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Abstract
In this paper we present a new framework for emotion 
recognition from speech based on a similarity concept called 
Weighted Ordered Classes-Nearest Neighbors (WOC-NN). 
Unlike the k-nearest neighbor, an instance-similarity based 
method; WOC-NN computes similarities between a test 
instance and a class pattern of each emotion class. An emotion 
class pattern is a representation of its ranked neighboring 
classes. A Hamming distance is used as distance metric, 
enhanced with two improvements: i) weighting the importance 
of each class rank of each neighborhood pattern and ii) 
discarding irrelevant class ranks from the patterns. Thus, the 
decision process in WOC-NN exploits more information than 
Bayes rule which makes use only of the information about the 
model class that minimizes Bayes risk. This extra information 
allows WOC-NN to get more accurate prediction. Also, the 
results show that the proposed system outperforms the result 
of state-of-the art systems when applied to the FAU AIBO 
corpus. 
Index Terms: similarity-based classification, GMM, 
neighborhood pattern, feature selection, logistic regression 

1. Introduction 
Emotion recognition from speech has received a significant 
interest from researchers in recent years. Among the efforts 
obtained in this field, we particularly mention the collection of 
an increasing number of spontaneous emotional speech corpus 
made publicly available (e.g., FAU AIBO [1] and VAM [2]). 
These data allowed the extraction and investigation of several 
thousands of acoustic and linguistic features for the emotion 
classification task [3]. Despite these efforts, an important 
confusion between classes still characterizes the emotions 
classification.  

The methodology presented in this paper aims to attenuate 
this confusion by acting at the classification level, using the 
maximum information available at the decision time. Instead 
of assigning a test utterance relying on the class model which 
maximizes the a posteriori probability only, this method makes 
use also of the information about the score rank of other class 
models. For this purpose, each instance or class of data is 
characterized by a representation based on dissimilarity (or 
similarity) relations between classes. A commonly-used 
method to classify instances represented by dissimilarities is 
the k-nearest neighbors (kNN) rule [4]. Regardless of its 
simplicity, the kNN rule, compared to more complex 
classifiers, often yields competitive results. However, kNN 
search suffers from two inherent disadvantages i) its relatively 
high computational complexity and large storage requirements 
at test time and ii) its sensitivity to noisy samples which leads 
to a potential loss of accuracy. 

The new presented method, which we call Weighted 
Ordered classes – Nearest Neighbors (WOC-NN), though is 

based on similarity approach such as kNN, permits to alleviate 
the two shortcomings. Unlike kNN – an instance similarity-
based method, WOC-NN is a class similarity-based method. 
That is, in test time we search for similarity of an object with 
the class patterns as a substitute to the search of adjacent 
neighboring samples, what makes our method more insensitive 
to noisy instances. As a second advantage, WOC-NN makes 
use of the training stage to learn the class patterns which also 
contrasts with kNN, a method without a training stage. These 
class patterns are used in classification during test time. 
Therefore the order of complexity of the search time and 
storage capacity is dramatically reduced from the size of the 
training data to the number of classes of the classification 
problem.  

The proposed framework is composed of two levels: 
modeling and classification. The modeling level constitutes 
the front-end system where each emotion is represented 
relatively to each other using similarity based on likelihood 
scores. The ranks of classes corresponding to the ordered 
scores constitute a neighborhood pattern used as feature 
vector for the second level system of the framework. The 
classification level concerns the prediction of the class output 
based on these neighborhood patterns.  

The remainder of the paper is organized as follows: The 
concept of weighted ordered class pattern is introduced in 
section 2 and section 3 details how the front-end system 
produces these neighborhood patterns. Then the classification 
system is described in section 4. In section 5, our approach is 
evaluated and compared with Bayes rule and with the state-of-
the art before concluding in the last section. 

2. The concept of weighted ordered class 
pattern

In the Bayes decision rule, the predicted class of test data 
corresponds to the class that minimizes Bayes risk. When all 
types of errors have the same costs, the decision formula is 
simplified and corresponds to the class that maximizes the a 
posteriori probability or the likelihood score if the a priori 
probabilities of all classes are equals. In the rest of the paper 
we assume that all classes have the same a priori value. The 
maximum likelihood score alone is not always sufficient to 
ensure that the predicted class is the true one especially for 
ambiguous data. In the proposed framework, rather than 
basing the classification on a single score we will associate all 
other class scores in the decision process and with different 
levels of importance. Therefore the process decision based on 
the maximum value can be considered as a special case of 
WOC-NN where the level of importance of each model score 
is null except for the one that maximizes the likelihood scores. 

