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ABSTRACT

Automatic recognition of eating conditions of humans could be a
useful technology in health monitoring. The audio-visual informa-
tion can be used in automating this process, and feature engineering
approaches can reduce the dimensionality of audio-visual infor-
mation. The reduced dimensionality of data (particularly feature
subset selection) can assist in designing a system for eating condi-
tions recognition with lower power, cost, memory and computation
resources than a system which is designed using full dimensions
of data. This paper presents Active Feature Transformation (AFT)
and Active Feature Selection (AFS) methods, and applies them to all
three tasks of the ICMI 2018 EAT Challenge for recognition of user
eating conditions using audio and visual features. The AFT method
is used for the transformation of the Mel-frequency Cepstral Coef-
ficient and ComParE features for the classification task, while the
AFS method helps in selecting a feature subset. Transformation by
Principal Component Analysis (PCA) is also used for comparison.
We find feature subsets of audio features using the AFS method
(422 for Food Type, 104 for Likability and 68 for Difficulty out of
988 features) which provide better results than the full feature set.
Our results show that AFS outperforms PCA and AFT in terms of
accuracy for the recognition of user eating conditions using audio
features. The AFT of visual features (facial landmarks) provides
less accurate results than the AFS and AFT sets of audio features.
However, the weighted score fusion of all the feature set improves
the results.
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1 INTRODUCTION

Developing multimodal systems for recognizing food and eating-
related conditions in a speaking context can contribute to several
research areas, including automatic speech recognition and speaker
identification [5]. Another important application area may be health
monitoring. As our diet has an impact on our health and well-
being [1], automatically recognizing eating-related events could
contribute to the development of automated and non-obtrusive
health monitoring technologies. Similarly, ambient and assisted liv-
ing technologies which focus on monitoring of everyday activities
could benefit from recognition of eating activity.

The ICMI 2018 Eating Analysis and Tracking (EAT) Challenge
addresses the audio-visual classifications of user eating conditions,
with three sub-challenges. In the Food-type Sub-Challenge the task
is to classify an utterance into one of the seven food types that the
subject is eating while speaking (one of the being no eating, and
the other six classes are Apple, Nectarine, Banana, Crisp, Biscuit
and Gummi-bear). In the Likability Sub-Challenge the aim is to rec-
ognize the subjects’ food likability rating, and the Chew and Speak
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Difficulty Sub-Challenge concerns the level of difficulty to speak
while eating. The dataset used is iHEARu-EAT database [5], which
partly featured also as the data for the Interspeech 2015 ComParE
Challenge [12]. The winning approach of the Interspeech challenge
conducted on iHEARu-EAT used the Fisher vector encoding of
MFCCs and PLP features for the recognition of food type using ex-
treme learning machines and partial least square regression based
classifiers, which reported an Unweighted Average Recall (UAR)
of 83.1% on the test dataset [8]. Although the results are promis-
ing but no effort is spent on dimensionality reduction (removing
noisy/redundant features) to reduce the ‘curse of dimensionality’
and computational resources (i.e. extraction of a subset of feature
set instead of whole feature set results in reduction of usage of ma-
chine memory and computational power). The current state of the
art methods for user eating conditions recognition may get benefits
from the dimensionality reduction methods for further improve-
ment in accuracy and for the situations where the computational
and memory resources are limited.

In this paper, we use a recently developed Active Feature Trans-
formation (AFT) method [3] and propose a novel method for active
feature selection (AFS). The main contributions of this paper are:

(1) Introduction of a novel feature selection method, namely
AFS, and demonstration of the discrimination power of acous-
tic (emobase feature set) features and their Principle Compo-
nent Analysis (PCA) representation.

(2) Evaluation of active feature selection and transformation
methods against feature without transformation/selection
and EAT-Baselines in terms of accuracy and dimensionality.

(3) Demonstration of discrimination power of MFCC features
for the EAT challenge.

(4) Demonstration of discrimination power of AFT applied to
the EAT challenge’s audio-visual features (ComParE feature
set and normalized-facial landmarks).

