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ABSTRACT

We propose a Gaussian process based regression scheme
that provides a direct estimation of the height of unknown
speakers and is applicable to real-world autonomous sur-
veillance applications. This scheme relies on utterance-level
speech parameterization followed by regression modelling,
which estimates the height of the speaker and the uncer-
tainty interval of that estimation. Experiments on the TIMIT
database demonstrated that a feature vector composed of
the top-50 ranked parameters offers a good trade-off be-
tween computational demands and accuracy. The proposed
scheme for automatic height estimation was evaluated in the
smart-home and public security scenarios offered by the
PROMETHEUS database. The averaged relative error of
height estimation remained approximately 3%, in both in-
door and outdoor conditions, which indicates the good ro-
bustness of the proposed scheme.

1. INTRODUCTION

Nowadays, applications such as data/area access authoriza-
tion, remote user authentication, forensic applications,
homeland security applications and anti-terror surveillance,
etc have become common. In these applications, among the
most widely used biometric processes are fingerprint recog-
nition, finger/hand geometry recognition, face recognition,
iris and retina recognition, DNA analysis, and recognition of
various voice-related biometric characteristics, such as the
speaker voiceprint. Some other biometric traits, referred to
as soft biometric characteristics are the skin colour, the eye
colour, the body build, weight, and height and the accent.
Although the discriminative capacity of the soft biometric
characteristics does not allow the development of self-
dependent biometric solutions, they were found useful as
additional features for improving the robustness and accu-
racy of other biometric processes [1].

Given specific controlled conditions, human height can
be estimated from images and video sequences. An early
study on height estimation from video through calibrated
cameras, reported for a small set of ten persons with known
heights [2], has demonstrated promising results — a standard
deviation of the estimation error of approximately 0.031 me-
ters was observed. However, this approach works only when
the entire body of the person is in the receptive view of the
camera and no occlusions occur. A recent work [3] demon-
strated height estimation accuracy of approximately 0.0267
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meters for a set of 127 people from different ages and demo-

graphics. However, this approach assumes that the persons’

face is oriented towards the camera, which limits the area of
its applicability.

Related work on height detection from speech was re-
ported in [4], where the height scale was split to eleven
classes of +£0.025 meters range, and for each class a Gaussian
mixture model was built. Afterwards, each input audio file
was assigned to one of the eleven clusters. In [5] a scale fac-
tor, based on the EM algorithm and the formant frequencies,
was correlated with the speakers’ height. In [6] speaker char-
acteristics, among which the body height, were correlated
with a search tree warp factor. Multiple linear regression al-
gorithms were utilized on phone level [7], and several non-
linear regression algorithms were applied on utterance level
[8] for estimating the speaker’s height.

In the present work, we focus on human height estimation
from speech in two real-world applications: smart-home and
public security (bankomat i.e. ATM and airport surveillance).
Both applications involve uncontrolled operational condi-
tions, such as occlusions of the persons of interest by (mov-
ing) objects or other humans, humans partially or completely
outside the perceptive view of the cameras, bended human
bodies, various hats, open umbrellas, etc. In these cases, ac-
curate height estimation from video is not always possible,
and this complicates the person re-identification among dif-
ferent cameras or after her/his reappearing in the scene. In
such cases, given the availability of a speech utterance,
height estimation from speech can be indispensable.

The approach discussed here differs from previous related
work in that:

(i) we do not rely on the basic speech features (formants,
pitch, energy, MFCCs, etc), which in earlier studies were
reported to be weakly or moderately correlated to height
but instead use utterance-level audio parameters that are
derived through statistical processing of frame-level
speech features,

(ii) we systematically select the most useful attributes among
the 6552 statistical parameters offered by the openSMILE
audio parameterization [9],

(iii) we perform a direct estimation of the speakers height via
Gaussian process (GP) regression that also provides the
uncertainty interval of each estimation, and

(iv) we aim at the estimation of the height of unknown
speakers in real-word setup: smart-home and public secu-
rity scenarios.
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Figure 1 — Regression-based scheme for height estimation from speech for unknown speakers: the training stage.