The decision rule in WOC-NN is based on pattern 
matching between test data and target class pattern. Each 
emotion class Ei is characterized by a neighborhood pattern 
which represents the set of all emotion classes ordered with 
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respect to their closeness to the class Ei. The order of class 
reflects the degree of similarity with the class Ei relatively to 
other classes. In the test phase, the neighborhood pattern of 
the test data is generated and compared to each neighborhood 
pattern of each class. The distance metric used in the 
comparison is the sum of differences between the rank classes 
of the two neighborhood patterns, known as Hamming 
distance. The target class of the test data corresponds to the 
class whose neighborhood pattern gets the minimum distance, 
i.e., the class which has the higher number of similar neighbor 
classes with the test data. Since not all class ranks in the 
neighborhood pattern have the same power of discrimination, 
each rank class in the pattern is weighted by a coefficient 
value proportional to the degree of its discrimination. As 
further improvement, we also proceed to a feature selection 
procedure on the set of classes of the neighborhood pattern in 
order to keep only classes which increase the prediction 
precision of the correct pattern of each class. 

3. Neighborhood pattern feature space
In the front-end system, acoustic features are extracted and 
used to learn the model of each emotion class. The Gaussian 
Mixture Model (GMM), a generative model, is used as 
function of probability density estimation to compute 
likelihood scores of the data. These likelihood scores are then 
used to generate the ranked neighborhood classes of each 
emotion class with respect to their proximity. The degree of 
proximity is based on the likelihood values of each model 
class. More the likelihood scores of two models are close to 
each other more the classes associated with the two models are 
considered as tightly adjacent classes and vice-versa.  

3.1. Cepstral features 
The Mel-Frequency Cepstral Coefficients (MFCC) are used as 
input features of the front-end system. Each MFCC vector is 
composed of the first 13 coefficients including C0 (as the 
energy component) plus their first and second derivatives. The 
MFCC coefficients are calculated at every 10 ms using a 25 ms 
Hamming window. The derivatives of the coefficients are 
calculated using a 5 frame window. The Cepstral features are 
extracted using HTK toolkit [5]. 

3.2. Classifier model and likelihood scores 

Let  be C emotion classes. Each emotion class ECEEE ,...,, 21 i 
is modeled by a GMM model, i� , with diagonal covariance 
matrices. The model parameters �i are estimated using the 
maximum likelihood method. The likelihood of the training 
data is maximized using the Estimation-Maximization 
algorithm [6]. 

Let  represent a set of cepstral vectors of speech data 
and  represents the likelihood vector for over the C 
models as shown in equation (1). The GMM models are used 
to compute two types of likelihood scores: i) instance 
likelihood vectors; and ii) class likelihood vectors of an 
emotion category. 
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The class likelihood score of an emotion class is 
computed using all utterances of this class, gathered and used 
as a whole. 

3.3. Ranked Neighborhood Pattern 
Each emotion class is represented by a vector of emotion 
classes ordered from the nearest closed one to most far one. 
These ranks are obtained by sorting the likelihood scores li of 
the vector , where X̂ �� ii XPl �� , in descending order:  
 

Crrr lll ��� �
21

 (2) 

 The rank vector r of equation (3) constitutes either a 
class rank of an instance pattern or of a class pattern 
depending on whether r is generated from an instance 
likelihood or class likelihood vector respectively. For 
shorthand, in the rest of this paper, we will use the expression 
of neighborhood pattern to address both types of patterns. 
    

 �TCrrr �21�r  (3) 
 
where ri take their values from the set of emotion classes. 
 

4. Classification system 
This section details how the classification system uses these 
neighborhood patterns for emotion recognition. 

4.1. Similarity distance metric 

Let and r r�denote the neighborhood patterns of a test 
utterance X and a class emotion Ei respectively. The distance 
between and r r� is computed using Hamming distance 
expressed as: 
 

� � � �jjH rrjD ���� :#,rr  (4) 
 
To simplify the distance notation, it is helpful to introduce a 
C-dimensional vector v, with indicator element vj = 1 if 

jj rr �� and vj = 0 otherwise. We will refer to v as a distance 
pattern. When a distance pattern v between two neighborhood 
patterns  and r r�  has all its elements equal to zero, this 
corresponds to the ideal case where X and Ei share the same 
neighborhood pattern, and so X is of class Ei. 

