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Abstract 
Emotion is an internal source, which can cause the speaker 
recognition system performance degradation by inducing 
extra intra-speaker vocal variability. Several enhancements 
have been applied to speaker recognition system under 
emotional speech. However, these methods suffer from the 
limitation of requiring the emotional speech in training or the 
emotion state of the speaker in testing. This paper presents a 
novel approach based on the Pitch-dependent Difference 
Detection and Modification (PDDM) to overcome the 
limitation above. In this method, only the neutral speech is 
used to train the speaker models and the emotional state 
information is not needed in the testing. Experimental results 
on MASC show that this method enhances identification rate 
by 4.7% in the best case compared to the traditional speaker 
recognition. 
Index Terms: speaker recognition, emotional speech, pitch 
segment, difference detection 

1. Introduction 
The performance of speaker recognition is affected by many 
factors, which are either from extrinsic sources (background 
noise and channel effect) or from intrinsic source (speaker’s 
health condition). In addition, emotion is another internal 
source, which can bring about negative influence on speaker 
recognition by inducing extra intra-speaker vocal variability. 
The mismatch of the emotion states in the training and testing 
causes unacceptably high error rates in automatic speaker 
recognition (ASR) systems. 

In order to improve the performance of ASR on emotional 
speech, several works have been done. Scherer [1][2] has 
presented an approach called “structured training” to enhance 
the robustness of ASR systems. However, this approach 
requires a large amount of emotional training data, which is 
difficult to obtain in the real-world applications. Wu[3] 
proposed a method that classifies the emotional states by 
acoustical features and generates emotion-added model based 
on the emotion grouping. Although the method can improve 
the ASR system on affective speech with limited emotional 
speech data, it is still unrealistic to ask the user to express 
different emotion in enrollment. Four ways are considered to 
overcome this limitation. Emotion-state conversion 
introduced in [4] generates the emotion models by training 
the emotion speech converted from neutral speech. Natural-
Emotion GMM Transformation Algorithm proposed in [5] 
converts the neutral GMM to produce various emotional 
GMMs. An emotion-dependent score normalization method 
[6] derived from H-norm is proposed to alleviate the effect of 
speaker-emotion variability. Lastly, Emotion Attribute 

Projection [7] derived from NAP, removes from the SVM 
expansion dimensions that are irrelevant to the speaker 
recognition problem on emotional speech. All the results from 
the four systems are reasonable, but it remains unresolved 
that all these ASR systems require the advanced information 
about the emotional state of the users in the testing process. 

In this paper, we study the difference between various 
emotions and propose a novel approach based on the Pitch-
dependent Difference Detection and Modification (PDDM) to 
enhance the performance of the ASR system. In this approach, 
neutral GMM built from the users’ neutral speech is used as 
the speaker model, and none emotional state information of 
the testing utterance is required.  The basic idea of this 
approach is to classify the test utterances into HD (High 
Different from neutral, and with high identification error rate) 
and LD (Low Different from neutral, and with low 
identification error rate) group, and only modify the segments 
with intense emotional information in the HD utterance to 
reduce the impact of unmatched emotion states in the training 
and testing. Experiments are performed on MASC and the 
promising result is achieved compared to the traditional 
speaker recognition. 

The rest of this paper is organized as follows. In Section 2, 
the emotional speech corpus is introduced. Section 3 analyzes 
various emotional speech based on pitch segment. The 
framework of system based on PDDM is described and two 
strategies used in PDDM are proposed in Section 4. Then, the 
experiment strategies and the results are presented in Section 
5. Finally, conclusions are drawn in Section 6.  

2. Database  
We performed our experiments on a large emotional speech 
database Mandarin Affective Speech Corpus (MASC) [8]. 
The database contains the recordings of 68 native Chinese 
speakers (23 female and 45 male) and five kinds of emotional 
states: neutral, anger, elation, panic and sadness. Each 
speaker utters 5 phrases, 20 sentences for three times in each 
emotional state and 2 paragraphs in neutral only. These 
materials cover all the phonemes in Chinese. This corpus is 
constructed for prosodic and linguistic investigation of 
emotion expression in Mandarin. The whole corpus contains 
25,636 utterances, which consists of 5100 phrases, 20400 
sentences and 136 paragraphs. 

