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Abstract 
Aiming at the problem of open set voiceprint recognition, this paper proposes 
an adaptive threshold algorithm based on OTSU and deep learning. The bot-
tleneck technology of open set voiceprint recognition lies in the calculation of 
similarity values and thresholds of speakers inside and outside the set. This 
paper combines deep learning and machine learning methods, and uses a 
Deep Belief Network stacked with three layers of Restricted Boltzmann Ma-
chines to extract deep voice features from basic acoustic features. And by 
training the Gaussian Mixture Model, this paper calculates the similarity val-
ue of the feature, and further determines the threshold of the similarity value 
of the feature through OTSU. After experimental testing, the algorithm in this 
paper has a false rejection rate of 3.00% for specific speakers, a false accep-
tance rate of 0.35% for internal speakers, and a false acceptance rate of 0 for 
external speakers. This improves the accuracy of traditional methods in open 
set voiceprint recognition. This proves that the method is feasible and good 
recognition effect. 
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1. Introduction 

Voiceprint recognition is a biometric authentication technology that recognizes 
the identity based on the human body’s own voice characteristics. According to 
different recognition methods, voiceprint recognition can be divided into two cat-
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egories: voiceprint verification and voiceprint identification. Voiceprint confirma-
tion is to judge whether a certain speech is spoken by a specific speaker, and 
voiceprint identification is to judge which person in the set of persons to be identi-
fied speaks a certain speech. Voiceprint recognition is generally expounded from 
two aspects. One is closed-set voiceprint recognition, that is, all the speaker’s voic-
es already exist in the model library, and the voice features to be tested are 
matched with all the speakers in the model library, and the one with highest 
matching degree is the one to be asked; the other is open-set voiceprint recogni-
tion, that is, the voice feature to be tested may not be in the trained model library, 
which requires a threshold to decide whether to accept or reject. There are two 
commonly used thresholds: classic threshold and dynamic threshold. The classical 
threshold [1] is determined by the two error rates of false rejection rate (False Re-
jection Rate, FRR) and false acceptance rate (False Acceptance Rate, FAR) of false-
ly rejecting speakers within the set. Generally, the corresponding threshold is used 
when FRR and FAR have the same value, but sufficient training samples are re-
quired to achieve good results. If the training data sample is too small, the point 
where FRR and FAR are equal may not be obtained, so the threshold is less robust, 
resulting in reduced system recognition performance. Dynamic threshold [2] is to 
train a model for each trained speaker in the training stage, calculate the corres-
ponding threshold for each speaker, and compare the test voice with each thre-
shold during recognition. Firstly, the amount of calculation is large and the train-
ing time is long; secondly, when the number of training speaker increases, an infi-
nite number of distributions cannot be distinguished in a limited space, and the 
possibility of overlapping distributions increases. In the testing phase, the voice to 
be tested must be matched with all the trained models, which also has the problem 
of time-consuming and high space complexity. This paper intends to determine 
the threshold by calculating the similarity of the training speech, so as to avoid the 
problems of poor robustness of the classical threshold and the large amount of 
calculation of the dynamic threshold matching distance. 

The essence of voiceprint recognition is the process of converting acoustic 
signals into electrical signals and then performing pattern recognition. The 
original speech signal is a time-varying signal that contains a lot of redundant 
information, it must undergo a certain transformation to remove the redundant 
information in the speech, extract the personality parameters that can charac-
terize the speaker, and then recognize it through pattern recognition and rec-
ognition algorithm. The features used for voiceprint recognition are mainly 
time-domain feature parameters such as energy or amplitude in the time do-
main, zero-crossing rate, and transform domain feature parameters obtained by 
performing certain transformations on the original speech signal after framing 
the original speech signal. Such as linear prediction coefficient, linear prediction 
cepstrum coefficient [3], and Mel cepstrum coefficient [4]. There are many 
models for voiceprint recognition, such as dynamic time warping method [5], 
Hidden Markov Model method [6], vector quantization method [7] and artificial 
neural network [8] are widely used in voiceprint recognition. In the 1990s, the 
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introduction of Gaussian Mixture-General Background Model and Support 
Vector Machine [9] enabled voiceprint recognition to enter a new stage of de-
velopment. Joint factor analysis based on i-vector technology [10], disturbance 
attribute interference algorithm, eigen channel analysis, these methods improve 
the robustness of voiceprint recognition. In recent years, DNN [11] [12] has 
been successfully applied in acoustic modeling. Based on the powerful learning 
ability of deep learning and the ability to mine deep features of data, voiceprint 
recognition has gradually transitioned from traditional machine learning to deep 
learning. Scholars are still trying to combine machine learning and deep learning 
to achieve better results. 

