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Abstract
Pitch and voicing determination are important in many speech
and audio signal processing applications. Even in the clean sig-
nal case their estimation can pose problems, and more so when
noise is present. In this paper we propose a Multi-Branch CNN-
LSTM based Temporal Neural Network for pitch and voicing
determination. In addition, rather than using the raw waveform,
we use the ℓ1-norm based LP residual as the input signal. These
changes have made the proposed method more robust to SNR
degradation, i.e., even though there is a slight fall in accuracy in
the clean signal case, there is a 2.9% absolute increase in RPA
for the 0 dB case when compared with the CREPE algorithm.
More importantly, when the RPA tolerance is tightened, the fall
in accuracy is smaller. This robustness has been achieved with
only 1.79M parameters, which is an order of magnitude less
than what is used in CREPE.
Index Terms: Pitch estimation, voicing determination, deep
learning.

1. Introduction
Pitch estimation and tracking, along with its closely associated
problem of voicing determination, is an important problem in
audio and speech analysis. This task is difficult even when the
signal is clean and monophonic. The factors that contribute to
the difficulty are, changes in the vocal tract, pitch variations
over the analysis window and its wide range, irregularity in the
excitation signal, etc. [1]. From the signal processing point of
view, depending on the context, the term pitch could mean ei-
ther the fundamental frequency (f0) or the fundamental period
(T0 = 1/f0) of the (quasi-)periodic analysis segment. If this
segment is part of a speech waveform, the reference points are
usually placed at the glottal closure instants (GCIs).

Pitch estimation finds use in several applications such as
text-to-speech synthesis, speaker verification, speech analysis,
etc. Even though this has been well-studied, the problem is far
from solved. The works by Hess [1–3] are comprehensive ref-
erences on this topic. Pitch is typically estimated either in the
time-domain [4–6], the frequency domain [7–9], or the cepstral
domain [10,11]. The feature vectors used in conventional meth-
ods include zero-crossing rate (ZCR), summation of residual
harmonics (SRH) [12], summation of speech harmonics (SSH),
cepstral peak prominence (CPP) [13], etc. YIN [4] estimates
the autocorrelation of the raw waveform and then uses the local
minima of the Normalized Mean Difference Function (NMDF).
PYin [14] is a probabilistic modification of YIN [4] and uses
Hidden Markov Models (HMMs). Other time-domain methods
are PRAAT [15] and RAPT [6], which use the normalized cross-
correlation function (NCCF). SWIPE [9] is a frequency-domain
method in which template matching is performed with the spec-
trum of a sawtooth waveform to estimate pitch. PEFAC [8] is

also a frequency-domain method that is robust in the presence
of noise. Hybrid methods use both time- and frequency-domain
features, an example of which is YAAPT [16].

Currently, machine-learning-based methods are very popu-
lar [17–21]. Unlike conventional methods, using the raw sig-
nal directly is more common in deep learning methods, e.g.,
CREPE [19]. This method employs a CNN-based end-to-end
architecture and f0 in log scale as the target. Its accuracy is
good for both the clean and noisy cases. SPICE [20] uses un-
supervised model training and a constant-Q transform (CQT)
for pitch estimation. Deep-F0 [22] and PIMOD [23] are other
Deep Learning based methods that directly operate on the raw
waveform for estimating pitch. The high model complexity is
a notable disadvantage; moreover, if a tighter threshold is spec-
ified on the RPA accuracy, the accuracy drops noticeably, es-
pecially for noisy speech. Therefore, despite the existence of
several algorithms, developing a method that is both accurate as
well as robust to noise continues to attract attention. The pri-
mary objective of this paper is to improve the accuracy for the
noisy case, while keeping the model complexity low.