 In this paper, only the sentences and paragraphs of the 68 
speakers were used. We divided the corpus into two parts: the 
utterances of the first 18 speakers (7 females and 11 males) as 
the development subset to optimize the parameters for the 
PDDM based system and the remains as the evaluation subset 
to evaluate its performance.  
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3. Pitch-segment based emotion analysis 

3.1. Pitch segment (PS) 

Since the pitch contour can have discontinuities due to 
unvoiced speech regions, the speech could be easily 
segmented by detecting the points where the pitch contour 
appears or disappears. The segment boundaries are defined as 
the voiced speech region boundaries. In this paper, we define 
a segmentation which contains none zero pitch value as a 
pitch segment. Set }1,,1,0|{ −== NnjJ n

10&0|, −≤<≤≠ Nlkjl n

 as a pitch 
sequence of an utterance, where the N is the number of frame 
in the utterance, we define any segment 

as a pitch 
segment (PS). Figure 1 shows an example of PSs in a given 
utterance. The pitch segment mean (PSM) is given by the 
equation: 
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Figure 1: An example of pitch segments in a given 
utterance. 

3.2. Pitch-segment analysis for emotional speech 

For only the neutral speech is used to train the speaker models, 
it is necessary to analyze the difference between neutral 
speech and the others. The pitch contour has been shown to 
vary depending on the emotional state being expressed. In 
this section, we first study the difference of the PSM 
distribution between various emotional utterances and neutral 
utterances, and divide the five emotions into two groups. 
Then the thresholds of PSM are decided to distinguish the two 
group PSs. 

3.2.1. Pitch-segment based difference analysis 

In general, female speech has higher pitch (200-500Hz) than 
male speech (75-250Hz). Thus, we study the distribution of 
PSM for the males and the females separately. Figure 2 shows 
the probability distribution of PSM for the first 7 males with 
all the 20 sentences for the first time in development subset.  
[0,500] is divided into 50 equal intervals with 10Hz width 
each and the proportion of frame whose PSM falls in each 
interval is counted. For instance, the 150Hz on the abscissa 
represents the interval (150, 160], and the value on the 
ordinate corresponding to 150Hz represents the proportion of 
frame whose PSM falls in (150,160] for each emotion. From 
Figure 2, neutral and sadness have similar probability 
distribution of PSM, and so as the other three emotions. 
Furthermore, the PSMs of most pitch segments in neutral and 
sadness utterances are smaller than these in the other three 
ones. The similar distribution can be found in utterances of 

female except that all the PSMs of female are much higher 
than the males’. 

In addition, the results of baseline in Table 1 show that 
the identification results for speech in neutral or sadness 
greatly outperforms those in anger, panic or elation while 
testing on neutral model. Basing on the difference above, we 
partition the five emotions into two groups: HD (High 
different from neutral, including anger, elation and panic) and 
LD (Low different from neutral, including neutral and 
sadness) group.  

 
Figure 2: Probability distribution of PSM for the first 
7 males under the five emotion states. 

3.2.2. Classifying the two groups of PSs 

Generally, it is difficult to apply a general emotion 
recognition technology to classify the two groups of the PSs, 
with the considering that the length of a PS is too short. In 
this paper, we study the probability distribution of PSM under 
the two groups of emotions for male and female separately. 
Figure 3 respectively shows the probability distribution of 
PSM for the first 7 males with all the 20 sentences for the first 
time and the distribution of PSM for the first 7 females in 
development subset. From the figure, the PSM of most LD 
group PSs are smaller than the PSM of HD group PSs. In 
order to distinguish the two groups of segments, we set 
156Hz as the male’s threshold and 250Hz as the female’s. 
According to experimental statistics of the male utterances in 
development subset, 80.1% frames of the LD group emotional 
utterances falls in the PSs with PSM smaller than 156Hz, 
while 80.1% frames of the HD group above 156Hz. For the 
female, 76.5% frames of the LD group emotional utterances 
falls in the PSs with PSM smaller than 250Hz, while 76.5% 
frames of the HD group above 250Hz. 

