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Abstract 
In contrast to most previous studies conducted on artificial 
data with archetypal emotions, this paper addresses some of 
the challenges faced when studying real-life non-basic 
emotions. A 10-hour dialog corpus recorded in a French 
Medical emergency call center has been studied. In this paper, 
our aim is twofold, to study emotion mixtures in natural data 
and to achieve high level of performances in real-life emotion 
detection. An annotation scheme using two labels per 
segment has been used for representing emotion mixtures. A 
closer study of these mixtures has been carried out, revealing 
the presence of conflictual valence emotions. A correct 
detection rate of about 82% was obtained between Negative 
and Positive emotions using paralinguistic cues without 
taking into account these conflictual blended emotions. A 
perceptive study and the confusions analysis obtained with 
automatic detection enable to validate the annotation scheme 
with two emotion labels per segment.  

1. Introduction 
There has been an increasing interest in emotion analysis to 
improve the capabilities of current speech technologies [1, 2]. 
But as shown in [2], results based on laboratory research with 
archetypal emotional states transfer poorly to real systems. 
Real-life speech signals in spoken dialogs were used in order 
to obtain robust models. A corpus of real dialogs recorded in 
French at a Medical Emergency call center is studied. In such 
interaction, callers manifest real-life emotions whereas the 
agent plays a predetermined, moderating role. One of the 
main challenges we address is the categorization and 
annotation of real-life emotions, requiring the definition of a 
pertinent and limited set of labels and an appropriate 
annotation scheme.  

The three types of theories generally used to represent the 
emotions are the appraisal dimensions, abstract dimensions 
and most commonly verbal categories. The reader is referred 
to [3] for a detailed review. In this work the assumption is 
made that it is possible to perceive and to annotate emotion 
mixtures. Thus, we adopt a discrete palette theory [3, 4] 
which allows a blending of verbal emotion descriptors like 
that of a painter mixing colors on a palette, image given by 
[5]. Blended emotions can be considered as the presence of 
two or more emotions at the same time, of which one may be 
considered Major and the others Minor. Therefore, two 
emotion labels can be given to a segment when two different 
emotions are perceived, the Major and the Minor. The Major 
emotion can be related to the dominant emotion in the brain, 
with the other perceived emotions in a mixture being 
secondary. Because of the high level of subjectivity, it was 
decided to annotate only one Minor per mixture, the most 
intense one. This double emotion verbal label associated to a 
segment is one of the particularities of our Multi-level 

Emotion and Context Annotation Scheme described in [6, 7]. 
Our Multi-level Emotion and Context Annotation Scheme has 
been developed for both multimodal data [8], and speech-only 
data [6]. A first study has been carried out on a corpus of real 
agent-client dialogs recorded in French at a Stock Exchange 
Customer Service Center with this annotation scheme. This 
experiment has showed the presence of blended emotion 
between Fear and Anger emotion classes [7]. Yet emotions 
were mainly shaded and moderate due to the politeness rules 
and social conventions. The annotation scheme has been 
applied to the new corpus of Medical emergency dialogs. It 
has revealed mixtures of emotions much more complex than 
for the stock exchange corpus. A first rough description of 
mixture emotions has been defined [6]: mixed emotions are 
noted Ambiguous if in the same coarse-grained label (for 
example Anger and Irritation), Conflictual if they are in two 
different coarse-grained labels of different valence (for 
example Compassion and Annoyance) and Non-conflictual if 
they are in two different coarse-grained labels of the same 
valence (for example, Worry and Sadness).  

This paper focuses on a closer study of the conflictual 
emotion mixtures. A perceptive study of the different cues 
(lexical, prosodic, disfluencies and contextual) carrying the 
Major emotion and the Minor emotion has been conducted on 
a set of conflictual segments. In this study, labelers have also 
re-annotated the segments.  

Emotion detection experiments using paralinguistic 
(prosodic, spectral, disfluences) cues to distinguish between 
Positive and Negative emotions are reported. The analysis of 
the confusions on conflictual segments obtained with 
automatic detection also confirms the presence of conflictual 
emotions and validates our annotation scheme. 

Section 2 describes the corpus. Section 3 reports the 
annotation protocol and analysis. Section 4 describes a 
perceptual study on the conflictual blended emotion 
segments. Finally, emotion detection experiments are related 
on section 5. Conclusions and further research are discussed 
in section 6. 