In this paper we propose to use the ℓ1-norm-based linear
prediction (LP) residual as the input, unlike the raw waveform
used in CREPE. From the architecture viewpoint, we propose to
use a Multi-Branch CNN-LSTM based model, inspired from In-
ceptionNet [24]. The ℓ1-norm is preferred because this criterion
makes the filter estimate independent of the fundamental fre-
quency of the speech signal. The hyper-parameters were tuned
to get the best performance on the validation dataset. To gener-
ate noisy speech we have added white noise from the NOISEX-
92 database [25]. We compare our results with CREPE [19]
(Full and Tiny versions) and SWIPE [9].

2. Proposed Method
We begin by considering alternatives to the raw waveform for
the input feature vector, followed by changes to the architecture.

2.1. Input Feature Vectors

In Deep Learning methods the features used have, not surpris-
ingly, a direct bearing on the accuracy. Using the raw waveform
as the input feature vector has been shown to give good results
[19,22,23]. In this paper we study the following three additional
feature representations (frame-size 40ms at 16 kHz sampling
rate, frame-shift of 10ms): (a) Magnitude Spectrum (linear
scale) obtained using 1024-point DFT and retaining only the
first half; (b) ℓ2-norm based LP Residual obtained using filters
computed using the ℓ2-norm minimization criterion (orders 14
and 16 were considered); and (c) ℓ1-norm based LP Residual
obtained using filters computed using the ℓ1-norm minimization
criterion (orders 14 and 16 were considered). When comput-
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Figure 1: Multi-Branch Conv 1D Block Diagram

ing the LP residual, the beginning and ending transient portions
were removed from the inverse filtered signal before further pro-
cessing. All feature vectors were normalized in the range from
(−1, 1).

It has been observed that providing “context” significantly
improves the performance of Deep Learning models [26]. Con-
text is defined as appending K past and K future feature vec-
tors, and treating this stack as the input to the neural network.
We have chosen K = 2 to balance accuracy versus computa-
tional complexity.

2.2. Network Architecture

From the architecture point of view, increasing the number of
layers leads to a better latent representation. The disadvan-
tage is that such networks are not only prone to over-fitting but
also suffer from vanishing or exploding gradients. Szegedy, et
al. [24] proposed the idea of having multiple kernels with dif-
ferent sizes operating at the same level, which has the distinct
advantage of extracting multilevel features while reducing the
overall model complexity. Also, LSTMs, a form of recurrent
neural networks, have been proven successful in modeling tem-
poral data. Since the information in speech is quintessentially
in the temporal domain, we propose to incorporate an LSTM
layer in our architecture.

A block diagram of the proposed architecture is shown in
Fig. 2. It consists of a stack of Multi-Branch convolutional
blocks (Fig. 1), followed by an LSTM layer. The output from
the LSTM is a 512-dimensional feature representation, which
is passed on to a densely connected layer with Softmax activa-
tion that generates the output vector ŷ. The dimension of ŷ is
300 × 1, with each entry corresponding to the pitch frequency
in cents. Cent is a unit that represents frequency in logarith-
mic scale, with a specified reference frequency fref. We have
chosen fref = 10. The range of pitch frequencies considered
was 31.7–1014.1Hz, which, in cents, corresponds to 1997.37–
7996.87 cents. This range was divided into 300 uniform bins
(20 cents bin width). A one-hot vector y is encoded with the
bin corresponding to the ground-truth pitch value. The model
was trained to minimize the categorical cross entropy loss be-
tween the predicted vector ŷ and the one-hot encoded ground
truth vector y; the Adam optimizer [27] was used in our exper-
iments. For unvoiced frames first bin of target vector was set as
one. The pitch estimate from ŷ was calculated by taking local
weighted average over 9-bins.

We carried out a hyper-parameter search for the proposed
network, which resulted in the following best configuration:

• Multi-Branch Conv 1D (A) - Filters: 64, Strides: 2, Ker-
nel Size1: 5, Kernel Size2: 9, Kernel Size3: 15
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Figure 2: Flowchart of the the proposed architecture.