 
Figure 3: Probability distribution of PSM for the first 
7 males and females under the two group emotions. 
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Figure 4: The framework of system based on PDDM

4. Applying Pitch-dependent Difference 
Detection and Modification (PDDM) to 

emotional speaker recognition 
In this system, the cepstral feature of the test utterance is 
modified before testing on GMM-based system [10] to 
alleviate negative effects of emotion. Figure 4 shows the 
framework of system based on PDDM. The training process is 
just the same as the traditional GMM-based system. In the test 
process, we first extracted MFCC and prosodic features from 
the test utterance; then the threshold of PSM to classify the 
segments in the utterance belong to HD or LD was set based 
on the gender information obtained from gender recognition 
[11] method.  We used K-NN Classifier to judge the utterance, 
and only the MFCC of the utterance belong to HD group were 
modified (see 4.3 for details). At last, the MFCC produced by 
PDDM were tested on the neutral speaker model. 

4.1. Gender Recognition 

Gender recognition is a general audio classification problem 
with two classes: male speech, and female speech. In this 
paper, two GMMs are built from development subset by EM 
algorithm as the gender models. Given an utterance, the 
MFCC feature is extracted and tested on the two gender 
models to produce the likelihood scores. The utterance is 
classified as the gender having higher likelihood score on that 
gender model. 

4.2. Difference detection 

The aim of difference detection of emotional speech is to 
classify the utterance into two groups: HD and LD. In this 
process, the prosodic features chosen for distinguishing the 
two groups comprised utterance-level statistic obtained from 
the pitch (F0) and energy information of speech signal. These 
parameters included the mean, median, standard deviation, 
maximum, and minimum both for pitch and energy. For the 
utterance-level statistic features calculation, only the voiced 
regions were taken into account. 

We used K-NN with  as the classifier to classify 
the two emotion groups. For the high difference between the 
pitch and energy contour for male and female, we did this 
processing separately for male and female. In practice, all the 
features with two group labels extracted from the male speech 
development subset were used as the query instance to the 
training samples of male K-NN classifier, while the labeled 
features from the female speech as the query instance of the 
female’s. 

10K =

4.3. Pitch-segment based modification 

In the real application, the training speech of a speaker can 
involve only one type of emotion (usually neutral), while the 
testing speech may be uttered in other different emotions. 
From Table 1, the recognition performance for speech under 
the three emotion states in HD group declines more than that 
for speech under the states of emotions in LD group. [12] 
shows that spectral features do vary under the change of pitch. 
Therefore, two strategies were presented to improve the 
performance of ASR system. The first one is scaling the mean 
and standard deviation of MFCC for the HD segments to 
match the remains in the utterance. The other one is just 
pruning the MFCC for the HD segments from the utterance. 
The detail algorithm is as follow: 
Step 1: Set 156=gδ , if the utterance is classified as male; 

else 250=gδ  (see Section 3.2.2). 

Step 2: Partition the utterance into the set of pitch segments 
(PS). The boundaries of PSs are represented as 

NesKnesPS nnnn <<≤−== 0},1,,1,0|),{(

ne

}1,,1,0|{ −=

 where  

is the start index of the nth PS,  is the end index of the nth 
PS and K is the number of PS in the utterance. The 
corresponding PSM is 

ns

= KnhH n . 

Step 3: Select the PS with  higher than  as HD group 

PS (HPS), and the remaining part of the utterance as LPS. If 
there is no  higher than , go to step 5. 

nh

g

gδ

nh δ
Step 4:  
Scaling strategy: Scale MFCC vectors whose corresponding 
pitches belong to the set of HPS according to the equation: 

               (2) LLHHXX μσσμ +−= */)(~

where X is a MFCC vector belonging to the set of HPS. Hμ  

and Hσ  represent the mean and standard deviation of MFCC 
vectors whose corresponding pitch falling in the set of HPS. 
Respectively, Lμ  and Lσ  are the mean and standard 
deviation of MFCC vectors remained.  