Traditional voiceprint recognition generally uses Gaussian Mixed Model 
(GMM) [13] [14] and Gaussian Mixture-General Background Model. Because it 
is very sensitive to noise and belongs to shallow and incomplete learning, the 
accuracy of model recognition decreases as the number of people increases, the 
robustness is poor, and the convergence is difficult. DNN has strong expression 
ability and a high tolerance for noise. Therefore, Deep Belief Network (DBN) is 
used to extract deep acoustic features and then GMM is used to recognize voice-
prints, thereby improving the accuracy of open set voiceprint recognition. Based 
on the deep acoustic features, this paper proposes an algorithm for determining 
the adaptive threshold. The experimental results show that the threshold deter-
mined by the algorithm has a good performance in the performance of open set 
voiceprint recognition. 

2. OTSU-Based Approach for Threshold Calculation 

OTSU [15] [16] was proposed by Japanese scholar Otsu in 1979. It is also called 
the maximum between-class variance method. This algorithm uses the maxi-
mum between-class variance of the average pixel values of the foreground area 
and the background area as the criterion to calculate the threshold. Based on the 
idea of OTSU, this paper divides the random number set generated by two dif-
ferent random variables with a certain distance in space into two parts A and B, 
and calculates the variance of the two parts. The greater the variance, the better 
the segmentation effect. The maximum variance under different segmentation 
conditions is obtained by traversal, and the optimal threshold is determined to 
achieve a good segmentation of the two sets of random numbers. 

For a set of random numbers with a total of N, L represents the maximum 
value of random numbers, in  represents the number of random numbers as i, 

ip  represents the probability of random numbers being i, then ip  is 

i ip n N= .                          (1) 

Take the threshold T. The proportion of the number belonging to the random 
number set A to the total random number is recorded as 0ω , and the average 
value 0u . 

0

T

i
i

pω = ∑ , 0 0

T

i
i

u ip ω= ∑ .                   (2) 
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The proportion of the number belonging to the random number set B to the 
total random number is recorded as 1ω , and the average value is 1u . 

1 01ω ω= − , 1 1

L

i
i T

u ip ω
=

= ∑ .                   (3) 

The average of the set of random number u is 

0 0 1 1u u uω ω= + .                        (4) 

The maximum between-class variance is 2σ : 

( ) ( )2 2
0 0 1 1u u u uω ω− + − .                    (5) 

The greater the variance between classes, the better the threshold for dividing 
the set of random numbers is selected. One only need to traverse all i values, 
calculate the variance of each step, and select the value T of the largest 2σ . The 
best threshold expression is 

( )* 2arg max iT σ= .                       (6) 

3. Deep Feature Extraction and GMM Similarity Calculation 
3.1. DBN-Based Deep Voiceprint Feature Extraction 

DBN is obtained by superimposing Restricted Boltzmann Machines (RBM) [17] 
[18]. Compared with traditional shallow networks, DBN has a better ability to 
mine potential features of data. Therefore, DBN can be used as a voiceprint 
depth feature extractor for voiceprint recognition. In the voiceprint recognition 
task, the MFCC of the input voice is not a binary value, but some real value. The 
traditional RBM cannot achieve the expected goal. Usually, the voiceprint fea-
ture extraction uses the Gauss-Bernoulli RBM model. 