• Multi-Branch Conv 1D (B) - Filters: 64, Strides: 2, Ker-
nel Size1: 3, Kernel Size2: 5, Kernel Size3: 7

• Early stopping with tolerance value of 0.001 and pa-
tience value set to 20 epochs.

• Each Convolution Layer is followed by a Dropout Layer
[28] with a dropout probability of 0.25

• ReLU activation for all layers, except the last Dense
Layer where Softmax is used.

• Learning Rate = 0.0005 and Batch Size = 64.

3. Experimental Setup
3.1. Dataset

The publicly available Pitch Tracking Database (PTDB-TUG)
[29] was used in our experiments. It consists of laryngograph
signals, audio files, and pitch trajectories of 20 English speak-
ers (10 Male and 10 Female). For generating noisy speech at
specified SNRs, we used white noise from the Noisex-92 [25]
database. The SNRs considered were ∞ (i.e., clean speech),
20, 10, 5, and 0 dB.

3.2. Methodology

The data were split into 60/20/20 (train/validate/test) to main-
tain fairness in the model’s training and testing generalizabil-
ity. For testing purposes, data corresponding to two male and
two female speakers were kept aside (not part of the training
set). The evaluation metrics used were the Raw Pitch Accuracy
(RPA) and Voicing Recall Rate (VRR). RPA is defined as the
percentage of the voiced frames for which pitch error is within
50 cents (or 0.5 semitones). VRR is defined as the percentage
of voiced frames correctly estimated by the algorithm. Apart
from robustness to noise, robustness to RPA threshold was also
studied by varying it in the range 50–30 cents in steps of 10
cents.

As stated earlier, the model architecture and the input fea-
ture vector jointly influence the overall performance of any deep
learning model. We examine the performance of feature vec-
tors described in Sec. 2.1, while keeping the model architecture
unchanged. Similarly, we use the ℓ1-norm based LP Residual
with LP order 14 as the input to the network architecture and
examine the importance of each building block of the model
architecture.

We compare our proposed model with CREPE and SWIPE.
Since the PTDB-TUG dataset was not part of the training data
in [19], that model was retrained on this data set. Two variants
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Figure 3: The proposed method’s RPA values for different fea-
ture vectors for a threshold of 50 cents. Clearly, ℓ1-norm resid-
ual with LP order 14 provides the most robustness against vary-
ing noise levels.

of CREPE were compared, viz., F(ull) model having 22.5M
parameters and T(iny) model having 487K parameters.

4. Results
We first present results of how changing the input feature af-
fects RPA percentage. We have studied this from two angles,
viz., how it varies with (i) SNR, and (ii) RPA threshold. For
the best performing case, we have examined the effect of (i)
removing different layers, and (ii) changing the activation func-
tion (Snake, Sinusoid, and ReLU).

4.1. Feature Vector Analysis

CREPE uses the raw waveform as the input feature vector. For
speech signals, other natural candidates are the magnitude spec-
trum, the LP residual, and its autocorrelation sequence (ACS).
Furthermore, the error norm criterion for estimating the LP in-
verse filter coefficients can be either the ℓ1-norm or the ℓ2-norm.

Fig. 3 shows how the proposed method’s RPA varies as a
function of SNR for the various input features. The plots show
that the best overall results are obtained with the ℓ1-norm resid-
ual estimated using a 14-th order filter. A 16-th order filter
was found to be slightly less effective than a 14-th order fil-
ter in terms of RPA and VRR accuracy. For clean speech, the
magnitude spectrum input feature vector gave a slightly bet-
ter accuracy compared to the ℓ1-norm residual (88.37% vs.
88.01%); however, except for this slight anomaly, the latter fea-
ture yielded the best overall performance (for an RPA threshold
of 50 cents). Clearly, it is also more robust to SNR degradation:
at 0 dB the RPA has fallen to only 86.58 as against 79.46 for
the raw waveform. The ℓ1-norm criterion completely removes
the influence of the vocal tract from the residual signal, which
is a plausible explanation for its robustness. The behaviour of
the ℓ2-norm residual is also similar; its relatively poorer perfor-
mance can be attributed to its worsening ability to remove the
vocal tract information with increasing f0.

