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Abstract 
 Cultural differences have been one of the many factors 

that can cause failures in speech emotion analysis. If this 
cultural parameter could be regarded as noise artifacts in 
detecting emotion in speech, we could then extract pure 
emotion speech signal from the raw emotional speech. In this 
paper we use the amplitude spectral subtraction (ASS) method 
to profile the emotion from raw emotional speech based on the 
affection space model. In addition, the robustness of the 
cerebellar model arithmetic computer (CMAC) is used to 
ensure that all other noise artifacts can be suppressed. Result 
from the speech emotion profiling shows potential of such 
technique to visualize hidden features for detecting intra-
cultural and inter-cultural variation that is missing from 
current approach of speech emotion recognition.  

Index Terms: Affection space model, emotion profiling, 
amplitude spectral subtraction (ASS), intra-cultural and inter-
cultural assessment, cerebellar model arithmetic computer 
(CMAC). 

1. Introduction 
Human are able to perceive emotion based on speech 

regardless of their nationality. To date, most researchers in 
speech emotion recognition arena did not consider the effect of 
cultural and language to the overall accuracy of speech 
emotion classification. This notion is supported by the result 
of the  accuracy level obtained that is higher than by chance 
[1]. However, recent studies have shown that certain 
characteristic of the speech emotion is shared by the same 
culture but not with the others. Dewaele in his finding reported 
that different culture does have their own way to convey their 
declaration of love [2]. This result is supported by empirical 
study of  Juslin & Laukka [3], Scherer et. al. [4] and Bezooijen 
et. al. [5].  

Juslin & Laukka revealed that overall decoding accuracy 
for within-cultural expression was equivalent to a score of 
70% correct in a forced-choice task of five response 
alternatives as opposed to 7% decrement for cross-cultural 
expressions. Bezooijen et. al. also found out that the 
Netherlands did significantly better than either Taiwanese or 
Japanese in recognizing speech emotion of Netherlands 
speaker. In addition, Scherer et. al produced most elaborated 
work in studying the inter-cultural and intra-cultural effect by 
evaluating subject responses from 9 countries using German 
speaker. Result shows that the Germanic origin language 
(Dutch and English) obtained the highest accuracy of emotion 
recognized followed by Roman languages (Italian, French and 
Spanish) and lastly by Indonesian language which has the least 
cultural similarity. It was interesting to note that the rank order 
of countries with respect to overall recognition accuracy 
mirror exactly the decreasing similarity of languages (with 
exception to the Swiss sample). Thus, it is a valid observation 
that language is one of the cultural parameter that plays an 

important role in recognizing speech emotion and it is 
imperative to understand both inter-cultural and intra-cultural 
effect in order to obtain higher accuracy solution for global 
speech emotion recognition. 

In order to study the universality and diversity of the 
speech emotion for inter-cultural and intra-cultural assessment, 
an appropriate method need to be developed so that hidden 
information can be captured and analysed. We would like to 
propose speech emotion profiling method to visualize the 
correlation between neutral and emotional speech of angry, 
sad and happy. This understanding is supported by 
psychologists finding that emotion can be represented using 
coordinates in a three dimensional space [6, 7]. The affection 
space model was first proposed by Schlosberg [8] in 1954 that 
consists of three main emotion primitives namely; valance, 
activation and dominance. The primitives are actually the 
descriptive generic attributes of an emotion. These attributes 
function as constituents that act as a fully complementary 
description of the emotion.  