The paper is structured as follows. In Section 2 we introduce the
active feature transformation method, followed by active feature
selection in Section 3. After introducing the ICMI 2018 EAT dataset
in Section 4, we describe the experiments (in Section 5) and the
results (in Section 6) of all three challenges using audio-visual
features. In Section 7 we conclude the paper, highlight the main
contributions and present the plans for future work.

2 ACTIVE FEATURE TRANSFORMATION

The AFT method for MFCC features has been recently proposed
[3] to detect the attitudes of video bloggers, and showed significant
improvement in terms of dimensionality and accuracy over PCA
and MFCC features. The AFT method consists of the following
steps for feature transformation:

(1) First a speech segment (Si) is divided into n frames (Fy s;) of
fixed duration (100 ms) with no overlap with the neighboring
frame, where i = 1 : N and N represents the total number
of speech segments, and k = 1 : n, that is k varies from 1
to n, the total number of frames in a speech segment (Si).
Hence Fy_g; is the kth frame of ith speech segment, and
228 MFCC features are extracted over a frame (Fj s;), rather
than over speech segments of variable duration. The system
architecture is depicted in Figure 1.
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(2) Clustering of frames: We used Self-organizing Maps (SOM)
[9] for the clustering of frames into n clusters (C1, C2, ..., Cn),
as depicted in Figure 2 (n represents the cluster size for SOM).

(3) Generation of an active feature transformation (AFTs;) vec-
tor by calculating the number of frames in each cluster for
each speech segment (Si) as depicted in Figure 2.

(4) As the number of frames are different for each speech seg-
ment (i.e. the duration of each speech segment is not con-
stant), we normalize the feature vector by dividing it by
the total number of frames present in each speech segment
(3, AFTg;) as set out in Equation 1.
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Figure 1: Active feature transformation method applied to

MFCC features.
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Figure 2: Active Feature Transformation: AFTs; represents
active feature transformation of i'" speech segment and
NFs; ck represent total number of frames of jth speech seg-
ment within k‘" cluster. Where k = 1 : N and N is the total

number of clusters.

3 ACTIVE FEATURE SELECTION

In this section, we describe our active feature selection method
which divides a feature set into subsets. It involves clustering the
dataset into N (where N = 5,10, 15, ....,100) clusters using self-
organizing maps, and then evaluating features present in each
cluster through a Leave One Subject Out (LOSO) cross-validation
setting, as depicted in Figure 3, and selecting the cluster with the
highest result. Here, we are not clustering the number of instances
but the dimensions. Our hypothesis is that the noisy features have
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different characteristics than informative features, and that cluster-
ing the features will divide the features into many subsets according
to their common characteristics. An example of self-organizing clus-
tering is depicted in Figure 4, where 988 features (emobase.conf) are
clustered into 30 clusters (feature subsets). The distance between
these clusters is depicted in Figure 5.

N Selection of
best Cluster
(Features)

Figure 3: Active feature selection method: D(m,n) represents
the data where m is the total number of instances (in EAT
challenge case it is 945 instances of train data set) and n
is the total number of dimensions (988 openSmile features
extracted using the emobase.conf file). The validation is per-
formed in Leave One Subject Out (LOSO) cross-validation
setting.

4 DATASET

We used both audio and video recordings of the challenge, taken
from the IHEARUEAT database [5]. This dataset consists of record-
ings taken from 30 German-speaking subjects (15 males, 15 females,
mean age 26.1). Prior to the recording of each utterance, a partici-
pant was provided with a serving (the serving size was personalized
so that it had a significant effect on the subject’s speech, while en-
suring that the production of speech was audible). Food classes
were selected for partly similar consistency (e.g., crisps and bis-
cuits) and partly dissimilar consistency (e.g., nectarine and crisps)
and for being also frequently encountered in practice. The recorded
data comprised of both read and spontaneous speech.