1) RBM Structure 
RBM is a Markov random field based on an energy function, composed of a 

visible layer and a hidden layer. When the visible neuron { },i vv v i d= ∈  is in 
the Gaussian distribution state and the hidden layer neuron { }0,1 , hh j d= ∈  is 
in the binary state, the connection relationship between the visible layer and the 
hidden layer is represented by the matrix { }ijW w= , and the model parameters 
are: { }, , ,ij i j iw a bθ σ= . 

Based on the energy model theory, the energy of Gauss-Bernoulli RBM is de-
fined as: 

( ) ( )2

2
,

, |
2v h

i i i
j j j ij

i d j d i j ii

v a v
E v h b h h wθ

σσ∈ ∈

−
= − −∑ ∑ ∑ ,           (7) 

In which, ijw  is the weighted coefficient, ia  and jb  are the visible layer 
unit and hidden layer unit corresponding offset. iσ  refers to the standard devi-
ation of visual layer unit, and vd  and hd  are the number of units of visible 
layer and hidden layer. From the above formula, the joint probabilities of v and 
h can be obtained as shown below: 
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( )
( )( )
( ) ( ) ( )( )

,

exp , |
, | , exp , |

v n

E v h
p v h Z E v h

Z
θ

θ θ θ
θ

−
= = −∑ ,      (8) 

In which ( )Z θ  is the partition function, which is used for normalization and 
calculation of all possible energy allocation between visible and hidden layer 
neurons. When training RBM, the conditional independence between the visible 
neurons and the hidden neurons, the conditional probabilities of v and h can be 
obtained as shown below: 

( )1| sigmoid
v

i
j ij j

i d i

v
p h v w b

σ∈

 
= = + 

 
∑ ,              (9) 

( ) 2| ,
h

i i ij j i i
j d

p v x h N w h aσ σ
∈

 
= = + 

 
∑ ,             (10) 

In the formula, ( ) ( )( )sigmoid 1 1 expx x= + −  is the activation function, 
( ),N µ σ  refers to the Gaussian distribution of the average value µ  and the 

standard variance σ . 
In order to solve the problem of training speed of RBM, Hinton proposed the 

contrast divergence algorithm [19], which approximates the true value by Gibbs 
sampling, and cannot converge directly. 

The update criterion of RBM parameters are as follows: 

( )ij i j i jdata recon
w v h v hε∆ = − ,                (11) 

( )i i idata recona v vε∆ = − ,                  (12) 

( )j j jdata recon
b h hε∆ = − .                  (13) 

In the formula, ε  is the learning rate, “data” represents the expectation of 
training data, and “recon” represents the expectation of model distribution. 

2) DBN training 
When training a multi-layer DBN, MFCC extracted from speech is used as the 

input of the first RBM, and the RBM is trained one by one by using unsuper-
vised learning method. The train RBMs are stacked together, which is the pre 
training of DBN. Then, BP algorithm [20] is used to fine tune the parameters of 
each layer of DBN, and the error is transmitted back to correct it. 

3) Voiceprint depth feature extraction 
First, normalize the input original 24-dimensional MFCC features to make the 

feature distribution of each speaker satisfy 0iµ =  and 1iσ = . This can avoid 
the re-estimation of the training sample distribution. DNN is composed of 3 
RBMs, the network structure is 24-256-256-256, the output layer is the softmax 
function, and the voiceprint depth feature output layer takes the last hidden 
layer. Through this network, the 24-dimensional MFCC features can be con-
verted into 256-dimensional deep acoustic features. 

3.2. Speaker Identification Based on DBN-GMM 

In the DBN-GMM open set voiceprint recognition model, it is first necessary to 
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denoise and frame the speech signal, extract MFCC from it, then extract deep 
acoustic features from MFCC through DBN, and finally use GMM to confirm 
the speaker. In the training phase of the model, a GMM is established for each 
speaker in the set. The purpose of training is to estimate the parameters of the 
GMM. In the recognition phase of the model, the speech features to be tested are 
calculated with the sequence in the model library. The maximum value corres-
ponds to the identified speaker. 