4.2. Class rank weighting 
The direct use of this metric for the classification suffers from 
two drawbacks. The first one concerns the important amount 
of data classified as ambiguous. This is due to the nature of the 
metric that returns discrete values and to the small number of 
classes. For example, in the case of a C-class problem, the 
possible values of the metric are  i.e., 

different values. The small cardinality of this set 
increases the probability that more than one class gets the 
same minimum distance value for a test data. For instance, 
when this metric is applied to FAU AIBO test corpus, 30.50% 
of data are classified as ambiguous. Secondly, the direct use of 
the Hamming distance supposes that each class rank of a 
neighborhood pattern has the same power of discrimination as 
other ranks. This is misleading particularly for the first rank 
(the model which maximizes the likelihood score) as we can 
verify further in the experiment section. These considerations 
motivate the use of a modified version of Hamming distance 
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where we introduce a vector of coefficients, 
, to weight each rank of the 

neighborhood pattern, where w
 T

iCiii www �21�w �
ij represents the weight 

coefficient of rank j of the ith class neighborhood pattern. The 
new metric, is expressed as (5).  
 

� � vwrr T
iwH ��,D  (5) 

 
The weights ranks are obtained by measuring the 

importance of each rank for each neighborhood pattern 
separately. Thus each neighborhood pattern of an emotion 
class Ei has his distinct weight vector wi. To estimate these 
weights the C-class classification problem is transformed to a 
two-class problem: discrimination between correct and wrong 
distance patterns using logistic regression function. 

4.2.1. Training data generation 
To estimate the rank weighting vector wi, the training 
subsystem admits as input the distance pattern vector v 
composed of C binary variables. The vector vi of class i is 
generated as follows: Let be a neighborhood pattern of an 
instance data x

ir

i of class i. For each vector , we will generate 

C distance pattern vectors, . Each  vector is 
generated by comparing the elements of the vector with 

elements of the neighborhood pattern vector, , of each of 
the C classes. Among these C distance patterns , the vector 
whose indexes k and i are identical, will represent the data of 
the class i and its output is labeled as 1. The remaining C-1 
distance patterns will represent incorrect distance patterns of 
class i and their outputs are labeled as 0. This means that the 
generated training data for each class i are composed of valid 
patterns and wrong patterns. The correct patterns are those 
obtained when the vectors of the class i are compared to the 
neighborhood pattern of the same class i, in order to get all 
possible correct distance patterns. The wrong patterns are 
obtained when  is compared with neighborhood pattern of 
other classes. 
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4.2.2. Logistic Regression 
The weight vector wi of the neighborhood pattern class i is 
estimated using logistic regression, a discriminative model 
of the following form: 
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where y is the target class label of the distance pattern v (y = 1 
for a valid or 0 for a wrong distance pattern). The weight 
vectors are computed using Weka software [7]. 

4.3. Dimensionality reduction 
In the proposed framework each neighborhood pattern is seen 
as a feature vector. As any classical classification problem, not 
all possible features extracted are relevant for classification. 
Some classes in the neighborhood pattern may not be enough 
representative of dissimilarity between neighborhood patterns 
and should be discarded. For a dimensionality reduction task, 
we will require no other additional algorithm for the following 
reason. The method used for training data generation and 
particularly the choice of the output class labels (correct and 

incorrect patterns) allows us to make use of the logistic 
regression results, applied in the weights learning stage, as 
support for the feature selection. In logistic regression, when a 
weight coefficient has a positive value, this indicates that the 
associated class has a positive impact in the logit probability 
of 1�y  class prediction, therefore in the recognition of 
correct patterns. Conversely, a class with negative coefficient 
has the effect of decreasing the probability to recognize the 
correct patterns and can therefore be considered as harmful 
feature and has to be removed from the pattern. The new 
weight vector is computed as follows: ŵ
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5. EXPERIMENTAL RESULTS 
In order to measure the prediction performance effect of each 
element of the WOC-NN framework, we conduct six 
experiments. The OC-NN represents the basic version of 
WOC-NN when the Hamming distance metric is directly used. 
The Shared-WOC-NN system corresponds to the WOC-NN 
system when shared coefficients weights are used for all 
patterns. The WOC-NN-WFS is the equivalent WOC-NN 
system without feature selection procedure. Finally, GMM-
Bayes represents the baseline system where the decision is 
based on Bayes rule without the use of the dissimilarity 
measure. 

5.1. Speech emotion corpus 
The proposed framework is tested using the FAU AIBO 
emotional speech corpus. The dataset consists of spontaneous 
recordings of German children interacting with a pet robot. 
The corpus, composed of 9959 chunks for training and 8257 
chunks for testing, are labeled in five categories: Anger, 
Emphatic, Neutral, Positive (composed of motherese and 
joyful) and Rest (consisting of emotions not belonging to the 
other categories). 