Pruning strategy: Prune all the MFCC vectors whose 
corresponding pitches belong to the set of HPS. 

Step 5: Output the MFCC vectors. 
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5. Experiments 

5.1. Experiment Strategies 

In the system of PDDM, 13-dimensional MFCC plus delta was 
taken as a feature vector, where the MFCC feature vector was 
computed with 32ms frame length every 16ms. The prosody 
features, including pitch and energy, were extracted using 
praat[9] by a 32ms window progressing at a 16ms frame rate. 
The GMM consisting of 32 Gaussian mixtures was used as 
classifier in this system. In evaluation subset, the two 
paragraphs of each speaker were used for training the speaker 
model by EM algorithm and all the sentences for testing. 
Three experiments were designed to evaluate the performance 
of the PDDM:  

• Baseline: In this experiment, MFCC vectors extracted 
from the utterance were tested on the speaker models 
without any special work. 

• PDDM (scaling): In the Gender Recognition, two 1024-
GMMs, male and female model, were built from the 
development subset (all the utterances of 11 males for 
male model and the remaining part for female model).  
In the difference detection of emotion speech, all the 
sentences of the first 7 males in development subset 
labeled with two classes were used as the query instance 
to the training samples of male emotion difference 
detection classifier, and the first 7 females in 
development subset as the female’s. In the Pitch-
segment based modification, the scaling strategy was 
used. 

• PDDM (pruning): All the setting were the same as the 
second experiment, other than the pruning strategy was 
applied in pitch-segment based modification instead of 
the scaling strategy. 

5.2. Experimental results 

Table 1. The Identification Rate (IR) of Baseline and 
PDDM. 

IR (%) Method 
  

State Baseline PDDM 
(scaling) 

PDDM 
(pruning) 

Neutral 94.4 93.2 93.3 
Anger 21.8 29.3 32.1 
Elation 22.7 30.1 32.6 
Panic 26.3 31.1 31.8 

Sadness 51.1 50.5 50.2 
Mean 43.3 46.8 48.0 

 
The detail Identification Rate (IR) of baseline and PDDM on 
the evaluation subset are shown in Table 1. The result of 
experiment 3 excelled experiment 2 and the best system 
improved the IR under the emotional speech of anger, elation 
and sadness by 10.3%, 9.9% and 5.5% comparing to the 
baseline. However, the performance of all the two proposed 
strategies in PDDM algorithm slightly decline under the 
emotional speech of neutral and sadness. Two reasons might 
cause this declining of the system performance. The first one 
is mistaking the female utterance for male (EER=94% for 
Gender Recognition), which caused all the segments in the 
utterance being classified as HD group by error. The other one 
is the error in the process of difference detection of emotion 

speech (EER=82%), which might bring negatively 
modification on the LD group utterance. Beside the 
performance declining under the emotional speech of neutral 
and sadness, the two systems PDDM improved the IR by 3.5% 
and 4.7% in total. 

6. CONCLUSIONS 
In this paper, by analyzing the difference of the system 
performance with different emotions on neutral model and the 
pitch distribution between various emotional utterances and 
neutral utterances, we divided the five emotions into two 
groups: HD and LD. A novel approach based on PDDM is 
introduced to enhance the performance of the ASR system. 
This method conquers the limitation of needing the speaker 
emotional voice in training or the emotion state of the speaker 
in testing in other speaker recognition system. Furthermore, 
experimental results on MASC show this method enhance 
identification rate by 4.7% in the best case. In future work, 
more effective algorithm of difference detection of emotion 
speech is suggested to be employed in this system to classify 
the two groups, and the system based on the PDDM will be 
tested on more emotion speech corpuses. 
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