From the affection space model understanding, it is 
important to note that neutral is the base emotion, which 
consists of neither positive or negative primitives value. 
Grimm et. al. [9] experimented this notion by developing a 
rule-based fuzzy logic estimator to identify speech emotion 
automatically. Accuracy performance ranging from 63.5% to 
91.9% was achieved for angry, happy and sad speech data 
with neutral act as a reference. Grimm in his paper presented 
the co-varience plot of the emotion classes and it is clear that 
there are relationships between the cluster distance of one 
emotion to another in the emotion primitive space. This 
finding give indication that visualizing the correlation of the 
emotion may be a plausible approach in understanding inter-
cultural and intra-cultural assesment. However, the drawback 
in Grimm’s approach is that rules were needed to be 
established before the fuzzy logic estimator can be used. The 
domain knowledge was also needed to build such system. In 
addition, the capability of the 3D co-variance plot for emotion 
classes is not fully utilized because it is only used as a 
representation of the affection space model. It would be 
beneficial if some important information can be gathered from 
the affection space model directly and the need of domain 
knowledge can be minimized. In this paper we propose a 
correlation visualization approach to emotion profiling using 
Cerebellar Model Arithmetic Computer (CMAC) coupled with 
Amplitude Spectral Subtraction (ASS) method. 

In Section 2, emotion profiling approach will be 
introduced with detailed CMAC and ASS description. 
Experimental result and discussion is presented in Section 3. 
We concluded the paper in Section 4 with conclusion and 
future work. 

2. Emotion Profiling 
The objective of profiling is to identify similarity and 

dissimilarity characteristics of the data. Intracultural variation 
is a similarity measure that enable different emotions to be 
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detected using the same cultural parameter. On contrary, 
intercultural variation is a dissimilarity measure that enable the 
same emotion to be detected across different cultural 
parameter. Emotion profiling should be able to give an 
alternative visualization tool that enables one to extract hidden 
features that are not clearly seen from the signal perspective.  

2.1. CMAC Associative Memory 
Artificial neural networks (ANN) have shown great 

potential for modeling non-linear systems where it is difficult 
to derive a robust model from classical techniques. A CMAC 
neural network is a form of associative memory that can be 
trained to implement non-linear functional mappings. It can be 
viewed as two-layer neuron, hence, its operation can be 
decomposed into two separate mappings [10,11]. The input 
vector is transformed to a vector of binary values, which in 
turn produces at the output the sum of weights that link itself 
to the corresponding input vector of value one. In any training 
of perceptron, given an input vector, the desired output at the 
output layer can be approximated by modifying these 
connection weights through the use of adaptive learning 
[12,13]. It is simple and easy to implement CMAC compared 
to many other neural networks. CMAC is a suitable candidate 
for on-line, real-time implementation of modeling and control, 
which in this case prove to be very useful in modeling either 
the speech spectrum or the features. The CMAC memory can 
also be visualized as a neural network consisting of a cluster of 
two-dimensional self-organizing feature ma (SOFM).  
However, instead of a random initialization of the neural net 
weights, they are fixed such that they formed a two 
dimensional grid shown in Figure 1. 

The winning neuron in the CMAC memory at time k is 
identified as the neuron with weights Q(yref(kT)) and Q(yp(kT-
T)) for inputs yref(kT) and yp(kT-T), respectively. The weights 
are effectively the coordinates i, j of the location of the neuron 
in the SOFM.  The output of the winning neuron can be 
directly obtained from the weight wi,j of a particular output 
neuron. 

Figure 1: Architecture of CMAC memory 

CMAC learning is a competitive learning process that is 
similar to the Kohonen and the SOFM learning rules.  
However, since the weights of the cluster of neurons that 
represent indices to the CMAC memory are fixed, learning 
only occurs in the output neuron.  The CMAC learning rule is 
based on the Grossberg competitive learning rule and is 
applied only to the output layer.  No competitive Kohonen 
learning rule is applied to the input layer.  Thus, the CMAC 
learning rule can be represented by: 
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where:  � = learning constant , 
x(kT) = input at discrete step k , 
yref(kT) = reference input at discrete step k , 
yp(kT-T) = output at discrete step k-1 , 
wi,j(k) = contents of CMAC cell with 

coordinates i, j at discrete step k,
Q(�) = the quantization function. 

The content of the CMAC cell wi,j(k) is stored in 
coordinate (i,j) and updated based on the equation above. 
Coordinate i and j is the quantized value of the inputs, which 
form the input basis function. 