Participants assessed how much they liked the food they were
eating during the experiment (continuous slider between 0-dislike
extremely to 1-like extremely). A 5-point Likert scale was also used
after the recording, to specify any difficulties the participants have
encountered in eating each type of food while speaking. The data
was split into a training set of 20 and a test set of 10 speakers,
stratified by age and gender.

5 EXPERIMENTATION

5.1 Feature Extraction
The features vectors for the different experiments are as follows:

(1) Experiment One (emobase): 988 acoustic features extracted
over each speech segment (video clip) using emobase.con fig
configuration file of openSMILE [2] which has been widely
used for emotion recognition [10]. The feature set includes
spectral parameters (MFCC, LSP, etc.), intensity and pitch
related parameter.

(2) Experiment Two (PCA,,,,obase): Principle component anal-
ysis of experiment one features.
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(3) Experiment Three (mfcc): 228 MFCC features (a subset of
the feature set used in Experiment one) extracted for each
speech segment. OpenSMILE calculates an overall MFCC
feature response for speech segments with variable duration
using statistical functionals such as mean, standard devia-
tion, minimum, maximum, range values etc. The objective
of calculating an overall response is to project the features
onto a fixed number of dimensions (in this case 228) for ma-
chine learning methods (e.g. dimensionality reduction and
classification).

Experiment Four (AFT,,r..): Transformed version of 228

MFCC features, which are extracted for a frame of fixed

duration (100 ms) instead of full speech segment using AFT

as described in Section 2.

(5) Experiment Five (AFTcompare): Transformed version of
ComParE features (provided by Challenge Organizers) using
AFT.

(6) Experiment Six (AFS): Evaluation of Active Feature Selec-
tion method using the experiment one features.

(7) Experiment Seven (AFTy ¢, 4;): Transformed version of

normalized visual landmarks features (provided with the

EAT Challenge data) using AFT.

Experiment Eight (Fusion): Weighted score fusion of all

the above experiments using the weights depicted in Table 1.

The weights are calculated using brute force approach for

two classifiers and then the best resulted score is fused with

third classifier’s score, the weights are searched again using
brute force approach for the best fused score of two classifier
and third classifier and so on.

5.2 Classification Methods and Evaluation

Measures

The classification is performed using Linear Discriminant Analysis
(LDA). This classifier is employed in MATLAB! using the statistics
and machine learning toolbox in the Leave one subject out (LOSO)
cross-validation setting. LDA works by assuming that the feature
sets of the classes to be discerned are drawn from different Gaussian
distributions and adopting a pseudo-linear discriminant analysis
(i.e. using the pseudo-inverse of the covariance matrix [11]).

For evaluation, we use Unweighted Average Recall (UAR) for the
‘Food Type’ and ‘Likability’ Challenges, which is the average of the
recall of all the classes, and we use the Concordance Correlation
Coefficients (CCC) for the difficulty Challenge, following [4].

6 RESULTS AND DISCUSSION

The classification is performed in a LOSO (Leave one subject out)
cross-validation setting using the feature vectors described in Sec-
tion 5.1 and the best results of all the experiments and number of
dimensions used for classification are summarized in Table 2. It is
observed that the AFS method provides the best results for all three
challenges, and also outperforms the End2You baseline method
[4]. However, it is unable to outperform the openXBOW baseline
method [4]. The subsets of features selected using AFS provide bet-
ter results than full feature set. These results validated our hypoth-
esis that by clustering the features we can remove noisy/redundant

!https://uk.mathworks.com/products/matlab.html (August 2018)
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Figure 4: Figure indicates the number of features present in each cluster. Where N = 30 and the cluster with highest accuracy
contain 68 out of 988 features for the ‘Difficulty Challenge’.

Figure 5: Figure indicates the distance between clusters (blue dots) and darker color indicates greater distance between clusters.
Where features in Cluster number 16 (68 out of 988) provides the best validation results for the ‘Difficulty Challenge’.

Table 1: weighted Score fusion of experiments.