2. Corpus 
The transcribed corpus contains about 20 hours of data. This 
study is based on a 10-hour subset comprised of 404 agent-
callers dialogs (6 different agents, 404 callers). About 10% of 
speech data is not transcribed since there is heavily 
overlapping speech. The aim of the service is to offer medical 
advice. The agent follows a precise, predefined strategy 
during the interaction to efficiently acquire important 
information. In the case of emergency calls, the patients often 
express stress, pain, fear of being sick or even real panic. 
Moreover, there are many instances of blended emotions. 

The use of these data carefully respected ethical 
conventions and agreements ensuring the anonymity of the 
callers, the privacy of personal information and the non-
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diffusion of the corpus and annotations. Table 1 summarizes 
the characteristics of this corpus.  

Table 1: Corpus characteristics: 404 agent-client dialogs 
of around 10 hours (M: male, F: female), 19k speaker 
turns. 

Characteristics Corpus 
#agents 6 (2M, 4F) 
#clients 404 (152M, 266F) 

#turns/dialog Average: 47 
#distinct words 6.5k 

 

3. Annotation protocol and analysis 
 Naming and labeling emotions is a difficult task, especially 
when dealing with authentic data. The number of primary 
emotions varies with approaches and authors mention from 
six main basic emotions (Anger, Fear, Joy, Sadness, Disgust 
and Surprise) to a larger lists of emotional states. As a 
consequence of this difficulty in the task of categorization and 
annotation, most of the studies have only focused on a 
minimal set of emotions such as positive vs. negative 
emotions [1], emotional vs. neutral state [2]. Other 
researchers consider task-dependent emotional behaviors or 
attitudes such as stressed vs. non-stressed speech [9], 
frustrated, annoyed vs. neutral, amused [10].  

20 labels were selected as relevant for the study of the 
corpus (see [6]). The list of fine-grained labels is Neutral 
Anxiety, Stress, Fear, Panic, Annoyance, Impatience, 
ColdAnger, HotAnger, Disappointment, Sadness, Despair, 
Hurt, Embarrassment, Relief, Interest, Amusement, Surprise, 
Dismay, Resignation and Compassion. The fine-grained 
labels are grouped into 7 coarse-grained emotion label 
families: Fear, Anger, Sadness, Hurt, Positive, Surprise and 
Neutral. 

The high subjectivity of human annotation compels to 
rigorous methods of annotation. Instead of having many naive 
annotators (at least 3) and then using a majority voting 
technique to create reference, two expert annotators have 
labeled the corpus. The annotation is done at the segment 
level (unit under the speaker turns level). Kappa value is 0.61 
for clients, 0.35 for agents when considering coarse labels. 
Table 2 shows the repartition of the 5 top fine-grained classes 
of agreed Major emotions on 404 dialogs.   

Table 2: Repartition in percentage of the fine-grained emotion 
labels (5 top classes) with common Major annotations. Cl: 
clients, Ag.: Agents, Neu: Neutral, Anx: Anxiety, Str: Stress, 
Rel: Relief, Ann: Annoyance, Int: Interest, Com: Compassion, 
Sur: Surprise, Others mean other emotions. 

 Neu Anx Str Rel Ann Others #seg 

Cl. 64.5 20 8.7 3.3 0.6 3.2 5643
 Neu Int Com Ann Sur Others #seg 

Ag. 89 4.3 2.5 2.3 0.4 2.5 6109
 

In the following experiments, the emotional segments 
were grouped into two broad classes: negative and positive. 
The majority of the perceived emotions were assigned only a 
single emotion label. Labeler 1 gave 37% of the non neutral 

segments a Minor label, whereas labeler 2 assigned secondary 
emotions for only 16% of the non neutral segments. A coarse 
typology of the blended emotions has been identified [9]. 
Each rater labeled about 300 segments as conflictual (i.e. 11% 
and 22% of the blended emotions for labeler1 and labeler2 
respectively).   

4. Conflictual blended emotion study 
Conflictual blended emotions occur when a segment is 
annotated as both Negative and Positive. A typical example in 
the corpus is an agent feeling both compassion and annoyance 
towards the caller: “I do understand madam but I have no 
miracle solution” In the same way, the caller might feel better 
thank to the agent while remaining afraid or stressed: 
(example of an underage girl who wants to see a doctor 
without having to tell her parents and is relieved because she 
has just been told that doctors were sworn to secrecy ) “Hum, 
ok, now I … now I feel a lot [Unintelligible speech] ‘cause I 
have the information ‘cause…”. The Positive and Negative 
conflictual emotions might be sequential which is very 
difficult to assess, but they can also occur at the same time.  

