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Abstract
Nearest Neighbor (NN)-based alignment techniques are pop-
ular in non-parallel Voice Conversion (VC). The performance
of NN-based alignment improves with the information about
phone boundary. However, estimating the exact phone bound-
ary is a challenging task. If text corresponding to the utterance
is available, the Hidden Markov Model (HMM) can be used
to identify the phone boundaries. However, it requires a large
amount of training data that is difficult to collect in realistic VC
scenarios. Hence, we propose to exploit a Spectral Transition
Measure (STM)-based alignment technique that does not re-
quire apriori training data. The idea behind STM is that neurons
in the auditory or visual cortex respond strongly to the transi-
tional stimuli compared to the steady-state stimuli. The phone
boundaries estimated using the STM algorithm are then applied
to the NN technique to obtain the aligned spectral features of
the source and target speakers. Proposed STM+NN alignment
technique is giving on an average 13.67% relative improvement
in phonetic accuracy (PA) compared to the NN-based alignment
technique. The improvement in %PA after alignment has pos-
itively reflected in the better performance in terms of speech
quality and speaker similarity (in particular, a relative improve-
ment of 13.63% and 13.26% , respectively) of the converted
voice.

Index Terms: Voice Conversion, Spectral Transition Measure,
INCA.

1. Introduction
Though generation model-based techniques, such as Generative
Adversarial Network (GAN), Variational AutoEncoder (VAE),
etc. avoid an alignment step [1–5], still the alignment is a key
step in order to apply stand-alone Voice Conversion (VC) tech-
niques in case of a non-parallel training data [6]. Obtaining
the aligned spectral features in non-parallel VC is more chal-
lenging due to the fact that both the source and target speak-
ers have spoken different utterances. Among various available
alignment approaches, the most popular alignment techniques
are based on Nearest Neighbor (NN), for example, the state-of-
the-art Iterative combination of a Nearest Neighbor search step
and a Conversion step Alignment (INCA) [7,8] and its variants
[9–11]. However, lower % Phonetic Accuracy (PA) has been re-
ported after the NN-based alignment techniques [7]. Hence, if
the phone boundaries corresponding to the non-parallel data are
available, then the NN can be applied among the features cor-
responding to the same phones. Estimating the phone bound-
aries is more challenging due to the coarticulation phenomenon
of speech sound, which leads to splitting or disappearing of
current sound due to merging with or interference of the ad-

jacent sounds (primarily due to local vs. global coarticula-
tion) [12]. If the text corresponding to the training data is avail-
able, Hidden Markov Model (HMM) can be used to identify
the correct phone boundaries or recently proposed the speaker-
independent phone posterior probability features can also be
used [13–15]. However, these methods require a large amount
of training data to train HMM or develop Automatic Speech
Recognition (ASR), which is difficult due to the unavailability
of a large amount of transcribed training utterances from the tar-
get speaker in most of the real-world VC applications.

In this paper, we propose to exploit computationally simple
Spectral Transition Measure (STM)-based alignment technique
that does not require any apriori training data for estimating the
phone boundaries. The STM is derived from the information
pertaining to linear regression coefficients. These regression
coefficients have large values due to the rapidly varying cep-
stral information resulting into large STM values in the vicinity
of spectral transition. Such high transitions, estimated via STM
algorithm, are hypothesized as the phone boundaries. The ear-
lier studies have also shown the relation between the maximum
spectral transition positions (i.e., the location of peaks in the
STM contour), and the perceptual critical points (PCPs) for syl-
lable perception [16]. Later, the important relationship between
the manual phone boundaries and the PCPs have been investi-
gated [17, 18]. The STM-based alignment techniques have also
been used for identifying the syllable and phone boundaries for
the low resource languages [18–23].

In this paper, we propose a simple and practical way of uti-
lizing the phone boundary information via STM algorithm for
the alignment task in non-parallel VC. The phone boundaries
estimated using the STM algorithm are then applied to the NN
method (i.e., phone-aware NN) to find the alignment between
the source and target speakers’ spectral features. We compare
the effectiveness of the phone-aware NN-based alignment tech-
nique with the NN-based method. In addition, subjective and
objective evaluations of the developed VC systems using the
proposed approach are also presented.