Henceforth we use the ℓ1-norm residual signal obtained
with model order 14 as the input feature vector because that
gave the best performance for this task among all the input fea-
ture vectors that were examined.

Model Params. Metric Clean 20 dB 10 dB 5 dB 0 dB

Swipe VRR 87.92 85.65 64.89 48.52 34.01
RPA 85.33 83.01 62.29 46.81 32.05

CREPE (T) 487K VRR 92.04 91.99 91.51 90.37 86.79
RPA 88.10 88.06 87.59 86.48 83.04

CREPE (F) 22.5M VRR 91.52 91.47 91.02 89.85 86.46
RPA 88.55 88.52 88.08 86.95 83.69

Proposed 1.79M VRR 91.09 91.74 91.54 91.18 89.72
RPA 88.01 88.73 88.49 88.06 86.58

Table 1: RPA and VRR comparison (in %) on PTDB-TUG data
set with added white noise for different SNRs and RPA threshold
of 50 cents.

4.2. Model Robustness

We next compare our proposed method with SWIPE, CREPE
(F) (22.5M parameters), and CREPE (T) (487 k parameters).
The results for white noise are given in Table 1. For the clean
speech case, the highest RPA value was obtained using CREPE
(F), whereas CREPE (T) gave the highest VRR accuracy. For
all other SNR conditions the RPA estimates of the proposed
method is better. As the SNR degrades, the proposed method
becomes noticeably better than CREPE: e.g., it shows an abso-
lute improvement of 3.26% in VRR and 2.89% in RPA for the
0 dB SNR case. This is particularly noteworthy since the pro-
posed method has only 1.79M parameters, which is 92% less
than what is used by CREPE (F).
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Figure 4: Comparative performance of the proposed model ver-
sus CREPE as a function of RPA threshold. The proposed
method outperforms CREPE when the RPA threshold is tight-
ened.

The robustness of the model can also be tested along an-
other dimension, viz., the drop in RPA values as the threshold is
tightened. To investigate this further, the default RPA threshold
of 50 cents was decreased to 40 and 30 cents. We then com-
pared the performance with CREPE (F). The results are shown
in Fig.4. Clearly, the drop in accuracy of the proposed Model is
much smaller, whereas CREPE (F) experiences a comparatively
significant drop in performance. Although the performance of
the proposed method is slightly poorer for clean speech, the
drop in accuracy is smaller as the SNR degrades, with the max-
imum difference seen for the 0 dB case.

This robustness to tightening the RPA threshold is directly
linked to the input feature. To see this, we compared the ℓ1-
norm LP residual and raw waveform in the proposed method.
Fig. 5 shows the results. Once again, it is clear that ℓ1-norm LP

3575



∞ 20 10 5 0

75

80

85

90

SNR (dB)

R
PA

%

ℓ1-norm Res; Thresh.= 50
Raw Waveform; Thresh.= 50
ℓ1-norm Res; Thresh.= 40

Raw Waveform; Thresh.= 40
ℓ1-norm Res; Thresh.= 30

Raw Waveform; Thresh.= 30

Figure 5: Effect of tightening the RPA threshold on accuracy
when using the ℓ1-norm residual versus the raw waveform in the
proposed method. Clearly, the ℓ1-norm residual signal provides
more robustness than the raw waveform.

residual feature does not lead to as much a drop when the RPA
tolerance is tightened. Note that the network architectures of the
proposed method and that of CREPE are quite different. Nev-
ertheless, the performance drop with decreasing SNRs are very
similar in Figs. 4 and 5, which lends credence to the claim that
the robustness is due to the ℓ1-norm LP residual input feature.