GMM is a linear combination of several Gaussian functions used to represent 
the spatial distribution of acoustic features of each speaker’s training speech. 
Suppose the input voice feature of a speaker is { }1 2, , , NX x x x=  , and ix  is 
the D-dimensional feature vector. Then the GMM with the M blending degree of 
the speech feature training can be expressed as: 

( ) ( )
1

| |
M

k k k
k

p x w p xθ θ
=

= ∑ , 
1

1
M

k
k

w
=

=∑ ,             (14) 

kw  is the weighted factor of ( )|k i kp x θ , ( )|k i kp x θ  is the k Gaussian dis-
tribution model, which satisfies the following formula: 

( )
( )

( ) ( ) ( )1
2 1 2

1 1| exp
22

k i k k k kD
k

p x x u x uθ − ′= − − Σ −
Σπ




,     (15) 

In the formula, ku  is the average value, and kΣ  is the covariance matrix. 
Therefore, GMM can be expressed by the parameter { }, ,k k kw uθ = Σ . 

For the module parameter θ , usually maximum likelihood estimation is used 
to solve the problem, expressed as follows: 

( ) ( )*

1
arg max | arg max |

N

i
i

p X p x
θ θ

θ θ θ
=

= = ∏ .           (16) 

Due to the hidden variables in the model, it is difficult to solve the parameters, 
so EM algorithm is usually used to solve the parameters. 

( )
1

| ,
N

i
i

k

p k x
w

N

θ
==
∑

, 
( )

( )
1

1

| ,

| ,

N

i i
i

k N

i
i

x p k x
u

p k x

θ

θ

=

=

=
∑

∑
, 

( )( )

( )

2

1

1

| ,

| ,

N

i i k
i

k N

i
i

p k x x u

p k x

θ

θ

=

=

−
Σ =

∑

∑
. (17) 

DBN-GMM uses the deep acoustic features extracted by DBN as the input of 
GMM. Each speaker’s voice features form a specific distribution in a specific 
space, and these distributions can be used to describe the personality characte-
ristics of the speaker. By training the GMM, we can obtain the GMM similarity 
value with a high degree of distinction between those who belong to the set and 
those who do not belong to the set. Figure 1 below is the result obtained by the 
No. 2 speaker using a GMM with a mixing degree of 4. 

4. Open-Set Speaker Recognition Experiment Based on OTSU 
4.1. Speech Data Set and Acoustic Feature Description 

The audio used in the experiment is the Chinese speech data (THCHS-30) pub-
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lished by CSLT of Tsinghua University. In order to find the best model and the 
parameters corresponding to the model, this paper divides the data into training 
set, development set and test set (see Table 1 Shown), in which there are 8 
people in the training set and 8 audios per person. The development set and the 
training set are the same 8 people, each with 20 audios; the test set has 10 people 
(8 within and 2 outside), and each has 60 audios. 

The basic acoustic feature is that the frame length is 30 ms, the frame shift is 
15 ms, and the first-order difference 24-dimensional MFCC feature is spliced. 
Assuming that a certain audio segment has n frames, and the MFCC parameter  
of each frame is ( )1, 2, ,ix i n=  , the MFCC of this audio segment is recalcu-

lated as 
1

n
i

i

x
n=

∑ . 

DBN uses three-layer RBM (network nodes: 24-256-256-256) stacking, and 
the output value of the last layer of 256 nodes is used as the deep acoustic feature 
obtained by the 24-dimensional MFCC after DBN feature extraction. 