2. Proposed STM-based Alignment

Figure 2 shows an example of manual phone boundaries ob-
tained for a CMU-ARCTIC data (i.e., word ‘author’) spoken by
the two speakers. Even if both the speakers have spoken the ut-
terances with different speaking rate, still it can be observed that
the phone boundaries occurs at the spectral transition locations
(as shown in Figure 2). It is often observed that two human
annotators can never identify exactly the same phone bound-
aries. In addition, obtaining the manual phonetic segmentation
on the given speech corpus is extremely tedious and time con-
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Figure 1: Block diagram of the proposed STM-based VC system for the non-parallel corpus. The contribution of this paper is indicated
via dotted box.

suming. Furthermore, it requires highly trained human anno-
tators, which makes this process very costly. In real-time VC,
it is impossible to do manual segmentation as soon as one gets
the training data from the target speaker. Hence, there is a need
for automatic speech segmentation algorithm for the alignment
task of VC.

Figure 2: Speech signal, and its corresponding spectrogram for
English word, namely, “author” from CMU-ARCTIC database
from (a) male, and (b) female speaker. After [19].

Speech signal consists of various basic speech sound units
called as phonemes. These sounds and their features differ
both in time and spectral characteristics. The dynamic fea-
tures, such as temporal envelope characteristics and the change
of distribution of spectral energy will play a key role to distin-
guish major phonetic categories, such as vowels, nasals, stops,
fricatives, etc. [24–27]. These rapid changes in amplitude and
spectrum are apparently represented in the discharge pattern of
auditory-nerve fibers (ANFs) [28]. This spatio-temporal pat-
tern of auditory-nerve activity has shown to contain pointers to
the regions of rapid changes that captures the important pho-
netic (transitional) information [28, 29]. In addition, the earlier
studies reported that the neurons present in the auditory cortex
poorly respond to the steady-state stimuli, whereas they have
high auditory sensitivity for the transitional sounds [30]. Thus,
STM exploits spectral variations to detect the phone boundaries.

Figure 1 shows the block diagram of a proposed approach.
Here, Mel Frequency Cepstral Coefficients (MFCC) have

been used for capturing these spectral transitions across the con-
secutive phones. First, the speech signal is pre-processed using
the silence removal technique. In order to estimate the phone
boundary, we have followed the same experimental setup as
suggested in [17, 19]. 10-dimensional (D) MFCC features (in-
cluding 0th coefficient) are first extracted (with 30 ms window
and 10 ms frame rate) as suggested in [17, 19, 23]. After com-
puting the MFCC, STM is used to capture the spectral varia-
tions between the two consecutive phones. The STM, at the ith

frame, can be computed as [16]:

C(i) =

L∑
l=1

a2
l (i)

D
, (1)

where C(i) is the STM calculated at a given frame i, D is the
dimension of the spectral features, al‘s are the regression coef-
ficients, which are the rate of change of spectral features. The
al is given by [16]:

al(i) =

I∑
j=−I

MFCCl(j + i) · j

I∑
j=−I

j2
, (2)

where j is the frame index, and I indicates the number of frames
(on both side of the current frame) used to compute the lin-
ear regression coefficients. Finally, peak detection algorithm is
used to estimate the phone boundaries. A number of estimated
boundaries may not be equal to the number of phones in a given
utterance and hence, the proposed algorithm is used to get the
exact number of estimated boundaries equal to the number of
phones. Here, we have taken I = 2 for 10 ms frame shift.
Hence, the value of C in eq. (1) is computed over an interval of
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40 ms. A larger interval results in the missing of some phone
boundaries, whereas the shorter interval results in a false esti-
mate of the phone boundaries. Previous studies presented the
effectiveness of the algorithm in the context of a tolerance in-
terval [18, 19, 23]. It means that if detected phone boundary is
within the tolerance interval (namely, 5 ms, 10 ms or 20 ms) of
the ground truth, then it is considered as a true estimated bound-
ary else detected boundary is considered as a false.