2.2. CMAC for Speech Emotion Profiling 
Note that in any emotional speech there will always be 

neutral speech, which is supported by the affection space 
model regardless of their emotion primitives’ axis. Based on 
this assumption, we propose the use of Amplitude spectral 
estimator (ASE) to estimate the neutral as a lumped noise and 
can thus be removed from the raw emotional speech. Pure 
emotion signal can then be extracted from the raw emotional 
speech. Figure 2 shows the proposed speech profiling system 
using CMAC memory to constantly update the raw speech and 
the neutral speech signal spectral. The emotion profile can also 
form as the Weiner filter to remove the neutral from the raw 
emotional speech signal. The neutral subtraction method for 
speech profiling is very close to the concept of amplitude 
spectral subtraction (ASS) for speech enhancement except that 
in this case the neutral speech is what needed to be subtracted 
from the raw emotional speech. The spectrum of both the raw 
emotional speech input and the neutral speech will be used as 
basis function for the CMAC associative memory axes. The 
Weiner filter generated from the ASS will then be stored in the 
CMAC memory to form the emotion profile for that particular 
emotion. 

In this paper only detailed discussion of the speech 
emotion profiling will be discussed. Although CMAC has 
been used in control application, it will be useful to note that 
the cerebellum structure of the brain also received information 
about the emotional state of the speaker [14]. For the CMAC 
speech emotion profiling, we use the common axis (z-axis) as 
the frequency axis while the x-axis and y-axis are the spectral 
amplitude of the raw speech emotion and the neutral speech 
signals respectively.  

Figure 2: The block diagram of the proposed speech 
emotion recognition system 
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Consider the speech spectral estimate )(ˆ 	S in the form of 
a zero-phase frequency response )(	H  applied to the raw 
emotional speech input )(	Y  given by: 
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The general form of the amplitude spectral subtraction 
method (ASS) is expressed as: 
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where � and ��� are two parameters considered for 
generalization and )(	D  is the spectral of the neutral speech 
[15]. Substituting equation (3) into (2) and letting �=2, the 
zero-phase frequency response can then be expressed as: 
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This simplifies to: 
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The signal(emotion)-plus-neutral-to-neutral (SNNR) 

power ratio expressed in equations (5) and (6) are the SNNR 
power ratio at each frequency 	 of the short time speech 
segment. Only positive values of equation (6) are considered. 
Equation (5) will form the Weiner filter in the emotion profile 
for the speech and by applying equation (3) after deriving the 
Weiner filter )(	H from equation (2), the pure emotion signal 
(minus the neutral) can easily be determined using the inverse 
Fourier transform. There has been a considerable amount of 
research to extend the idea of using the MMSE short time 
amplitude spectral estimator approach in speech enhancement 
[16, 17] but in this study, we are extending a similar approach 
to profile the speech emotion. Extending equations (4 to 6) on 
the basis of uncorrelated stationary random process using their 
respective power spectral density (PSD) given by equation (5), 
the linear estimator of s(t) that minimizes the mean square 
error can be obtained by filtering y(t) with no causal Wiener 
filter frequency response. This is given by: 
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In this case we proposed the use of the PSD of the raw 
emotional speech, the neutral speech and the estimated speech 
emotion only, to derive the Wiener filter described as: 
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The SNRTotal contains both the a priori and the a posteriori 
signal (emotion) to neutral ratios. 

From equation (2 to 8), the profile of the speech emotion 
can be derived from the neutral and raw emotional speech 
signal itself. In this paper, only the CMAC speech emotion 
profile is derived to be used as visualization tools in 

understanding the affective emotion space of that particular 
emotion using the neutral as reference.  