4.2. OTSU Adaptative Threshold Method Based on DBN-GMM 

In the DBN-GMM of a certain speaker, the signal similarity value of the speaker 
after inspection is approximately subject to a normal distribution, while the sig-
nal similarity values of other speakers approximately obey the gamma distribu-
tion (as shown in Figure 2). Since there are fewer voices that can participate in 
training in practice, and the signal similarity value is not enough to accurately 
represent the distribution of similarity values, two sets of random numbers are  

 

 
Figure 1. GMM similarity value distribution diagram of speakers inside and outside the 
training set and the development set. 

 
Table 1. Number of Speakers in and out of the Training Set, Development Set, and Test 
Set. 

 Training Set Development Set Test Set 

Number of 
people 

8 within set 0 outside set 8 within set 0 outside set 8 within set 2 outside set 

Total audio 
number 

64 0 160 0 480 120 
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generated according to the distribution of the similarity values of the speaker 
and other speakers (The histogram is shown in Figure 3). Finally, OTSU is used 
to determine the threshold in the random number set. 

The specific implementation steps are as follows: 
1) The 24-dimensional basic acoustic features MFCC are trained by DBN to 

obtain 256-dimensional deep acoustic features. 
2) The 256-dimensional deep acoustic feature is used as the input of GMM to 

calculate the similarity value of the feature. The average value of the similarity val-
ue of the feature outside the set is L1, and the average value of the signal similarity 
value in the set is L2, and the distribution of similarity values in the set and outside 
the set is checked according to the similarity values. 

 

 
Figure 2. Distribution of similarity values within and outside the set. 

 

 

Figure 3. Similarity value histogram. 
 

 
Figure 4. The relationship between false rejection rate and false acceptance rate. 
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3) According to the distribution of the similarity values of the speaker and 
other speakers, 1000 random numbers are generated, and the restriction condi-
tion is that the maximum value of the random numbers generated by the other 
speakers is not greater than the minimum value of the similarity value of the 
speaker. The minimum value of the random number generated by the speaker is 
not less than the maximum value of the similarity of other speakers. 

4) Calculate the probability ip  and average u of each similarity value i in the 
generated random number set. 

5) Calculate the ratio of the similarity value of the speaker and the similarity 
value of other speakers to the total random number ( )0 tω  and ( )1 tω , and the 
average value of the similarity value ( )0u t  and ( )1u t . 

6) Calculate the value of 2σ  according to formula (5), where the value range 
of t is ( 1L , 2L ), and record the values of 2σ  and t. 

7) Compare the value of 2σ , when 2σ  is the largest, calculate the t value at 
this time. When t takes this value, the variance between classes takes the maxi-
mum value, and a good distinction is achieved between inside and outside the set. 

4.3. Experimental Results and Analysis 

Tables 2-6 show the threshold determined by the method of OTSU, and the re-
sult of 5-ford cross-validation. The false acceptance rate of the speakers in the set 
is 0.35%, and the false rejection rate of the specific speakers is 3.00%. The false 
acceptance rate of outside speakers is 0. 

Currently, the “equivalent error rate” is commonly used to determine the 
threshold. The calculation formulas for the false rejection rate and false recep-
tion rate are as follows. 

False rejection rate = the number of corpus of speakers i that are falsely re-
jected/the number of corpus of speakers i that should be accepted. False accep-
tance rate = the number of corpus of other speakers who were incorrectly  

 
Table 2. Model recognition rate of No. 1 and No. 2 speakers outside the set. 

In-set speaker No. 3 No. 4 No. 5 No. 6 No. 7 No. 8 No. 9 No. 10 

Threshold 2.103 1.675 2.379 2.582 2.179 2.179 2.115 2.876 

In-set FAR 0 0 0 0 0 0 0 0 

FRR 0 0 1.67% 0 0 0 3.33% 5.00% 

Outside-set FAR 0 0 0 0 0 0 0 0 

 
Table 3. Model recognition rate of No. 3 and No. 4 speakers outside the set. 