In the context of VC task, we consider 0 ms tolerance in-
terval, i.e., frames are aligned based on these estimated phone
boundaries. The exact locations of the phone boundaries will
determine the corresponding pairs among which NN technique
will be applied. Hence, we converted the phone-level labeling to
the frame-level labeling, and compared it with the correspond-
ing frame-level labelling of ground truth. If both the estimated
and the ground truth frame-level label are found to be the same,
it is considered as hit and if not then false. From this, % Pho-
netic Accuracy (PA) is defined as [11, 31]:

% Phonetic Accuracy (PA) =
Total no. of Hits
Total no. Frames

× 100, (3)

where Total no. of Frames = Total no. of Hits + Total no. of
Falses. Table 1 shows the average % Phonetic Accuracy (PA)
for TIMIT and CMU-ARCTIC database (BDL, CLB, RMS, and
SLT speakers) using eq. (3). The ground truth for the TIMIT
database is developed by highly trained annotators [32]. On the
other hand, reference phone annotations for the CMU-ARCTIC
database are obtained via training of speaker-dependent HMM
model over 1132 utterances [33].

Table 1: % Phonetic Accuracy (PA) of STM algorithm
TIMIT Database CMU-ARCTIC Database

% PA 27.53 31.63

2.1. STM with Nearest Neighbor (NN)

The proposed STM algorithm is shown in Algorithm 1. Once
the phone boundaries are estimated for source and target speak-
ers’ training data, the nearest neighbor (NN) technique is ap-
plied to find correspondence between spectral features of source
and target speakers among the same labels of frames estimated
using the STM algorithm. For the baseline method, we selected
the INCA that performs iteratively three steps, namely, a near-
est neighbor search step, training of a mapping function using
JDGMM-based VC and transformation step using the JDGMM-
based until the convergence [7, 8].

Figure 3: % PA obtained for different non-parallel VC systems
using the baseline and the proposed alignment techniques.

Figure 3 shows the % Phonetic Accuracy (PA) calcu-
lated using the proposed technique and the baseline algo-
rithm for four different CMU-ARCTIC database pairs, such as
BDL-RMS (male-male), CLB-SLT (female-female), BDL-SLT
(male-female), and CLB-RMS (female-male). From Figure 3,
it is clear that proposed STM+NN technique is giving better
performance compared to the baseline algorithm in all the four
cases. The proposed STM+NN algorithm is having on an av-
erage 13.67 % relative improvement in % PA compared to the
baseline algorithm.

Algorithm 1 Proposed STM-based Algorithm for VC Task

1: Input: Speech wav file and the corresponding utterance
from both the source and target speakers.

2: Preprocessing of silence removal from speech file.
3: MFCC feature extraction from the audio file.
4: Extraction of a STM contour at frame-level.
5: NE: Number of estimated STM boundaries using peak de-

tection.
6: NG: Number of ground truth boundaries from a given ut-

terance.
7: NI: Number of insertions.
8: ND: Number of deletions.
9: if NE < NG then

10: NI = NG−NE.
11: while NI 6= 0 do
12: find two furthest neighbors estimated boundaries.
13: Insert boundary based on average phone duration.
14: NI = NI − 1

15: done
16: else if NE > NG then
17: ND = NE −NG.
18: while NI 6= 0 do
19: Find two nearest neighbors estimated boundaries.
20: Merge them by selecting either left or right.
21: ND=ND-1
22: done
23: end
24: Estimate boundaries for both source and target speakers’

training speech utterances.
25: Apply Nearest Neighbor (NN) for a given phoneme.
26: Estimate the unique aligned pairs between source and target

speakers from the NN path.
27: Train the mapping function using the obtained aligned

pairs.

Figure 4: % PA obtained for vowels for different non-parallel
VC systems using the baseline and the proposed alignment tech-
niques.
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Figure 4 shows the % PA for vowel sounds using the base-
line and proposed alignment method. The effectiveness of the
STM to detect the vowel sounds are indeed observed from the
Figure 4. In particular, we obtained on an average 44.36 % ab-
solute increment in correct vowel detection. In the context of
VC, it has been reported in the literature that quality of con-
verted voice primarily depend on how accurately voiced (In
particular, vowels) sounds are converted [34, 35]. Hence, ob-
taining better alignment in the vowels with the proposed tech-
nique should lead to the high quality converted voices. In ad-
dition, the baseline algorithm takes more time compared to the
proposed alignment technique due to the iterative computation
(approximately, number of iterations times the time taken by the
proposed STM+NN algorithm).

