grade (SDG), of which the

values range from -4 (very annoying) to 0 (imperceptible).275

In Fig. 6, the PEAQ grades are plotted for the extracted primary compo-
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Figure 5: ESR of the primary and ambient components extracted by the APES, APEX and

APEN.
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Figure 6: PEAQ of the primary components and ambient components extracted by the APES,

APEX and APEN.
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nents and ambient components separately. The PPR varies from 0.1 to 0.9,

while the panning factor is fixed at k = 2. Fig. 6(a) shows that the APES

achieves the best extraction quality of the primary components. The APEN is

close to the APES, while the APEX produces the worst result. Fig. 6(b) shows280

that the APES and the APEN can achieve the same extraction quality of the

ambient components, while the APEX is not much behind the APES and the

APEN.

In general, the ambient spectrum estimation framework is better at extract-

ing the ambient components rather than the primary components when the285

PPR is a relatively small value. The APEN can obtain faster calculation speed

and equivalent accuracy of PAE, as compared to the APES. Both the APES

and the APEN have higher accuracy of PAE than the APEX.

3.3. Subjective evaluation

The multi stimulus with hidden reference and anchors (MUSHRA) listening290

test was conducted to evaluate the primary components and the ambient com-

ponents extracted by the PCA, APES, APEX and APEN [38]. The panning

factor was set as k = 2. The PPR was set to 0.4 and 0.8. The original sound

clips were used as the reference and hidden reference stimulus. The primary

and ambient components extracted by the masking algorithm was considered as295

the anchor.

Before the listening test, there was a briefing session to explain the principle

and steps of the MUSHRA listening test to the participants. During the listening

test, participants were asked to focus on the similarity of the extracted primary

component as compared to the reference, the similarity of the extracted ambient300

component as compared to the reference and the retention of spatial information

in the extracted ambient components. Every stimulus was graded from 0 to 100.

The hidden reference stimuli were expected to receive a near perfect score of

100, while the anchor stimulus would probably receive the lowest scores.

The listening test was conducted in the scientific research building at the305

University of Electronic Science and Technology of China. An audio-technica
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Figure 7: Subjective listening test results of the PCA, APES, APEX and APEN.

ATH-M30x headphone was used. In total, there were 11 male and 6 female par-

ticipants. Their ages ranged from 21 to 26. All the participants were confirmed

to have normal hearing. The listening test results of the three combinations were

statistically analyzed into mean values and 95% confidence intervals, which were310

plotted in Fig. 7.

In Fig. 7(a), the primary components extracted by the PAE algorithms

under the ambient spectrum estimation framework demonstrate better audio

quality than those extracted by the PCA. The audio quality of the primary

components extracted by the APEN is very close to the APES and slightly bet-315
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ter than the APEX. This is consistent with the objective evaluation results. Fig.

7(b) shows that the PCA results in the best audio quality of the ambient com-

ponents. A similar observation was previously reported in [22]. It was explained

that during the listening test, participants paid extra attention to the similarity

between the stimulus and the reference, without too much consideration to the320

spatial information. Therefore, Fig. 7(c) further presents the retention of the

spatial information in the extracted ambient components. The PCA results in

the worst spatial perception, while the APES, APEX and APEN manage to

achieve similar results that are nearer to the reference. The listening test re-

sults validate that through the non-uniform searching strategy, the APEN can325

obtain faster calculation speed and ensure the equivalent accuracy of PAE, as

compared to the APES.

4. Conclusions

In this paper, a fast non-uniform searching strategy is proposed to accelerate

the solving process of the ambient phase estimation, resulting in the APEN. Dif-330

fering from the state-of-the-art algorithm that adopts a constantly high angular

resolution in the full range of searching, the APEN combines a fine searching

in a small range with high confidence and a fast searching in the rest with low

confidence. The APEN is only one third as computationally complicated as

the APES, while providing equivalent accuracy to the APES in objective and335

subjective evaluations.
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