The aim of the study was twofold, to see if there really 
was a dominant emotion when two conflictual emotions were 
perceived at the same time and to verify if different cues were 
responsible for the perception of emotions mixtures.  

30 segments (20 for callers, 10 for agents) that both 
labelers had previously agreed to annotate as conflictual were 
re-annotated by 3 people including the 2 first labelers. In 
addition to choosing the emotion label[s], they had to clarify 
the cues used to make their choices. Cues were selected 
among the following list with possible multiple choices: 

Lexical cues: words and syntax 
Prosodic cues: rhythm, melody, flatness... 
Disfluency: pauses, filler pauses « euh », repetitions 
Context: previous segment, speaker role. 
 
The most frequent emotion labels were different for both, 

the agent and the caller [6]. Globally, emotions used in the 
Positive class were Relief, Interest, Compassion, while those 
in the Negative class were Stress, Fear, Annoyance, 
Impatience, Anxiety and Embarrassment. For each segment, a 
soft vector [Negative, Positive] was computed with a weight 
of 2 for the major and 1 for the minor [6, 7]. A label 
POS/NEG (standing for a soft vector with a “Winner” label as 
POS and the other as NEG) or NEG/POS was then deduced 
from this vector. Due to the sparseness of the context and 
disfluency cues, only prosodic and lexical cues were taken 
into account. A majority voting technique (agreement 
between at least two raters) was used for selecting the 
perceived cues per segment.  

Figure 1 reveals the same lexical and prosodic cues 
repartition between Major and Minor on both classes 
(POS/NEG and NEG/POS). The data is well-balanced, 
respectively 14 and 16 segments for each blended class. 

A closer analysis of annotated cues revealed that both 
types of cues (Lexical and Prosodic) are two times more 
selected for Major labels than Minor (48 vs 24) whatever the 
class. Furthermore, the Minor is perceived with only one cue, 
either Lexical (10%) or Prosodic (70%), never both together. 
The other relevant information obtained with this test is that 
the lexical cues are never carried out in the same time by 



Major or Minor emotion labels, whereas for the prosodic 
cues, it is often the case.  
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Figure 1: Lexical and prosodic cues repartition for 
emotion mixtures 

There is a high level of reliability between the first and 
second annotations. This study allowed us to validate the 
annotation scheme with both Major and Minor emotion 
labels. Furthermore, results confirm the presence of emotions 
with conflictual valence. Such results are typical in natural 
real-life emotions. Furthermore, the relevance of both 
channels: linguistic and paralinguistic for emotion detection 
was highlighted. 

The following sections focus on robust Positive/Negative 
emotion detection using prosodic, disfluences and acoustic 
cues. For that purpose, conflictual segments were excluded 
from the training data but kept as a test set.  

5. Emotion detection 
Emotion detection systems were built from 800 non-blended 
segments; 400 for each emotion (Negative and Positive). 
Because the Agents’ and Clients’ emotional behavior is very 
different due to their respective role in the interaction, only 
callers’ emotion segments were considered in these 
preliminary experiments. 

5.1. Features 

Prosodic features (mainly Pitch and Energy) are classical 
features, used in a majority of applications and research 
systems. For accurate emotion detection in natural real-life 
speech dialogs, lexical, prosodic, disfluency and contextual 
cues should be considered and not only the prosodic 
information. Since there is no common agreement on a top list 
of features and the feature choice seems to be data-dependent, 
our strategy is to use as many features as possible even if 
much of the features are redundant, and to optimize the choice 
of features set by classification algorithm. 
 

Extraction of prosodic, spectral, disfluency and non-
verbal events cues was done in these experiments. The Praat 
program [11] was used for the extraction of prosodic (F0 and 
energy) and spectral (formants and bandwidths) cues. The F0 
extraction is based on a robust algorithm for periodicity 
detection carried out in the lag auto-correlation domain. Since 
F0 feature detection is subject to errors, a filter was used to 
eliminate some of the extreme values detected.  

 

About fifty features are input to a classifier which selects 
the most relevant ones. This set of features includes very local 
cues (such as for instance the local maximums or inspiration 
markers) as well as global cues (computed on a segmental 
unit):  

(1) F0 features (Log-normalized per speaker): min, max, 
mean, standard deviation, range at the turn level, slope (mean 
and max) in the voiced segments, regression coefficient and 
its mean square error (performed on the voiced parts as well) 
and maximum cross-variation of F0 between two adjoining 
voiced segments (inter-segment) and with each voiced 
segment(intra-segment).  