We used other metrics such as VUE, UVE, and GPE [21].
When averaged over all SNRs, the results of our method versus
CREPE(F) were: UVE of 1.67% vs 1.44%, VUE of 8.94% vs
10.48%, and GPE of 1.79% vs 1.88%. We also tested the RPA
performance by adding babble noise from NoiseX-92 database
[25]. CREPE(F) performed slightly better for all SNR levels
for RPA thresholds of 50, 40 and 30 cents; however, for 20 and
10 cents, our method showed an average improvement of 2.6%
and 3.35%.

4.3. Effect of Various Network Layers

As a final point of comparison, we examine the effect of model
architecture. We retained the input feature as the ℓ1-norm LP
residual and carry out a block-wise analysis. The RPA threshold
was kept at 50 cents throughout. The Multi-Branch Conv 1D
blocks help in adding robustness to the model, especially at low
SNR and tight RPA thresholds. For example, if only Block (B)
is removed, for 0 dB, the RPA values dropped as follows: a drop
of 0.78% was observed for 50 cents , 0.76% for 40 cents, 1.1%
for 30 cents, 2.31% for 20 cents, and 4.59% for 10 cents.

When the Dropout Layer was eliminated, the RPA results
remained largely unchanged, but VRR decreased by roughly
2% for all SNR levels. The decline in VRR, is conjectured to
be directly related to the loss of generalisation capacity [28].

One of the most important layers in the model is LSTM.
Two variants were tried, viz., replacing the LSTM layer by the
Dense Layer and removing the LSTM layer completely. We can
see from Fig. 6 that there is a significant drop in RPA in both
cases. Moreover, the steepest drop happened when the LSTM
layer was removed. This reveals the importance of this layer for
pitch estimation. This is not surprising because the LSTM layer
is very helpful in capturing the temporal dependencies of the
input data. Finally, we carried out experiments by modifying
the activation function. We have used ReLU in all the CNN
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Figure 6: Model ablation study with the input feature vector set
as ℓ1-norm LP Residual; LP order 14 and RPA threshold set as
50 Cents.

layers of Multi-Branch Conv 1D block. Liu et al. [30] proposed
a new activation function x + sin2 x (called “snake”), which
was claimed to be better than ReLU for periodic data. We have
compared the proposed model’s performance using the “snake”
activation function as well as the sinusoidal activation function
sinx. The results are given in Table 2. ReLU gave the best
results when compared to the other two choices. It should be
noted that results from the other two activation functions are
still better than CREPE.

Activation Metrics Clean 20dB 10dB 5dB 0dB

Snake VRR 89.98 90.61 90.60 90.13 88.47
RPA 86.35 86.97 86.93 86.40 84.67

Sinusoid VRR 89.99 90.79 90.44 89.76 87.51
RPA 87.04 87.84 87.51 86.87 84.68

ReLU VRR 91.09 91.74 91.54 91.18 89.72
RPA 88.01 88.73 88.49 88.06 86.58

Table 2: Activation function comparison for an RPA threshold
of 50 cents

5. Conclusion
In this paper we proposed a robust method for pitch and voicing
determination based on a Multi-Branch CNN-LSTM network.
Our experiments showed that using the ℓ1-norm LP residual as
the input feature gave us the best results, making the method
robust to SNR variations and tightening of RPA thresholds. We
also presented results using the raw waveform, the magnitude
spectrum (linear scale), and the LP residual based on the ℓ2-
norm. Adding the LSTM layer helped in improving the per-
formance because of its ability to model temporal variations.
When white noise was added, our model outperformed CREPE
and SWIPE, especially at lower SNRs, leading to its robustness.
For the 0 dB SNR case we obtained an absolute improvement of
2.9% in RPA with 50 cents as threshold. It also performed well
when the RPA threshold was tightened to 30 cents and resulted
in an absolute improvement of 3.24% over CREPE. The model
had only 1.79M parameters, compared to CREPE’s 22.52M.
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