3. Experimental Results
In this paper, various VC systems have been developed to mea-
sure the effectiveness of the proposed alignment task. We have
used 40 non-parallel utterances for each speaker-pairs (whose
details are presented in Section 2.1) from the CMU-ARCTIC
database. Among the available VC techniques, the state-of-
the-art methods, namely, Joint Density (JD) GMM-based VC
[36] and BiLinear Frequency Warping plus Amplitude Scal-
ing (BLFW+AS) [37] have been selected. The JDGMM-based
method is selected, since it uses conditional expectation, which
is the best minimum mean square error (MMSE) estimator.
Hence, it leads to the minimum error between converted and
the target spectral features. In addition, BLFW+AS has been
selected due to its available parametric formulation [37]. 25-D
Mel Cepstral Coefficients (MCC) and 1-D F0 per frame (with
25 ms frame duration, and 5 ms frame shift) have been ex-
tracted. The number of mixture components have been opti-
mized from the set m=8,16, 32, 64, 128. System having an op-
timum MCD, is selected for subjective evaluation. Here, funda-
mental frequency (i.e., F0) contour is transformed using Mean-
Variance (MV) transform method [38]. The AHOCODER is
used for the analysis-synthesis [39].

Figure 5: MOS analysis. Here, we obtained 0.175 margin of
error corresponding to the 95 % confidence interval.

The Mean Opinion Score (MOS) and XAB tests have
been selected to evaluate speech quality (i.e., naturalness) and
Speaker Similarity (SS) of converted voice, respectively. Since
the key goal is to show the effectiveness of the proposed align-
ment technique over the baseline INCA, we presented average
results of the different VC systems w.r.t. the proposed and the
baseline alignment strategies. Total 17 subjects (4 females and
13 males without any hearing impairments with the age be-

tween 17 to 28 years) took part in both the tests. Subjects
were asked to evaluate the randomly played utterances from
both the approaches for the speech quality on the scale of 1
(very bad) to 5 (very good). It can be seen from Figure 5 that
proposed STM+NN is more preferred than the baseline in terms
of speech quality. The result clearly indicates that accurate esti-
mation of phone boundary (especially for the vowel sounds) is
indeed helping the NN-based technique to obtain high quality
converted voice, which is in line with the study reported in [34].

Figure 6: XAB test analysis for speaker similarity.

In XAB test, subjects were asked to select from the ran-
domly played A and B samples (generated with the baseline and
the proposed STM+NN algorithm) which one is more similar
with the target speaker in terms of speaker similarity (SS) with
reference to the actual target sample X. In addition, the subjects
can select equal preference for the cases, where the samples are
perceptually similar in terms of speaker similarity. Samples for
XAB test, were taken from both the approaches. It is observed
from Figure 6 that the proposed alignment technique is 3.45 %
times absolutely more preferred for the speaker similarity of the
converted voice. However, 54.05 % times subjects have given
equal preference to both the approaches.

4. Summary and Conclusions
In this paper, we exploit the phonetic information via compu-
tationally simple STM-based algorithm in NN-based alignment
techniques for the non-parallel VC. In particular, we proposed
the novel STM+NN-based algorithm for the task of alignment
in the case of text-independent VC. The key advantage of the
proposed method is that it does not require any a priori train-
ing data to estimate the phone boundaries. The % PA obtained
after alignment using STM algorithm is found to be better com-
pared to the baseline NN-based alignment technique in all the
cases. In particular, % PA obtained for the vowel speech sound
class is more using the proposed STM algorithm. The better
performance in the alignment task has resulted positively in the
context of subjective test for the developed VC systems using
proposed approach. Our future work will be directed towards
extending this work in the cross-lingual VC task.
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