(2) Energy features (normalized): min, max, mean, 
standard deviation and range at the segment level. 

(3) Duration features: speaking rate (inverse of the 
average length of the speech voiced parts), number    and 
length of silences (unvoiced portions between 200-800 ms). 

(4) Spectral features: formants and their bandwidth (first    
and second): min, max, mean, standard deviation, range. 

(5) Disfluency features (marked during the transcription 
phase): number of pauses per utterance, number of filled 
pauses ("euh" in French).   

(6)  Non linguistic event features (marked during the 
transcription phase): inspiration, expiration, mouth noise 
laughter, crying, and unintelligible voice.  

 
The above set of features are computed for all emotion 

segments and fed into a classifier. The aim is to get rid of the 
noise and reduce the complexity of feature space without 
affecting the performance. Two kinds of methods are very 
common in data mining: selecting the most relevant attributes 
or applying linear transformations to reduce the dimension of 
the data.  

5.2.  Automatic features selection and emotion models 

A crucial problem for all emotion recognition system is the 
selection of the set of relevant features to be used with the 
most efficient machine learning algorithm. In recent research, 
a lot of different sets and classifiers have been used. However, 
the best features set and the most efficient model are still not 
well established and from published results appear to be data-
dependent. 
 

The attribute selection and emotion detection systems 
were obtained using the software weka [12]. Several attribute 
selection methods combine search methods and attribute 
utility estimation to produce an attribute ranking (evaluation 
of the merit of an attribute) [13]. We averaged the results of 4 
methods implemented in weka (SVM, OneR, CfsSubset, 
GainRatio) for selecting the 20 best features for 
Positive/Negative emotion detection. These features are: F0 
range, #filler pauses (“euh”), maximum F0, F0 slope, F0 
minimum, #pauses, mouth noises, F1 mean, F0 regression 
coefficient, F0 mean square error, Energy range, F0 standard 
deviation, Inter-segment (as defined above), BW1 mean, 
laughs, Energy mean, F2 mean, Intra-segment (as defined 
above), F2 range and maximum Energy. 

 
Mainly F0 and Intensity features are selected as most 

relevant for Positive vs. Negative emotion discrimination. 
Non verbal events and disfluency cues are also meaningful. 
 



Two different models have been used: 
 Support Vector Machines [14]: algorithms search an 

optimal hyperplan to separate the data  
 LMT (Logistic Model Tree) [15]: classification tree 

with logistic regression functions at the leaves 
 

All experiments were done using jack-knifing with 5 
subsets (4 subsets are used for training and one for test, the 
experiment is repeated 4 times with each subset being used 
for test). This procedure is repeated 20 times with different 
subsets. 

Table 3: Algorithms and attribute selection: comparison of 
the Positive/Negative detection performances with the best 
features; Allatt: all attributes. This table shows the average 
of correctly classified instances for the 100 runs. The 
number into parenthesis is the standard deviation. 

 SVM LMT 
5best   80.28( 3.71) 80.69 ( 3.14) 

10best   82.68( 3.17) 82.65 ( 3.28) 
15best   83.17( 2.94) 83.49 ( 3.03) 
20best  83.36( 3.02) 83.42 ( 3.35) 
Allatt  83.16( 2.74) 82.85 (3.36) 

 
As shown in the literature [4], the results obtained on 

Positive/Negative emotion detection show little differences 
between these techniques. Moreover, there is no statistical 
difference after selecting the best attributes. 

Conflictual segments excluded from the training data 
were used as a specific test set. Only segments from callers’ 
turns were selected. Figure 2 shows the prediction of the 
emotion detection system on the conflictual segments. 
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Figure 2: Predictions for the conflictual segments with 
the Negative/Positive classifier. 

The low performances in the detection of the Major emotion 
are totally correlated to the results of the perceptive study on 
conflictual segments.  

6. Conclusion 
A double emotion annotation with a Major and Minor labels 
was presented as a way of representing real-life emotional 
behaviors and has been validated by a perceptual study. In 
our corpus, these annotations enabled to reveal the presence 
of complex blended emotions such as conflictual valence 
mixtures. First experiments selecting non blended emotion for 

training models have yielded high level of emotion detection 
performance. Our annotation scheme is currently being used 
to annotate the remaining 10 hours of the corpus. Experiments 
on this larger corpus will provide complementary results on 
blended emotions classes that hopefully will improve emotion 
detection performances for natural data.  
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