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摘  要
         

         

说话人识别作为现代生物信息识别中的一项重要技术，依据语音信号确认说话人身

份。从1999年起，历年NIST测评结果显示，GMM-UBM识别框架使用统一背景模型自

适应出目标说话人模型，能更好地表征说话人个性特征。由于GMM建模只是对目标

说话人一类数据进行的，直接采用GMM似然度得分进行分类具有计算量大、区分能

力不佳等不足之处；将GMM均值超向量作为SVM分类器的输入，采用非线性核函数进

行二分类，一定程度上提高了说话人识别性能，但是数据的不平衡和两类数据的混

叠问题对分类效果影响较大。稀疏表示理论指出可压缩信号能够在某个空间中由最

能反映信号特征且数量最少的原子线性表示，表征同类信号的基原子分布密集，对

不同类信号的表征具有很强的区分性，可实现信号的分类。本文深入研究语音信号

的稀疏表示方法，实现了基于稀疏表示的说话人确认系统。本文主要工作及取得的

成果如下：

(1)、系统分析了稀疏表示理论，对语音信号的稀疏表示方法进行了研究。鉴于语

音信号的稀疏性和可重构性，对语音信号进行稀疏表示是可行的，并且稀疏表示方

法采用分布密集的基原子表征同类信号，对不同类信号的表征具有很强的区分性。

因此，利用稀疏表示对语音信号进行分类，能够取得很好的效果。

(2)、提出了基于稀疏表示的说话人确认系统GMM-SRC，在GMM-UBM基线系统的基础

上，使用目标说话人和背景说话人的GMM均值超向量构建字典，通过 范数最优化方

法求解稀疏表示系数，再利用重构误差进行识别。在NIST06年语音数据库上进行说

话人确认实验，结果显示，GMM-SRC系统的等错误率比基线系统降低了1.27%。进一

步提出了GMM-SRC和GMM-UBM的说话人确认融合系统，在分数域将两种系统进行融合

，相比于基线系统，等错误率降低了2.35%。

(3)、针对GMM-SRC说话人确认系统，提出了一种改进的字典学习方法，在字典的更

新过程中加入分类信息，采用D-KSVD算法训练字典，使生成的字典同时具有稀疏表

达和分类能力。进一步，实现了基于D-KSVD的说话人确认系统，其获得的等错误率

相比于基线系统降低了3.32%。

         

关键词：说话人确认；稀疏表示理论；字典学习；D-KSVD
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Abstract
         

         

Speaker recognition as an important technology in modern biological information

recognition area, it can confirm the identity of speaker based on the speech

signal. Since 1999, NIST speaker recognition evaluation results show that, GMM-

UBM recognition framework which gets target speaker GMM model from

universial background model (UBM) adaptively can better characterize the

speaker’s personality. However, GMM is just trained from the target speaker

training data which is only one class, also, directly using GMM likelihood scoring

to classify has shortages of large computation and poor classification ability. SVM

classifier using GMM mean super vector as input, through non-linear kernel

function carry out binary classification, to some extent, it improves the

performance of speaker recognition. But SVM has much difficulty in handling the

unbalance and great deal of data. Sparse representation theory proves that

compressible signal could be seen as a linear combination of base elements from

the same class which most of the coefficients are zero, can realize signal

classification. In this article, we delved the sparse representation methods of

speech signal and proposed a speaker verification system based on sparse

representation. The main research contents and results are as follows:

(1).Analysed the sparse representation theory systematically and studied the

sparse representation method of speech signal. Due to speech signal’s sparse

and reconfigurable ability, it is feasible to do sparse representation of speech

signal. In addition, sparse representation theory proves that compressible signal

could be seen as a linear combination of base elements from the same class.

Therefore, using sparse representation to classify speech signal can achieve well

results.

(2).This thesis proposed a speaker verification system based on sparse

representation GMM-SRC. On the basis of the GMM - UBM baseline system, we
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built dictionary by the target and background speakers GMM mean supervector,

then computed sparse coefficients by   minimization, got the results by

reconstruction error at last. Experiments on NIST06 showed that comparing with

GMM-UBM baseline system, 1.27% relative reduction was achieved in EER.

Further, we proposed a fusion system of GMM-SRC and GMM-UBM, comparing

with GMM-UBM baseline system, 2.35% relative reduction was achieved in EER.

(3). For GMM-SRC speaker verification system, this thesis proposed a new

dictionary learning method. Adding classified information in the dictionary

updating  process, and then used the D-KSVD algorithm to train the dictionary.

Allowing  the performance of a linear classifier and the representational power of

the dictionary being considered at the same time. At last, we proposed a speaker

verification system based on D-KSVD. Comparing with GMM-UBM baseline

system, 3.32% relative reduction was achieved in EER.
         

Keywords: speaker verificationsparse representationdictionary learningD-KSVD
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