3. Experimental Result and Discussion 
The successfulness of the proposed speech emotion 

recognition system rely heavily on the sample speech emotion 
data used. In all our experiments the Berlin Dataset [18] as 
well as our very own corpus (NAW dataset) [19] were used 
through out the experiments. Figure 2 shows the proposed 
speech emotion recognition system where the CMAC 
associative memory is used to store the Weiner filter weights. 
This CMAC memory also forms the emotion profile for the 
particular emotion to be recognized.  In this case the spectral 
amplitude of the raw emotional speech signal and the spectral 
amplitude of the neutral speech is used as x-axis and y-axis of 
the CMAC addressing. The raw emotional speech signal and 
the neutral speech signal from the time domain will first be 
transformed to the frequency domain using spectrogram as 
shown by figure 2. Frequencies of both signals are then used 
as common z-axis for both the raw emotional speech signal 
and the neutral signal. Both the spectral speech signal will 
form the basis function for the x-axis and y-axis of the CMAC 
emotion profile plot accordingly. This mapping will help us 
analyze the correlation between the two signals thus enabling 
similarity and dissimilarity measurement and observation to be 
carried out.  

(a) Angry NAW   (b) Angry Berlin 

(c) Sad NAW   (d) Sad Berlin  

(e) Happy NAW                  (f) Happy Berlin 

Figure 3: Speech Emotion Profiles of Angry Emotion (a, b), 
Sad Emotion (c, d) and Happy Emotion (e, f) versus Neutral 

for the NAW (left) and Berlin (right) Dataset. 

Our preliminary finding indicates that the best approach to 
analyze the emotion profile is to use log10 for the speech 
emotion signals. This yielded the decibel (dB) measurement of 
the input speech emotion signals, which is a common 
technique used in the field of telecommunication and signal 
processing. The decibel measurement will pre-emphasize the  
low signal value and de-emphasize the high signal value 
proportionately. The contour plots from the log10 speech 
emotion profiling are shown in Figure 3. In this plot we use 
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one layer CMAC that effectively disable the learning 
algorithm of the CMAC memory.  

It is interesting to observe that each emotion plot can 
produce similar pattern for the same emotion even though two 
different datasets were used and yet the distinction of the 
pattern is very remarkable for different emotion for the same 
dataset. This result gives indication that the emotion profiling 
using decibel analysis does have potential for the research and 
can contribute to the understanding of inter and intra cultural 
correlation. In addition, the blue area in the plot shows the low 
frequency respond of the emotion profile. Such low frequency 
responds can be very useful in understanding emotion and its 
interaction. 

Figure 4 shows the set of speech emotion profile plot 
similar to that of Figure 3 but in case a 3-layer CMAC instead 
of a 1-layer CMAC emotion profiling. As can be seen from 
Figure 4, most of the noise spikes that occur previously in 
Figure 3 were removed by 3-layer CMAC algorithm. Visual 
comparison between the NAW and Berlin profile plot of figure 
4 does show more distinct similarities and dissimilarities. In 
addition, it is also noted that we can easily determine the 
speech emotion just by looking at the maximum values of the 
entire profile. 

    

(a) Angry NAW   (b) Angry Berlin 

   
(c) Sad NAW   (d) Sad Berlin  

(e) Happy NAW                  (f) Happy Berlin 

Figure 4: Speech Emotion Profiles of Angry Emotion (a, b), 
Sad Emotion (c, d) and Happy Emotion (e, f) versus Neutral 

for the NAW (left) and Berlin (right) Dataset using the CMAC 
algorithm 

4. Conclusion 
Figure 3 and 4 give indication that speech emotion 

profiling can provide alternative visualization tool for 
identifying and verifying universality and diversity of inter-
cultural and intra-cultural assessment. A simple 3-layer 
CMAC offers a cleaner and more robust speech emotion 
profile compared to 1-layer CMAC. Since multi-layer CMAC 
rely on the neighborhood function, the effect of abrupt 
changes can be suppressed. Thus, the proposed speech 
emotion profiling can benefit from two CMAC advantages of 
minimizing memory and robustness. A set of speech emotion 
CMAC profiles can also be stored for future use.  

Future work could include extracting features from the 
CMAC profiles which may consist of hidden information from 
the feature map itself. These features extracted can be based 
on statistical measurement like Gaussian Mixture Model 
(GMM) and Kernel Density Estimates (KDE). These 
additional statistical information may describe cultural 
information that is hidden in our previous analysis.  
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