Fusionpoodarype = 0.00.emobase +0.14.PCA;mopase +0.137.mfcc +0.17. AFTpypec + 0.24.AFTcompare + 0.27.AFS + 0.04. AFTy sy a1
Fusiongkapility = 0-05.emobase +0.00.PCA¢ pmopase +0.00.mfce +0.25.AF Ty, pcc +0.18.AFTcompare + -0.33.AFS + 0.20. AF Ty 54,41
Fusionpifficuiry = 0.01.emobase + 0.087.PCA¢mopase +0.07.mfcc+0.12.AF Ty pec +0.16.AFTcompare + 0.21.AFS + 0.35. AF Ty sy a1

Table 2: Best results for each experiment in LOSO cross-validation setting on train dataset along with dimensionality of fea-
tures used for classification: Food Type and Likability results are in UAR and dimensionality (UAR,dimensionality), and Diffi-
culty in CCC and dimensionality (CCC, dimensionality). Where only AFTy;,,,; uses the visual features and the rest of exper-
iments use the acoustic features. The OPENXBOX and EndtoYOU are baseline methods.

emobase | PCA.pmobase | mfcc AFTrec | AFTcompare | AFS AFTvsyql | Fusion | openXBOW | EndtoYOU
Food Type | 29.17%, 988 | 51.72%, 481 43.11%, 288 | 39.30%, 40 | 33.59%, 65 54.81% 422 | 23.84% 80 | 59.35% | 64.30% 35.20%
Likability | 55.73% 988 | 60.46%, 296 61.94%, 288 | 64.12%, 40 | 62.60%, 95 65.50% 401 | 61.12% 70 | 68.99% | 66.50% 55.10%
Difficulty | 0.059,988 | 0372, 171 0.295, 288 | 0.322,55 | 0.242,65 0.418,63 0.281, 85 0470 | 0.481 0345
features, as by clustering (AFS method) the total number of emobase classifiers such as extreme learning machines [6, 7] and partial least
features, we find a subset of features (422 for Food Type, 104 for squares [13].

Likability and 68 (as depicted in Figure 4) for Difficulty, out of
988 features) which provide better results than the full feature 7 CONCLUSIONS

set (emobase). However, it is not explicitly clear what common A novel Active Feature Selection (AFS) method has been proposed
characteristic a cluster of features has. One of the possible explana- and used for the recognition of eating conditions. The subset of fea-
tion is that as we are validating in LOSO setting (evaluating each tures selected using the AFS outperformed the full feature set and
cluster) for the tasks, the cluster with higher validation UAR may the PCA transformation of the full feature set. However, the results
contain features which have a common characteristic of speaker reported in this paper do not outperform the baseline of openXBOW
in-dependency than other clusters for the tasks. The score fusion method (though they do outperform the End2You method). Possible
of all the feature sets improves the results for all sub-challenges. extensions of the work presented here include testing these meth-

The AFTcompare provides less accurate results than AFT,,, ., ods in conjunction with advanced classifiers to assess whether any
suggesting that the MFCC features may improve the performance of possible improvements in accuracy, and generating Fisher vectors
openXBOW method. The AFS provides promising results and also using the subset of features selected by AFS. In future we intend to
suggests that the selected feature should be extracted over frame evaluate the performance of the AFT and AFS methods for multiple
level and then feed into openXBOW method. The ComParE features feature sets, including prosodic, voice quality, and image features
set used for openXBOW and AFTcompare method is calculated for on multiple prediction problems such as sound events detection,
each 10 ms and MFCC features for AF Tinfcc are extracted over emotion recognition, human action recognition and autism recog-
100 ms. The different frame size should also be explored for both nition.

openXBOW and AFT method as the speech signal properties varies
over time. Besides that the features reported in this study may ACKNOWLEDGMENTS
improve the performance of openXBOW method. However, the AFS This research has received funding from the European Union’s

is not able to outperform the previous challenge methods but clearly Horizon 2020 research and innovation programme under grant
demonstrate that the higher accuracy can be achieved with a lower agreement No 769661, SAAM project

dimension of feature than full feature set. The transformed and
selected subsets of features should be tested with other advanced
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