5.2. Results discussion 
The results presented in this paper are optimized to maximize 
the unweighted average (UA) recall measure and secondly the 
weighted average (WA) recall (i.e. accuracy) given that FAU 
AIBO emotion classes are highly unbalanced and also to share 
the same measure used in Interspeech 2009 Emotion 
Challenge. Thus, our results can be compared with the state-
of-the art. The parameters of the proposed framework are 
tuned based on training data using 9-fold cross validation 
method.  

 

Table 1.  Neighborhood Patterns of FAU AIBO Train Data 

Ranks Classes First 2nd 3rd 4th 5th 
A A E R N P 
E E A N R P 
N N R E A P 
P P R N E A 
R R N E A P 
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For the GMM model of the front-end system, the numbers 
of Gaussian components experimented are 2, 4, 8 to 1024 and 
the best UA results is obtained with 64 Gaussian mixture. 
Subsequently, the likelihood scores used for neighborhood 
patterns generation are computed using the 64-GMM model. 
Table 1 shows the neighborhood patterns obtained for each 
emotion class of FAU AIBO corpus. For example, we note 
that the most similar emotion to the class A is the class A 
itself, followed by the class E which represents the first near 
neighbor and then followed by the class R. The class P is the 
most distant class to A, which means that P is the most 
dissimilar class from A. 

 

Table 2. Weights of neighborhood pattern ranks of each 
emotion class of FAU AIBO corpus 

Coefficients Classes First 2nd 3rd 4th 5th 
A 1.906 -0.383 0.193 0.583 0.479 
E 1.758 -0.545 0.160 0.037 0.552 
N 1.512 0.356 -0.679 0.493 0.050 
P 1.568 0.970 0.745 -0.175 0.812 
R 0.662 -0.464 -0.816 0.729 0.089 

 

The weight coefficients of each neighborhood pattern rank 
of Table 1 are shown in Table 2. From this table, interesting 
results can be underlined. First, we note that not all classes are 
efficient for neighborhood patterns characterization. As we 
can see in Table 2, all emotion classes have one irrelevant rank 
class in their patterns except for the class R which has two. 
We also observe that all neighborhood patterns have the same 
irrelevant rank which corresponds to the class E (except for its 
own neighborhood pattern).  

As expected, we also note that the first rank has by far the 
most important weight in the decision process for the most 
classes except the neighborhood pattern of class R. To explain 
why this occurs, we analyze the confusion matrix of the front-
end system based on GMM models and Bayes decision rule. 
The confusion matrix shows that the class R is the most 
difficult class to recognize - as also reported by other authors 
[8]- with an accuracy equal to 23% (since R is not an emotion 
class but a fusion of several classes). Therefore, the model 
associated to the class R does not give enough reliable score 
and this is reflected in the weight class value of the 
neighborhood model. 

 
Table 3. Comparison of different systems 

performances tested on FAU AIBO corpus 

Recall [%] Systems UA WA 
GMM-Bayes 41.05 41 

OC-NN 37.43 24.97 
Shared-WOC-NN 41.05 41.37 
WOC-NN-WFS 41.33 41.2 

WOC-NN 42.47 41.1 
Lee et al. (Bayesian logistic 

regression)[8] 41.3 43.9 

Kockmann et al. (fusion of 2 
joint factor analysis systems)[9]  41.7 - 

 

From the results of Table 3, we note that the performance 
of nearest neighbor's classes system without weighting the 
ranks (OC-NN) gives worse results than the baseline system. 
The application of shared weight coefficients for all class 

patterns gives similar performance than the baseline. 
Moreover, applying weights to classes’ ranks learned 
separately for each neighborhood pattern gives slightly better 
performance than GMM-Bayes. 

Furthermore the feature selection procedure applied on the 
neighborhood pattern improves results and gives a relative 
gain of 3.46% compared with GMM-Bayes system. Finally, 
when compared to the best single system performance [8] and 
to the best combined systems performance [9] of Interspeech 
2009 Emotion Challenge, our WOC-NN method exceeds 
relatively their performances by 2.83% and 1.85% 
respectively. 

 

6. Conclusion
This work introduces WOC-NN as a new approach for 
classification based on class-similarity. The decision rule in 
WOC-NN is based on weighted Hamming distance metric 
calculated between instance and class neighborhood patterns. 
By using ranks of other classes, the decision process benefits 
from more information than Bayes rule that can be very 
valuable for prediction. The experiments conducted on FAU 
AIBO corpus confirm this assertion and show that WOC-NN 
approach enhances the relative UA recall performance with 
3.46% compared to Bayes rule. Also, the obtained result 
outperforms the results of state-of-the art for both single and 
combined systems.  

In this paper, we have modeled each rank class variable 
independently of each other. As future work, we will study the 
effect of modeling the interaction between these class rank 
variables on the discriminative power of the neighborhood 
pattern. 
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