In-set speaker No. 1 No. 2 No. 5 No. 6 No. 7 No. 8 No. 9 No. 10 

Threshold 2.229 2.022 2.175 2.429 2.227 2.537 1.869 1.971 

In-set FAR 0 0 0 0 0 0 0 0 

FRR 8.33% 1.67% 1.67% 1.67% 1.67% 0 3.33% 1.67% 

outside-set FAR 0 0 0 0 0 0 0 0 
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Table 4. Model recognition rate of No. 5 and No. 6 speakers outside the set. 

In-set speaker No. 1 No. 2 No. 3 No. 4 No. 7 No. 8 No. 9 No. 10 

Threshold 1.975 2.159 1.972 1.416 2.313 2.431 1.743 1.970 

In-set FAR 0 0 0 0 12.1% 0 0 0 

FRR 1.67% 8.33% 1.67% 0 3.33% 0 1.67% 0 

Outside-set FAR 0 0 0 0 0 0 0 0 

 
Table 5. Model recognition rate of No. 7 and No. 8 speakers outside the set. 

In-set speaker No. 1 No. 2 No. 3 No. 4 No. 5 No. 6 No. 9 No. 10 

Threshold 1.937 1.976 1.866 0.962 1.998 2.251 1.554 1.880 

In-set FAR 0 0 0 0 0 0 0 0 

FRR 8.33% 8.33% 0 13.3% 0 0 8.33% 10.0% 

Outside-set FAR 0 0 0 0 0 0 0 0 

 
Table 6. Model recognition rate of No. 9 and No. 10 speakers outside the set. 

In-set speaker No. 1 No. 2 No. 3 No. 4 No. 5 No. 6 No. 7 No. 8 

Threshold 2.229 2.644 2.363 2.308 2.393 2.632 3.082 2.614 

In-set FAR 0 0.24% 0 0 0 0 0 0 

FRR 8.33% 5.00% 13.3% 1.67% 0 0 1.67% 0 

Outside-set FAR 0 0 0 0 0 0 0 0 

 
accepted/the number of corpus of other speakers that should be rejected. Under 
the same experimental conditions, after experimental testing, the algorithm of 
equal error rate calculation threshold has a false rejection rate of 3.96% for spe-
cific speakers, a false acceptance rate of 0.38% for within speakers, and a false 
acceptance rate of 0.73% for outside speakers. 

The experimental results show that the proposed method based on the 
DBN-GMM model combined with OTSU to determine the threshold has a rec-
ognition rate of 99.32% for the speakers in the set, and a rejection rate of 100% 
for the speakers outside the set. The method of equal error rate has a recognition 
rate of 99.18% for within speakers and a rejection rate of 98.54% for outside 
speakers. Although the time complexity of the algorithm in this paper is ( )O n , 
if N random numbers are generated, the optimal threshold requires ( )1N N +  
addition and subtraction operations, 4N times multiplication and division oper-
ations, and N times squaring operations, which requires a large amount of cal-
culation. However, this algorithm is better than the traditional equal error rate 
method in the case of a small increase in complexity, whether it is the identifica-
tion of within speakers or the rejection of outside speakers. 

5. Conclusion 

This paper studies the determination of the open set Voiceprint recognition 
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threshold and proposes a dynamic threshold calculation model for the open set 
voiceprint recognition based on OTSU. This model has strong characterization 
ability for data, which further improves the recognition effect. In view of the in-
sufficient mining of interlocutor’s personality characteristics and poor modeling 
ability in traditional GMM-based recognition, a voiceprint recognition model 
combining DBN and GMM is proposed, and a nonlinear RBM-based DBN deep 
learning model is constructed. Its powerful modeling capabilities can dig out 
deep-level information of features, which is more suitable for voiceprint recog-
nition. The GMM is trained to calculate the similarity value of the signal, and 
OTSU is used to calculate the maximum inter-class variance of the signal simi-
larity value to determine the threshold, and it is tested and verified in the CSLT 
public voice database. Experimental results show that the algorithm for deter-
mining the threshold described in this article has higher recognition accuracy 
than the algorithm for determining the threshold with an equal error rate, and 
this method is feasible. 
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