The probabilistic nature of the proposed regression scheme
facilitates fusion with the estimations from other sensors,
including video cameras, which is quite important for the use
of this technology in practical applications.

2. HUMAN HEIGHT ESTIMATION FROM SPEECH

The efforts for human height estimation from speech are
based on the assumption that there is a strong correlation
between the height of a person and the length of her/his vo-
cal tract. Studies with X-ray and magnetic resonance imag-
ing (MRI) provide evidence in support of that assumption
[10]. Furthermore, the speech production theory [11] as-
sumes that the vocal tract length and the formant frequencies
of speech are correlated, and therefore human height can be
inferred from speech. Although it was experimentally found
that among the speech formants only the forth one is corre-
lated with the human height, other speech descriptors (LPC,
MFCC, etc) were reported to be correlated as well.

In the present work, we view the automatic human
height estimation from speech as a supervised learning task
that aims at the creation of regression model, f(x), from a
given training set D = {X,h} = {xf.d),h[ li= 1,2,...,n} . Here
D consists of n d -dimensional feature vectors x\*’, which
are computed from the vocal articulations of multiple per-
sons, each with height /. We aim at inferring f(x) from
D, and anticipate that this regression model will be able to
estimate the value of #,,, for new unseen input x\}, which
is generated from the same underlying process that gener-
ated D. To do that we define 4 =f(x)+ ¢, where £ stands
for the cumulative ‘noise’, which is due to the combined
effect of anatomical peculiarities among human individuals
with the same height, additive acoustic interference from the
environment that contaminates the speech waveform, and
‘instrumentation’ errors related to speech acquisition, pre-
processing and parameterization process. In the following,
we will allow & to be modelled as if it was Gaussian with
variance o, but this simplification is introduced mainly for
simplifying the model estimation, and therefore we do not
expect that it will hold true in the general case. Another sim-
plification here is that we assume ¢ independent of f(x).

In brief, for a Gaussian process [12] obtained from a
Bayesian linear regression model f(x)=¢(x)"w with prior
w~N(0,Z,), once we know the mean value and the co-
variance matrix of the model, we can compute the mean
and covariance for an unlabeled input x__,, such as
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E[f(x)] =#(x)" E[w], and

E[f(x)f(x,,,)] =¢(x)" E[ww' ¢(x,.,) =¢(X)"Z, ¢(X,,).
Here, E[.] is the expected value, and f(x) and f(x,,,) are
jointly Gaussian with zero mean and a covariance given by
p(x)"'Z ,#(X,.,). The covariance for the training set is
cov(h) = K(X,X)+0c.1, and the joint distribution of ob-
serving the training and test data under the prior is

h o KX, X)+o 1 k(X,x,,)
f(an) ’ k(X X) k(xn+1’xn+1)

Next, the predictive distribution for Gaussian process re-
gression is f(x,,,)| X,h,x, ~N<f(xn+1 ), cov(f(xn”))) ,
where f(x,,,)=k(x,,,) (K(X, X)+ o-jI)f1 h, and 1
cov(f(x,,,)) = k(X,.,.X,.) —k(x,,) (KX)+0.1) k(x,.,).
In this manner, for a spoken utterance which is parameter-
ized by the vector x'°), the model, f(x), estimates not only
the height /4 ,, for unseen speakers but also the variance of
this estimation, which indicates the degree of uncertainty.

The model creation steps are summarized in Figure 1,
and the height estimation process is illustrated in Figure 2.
As Figure 1 presents, during training speech utterances are
parameterized to a set of speech features. The speech fea-
tures are afterwards ranked with respect to their relevance to
the height estimation problem, and a subset of them are se-
lected for the feature vector. Finally, a regression model is
created using the feature vectors and their corresponding
ground truth labels, 4. The regression model and the list of
indexes of the relevant speech features are stored for further
use. During the operation of the height estimator (refer to
Figure 2), a multi-sensor microphone array acquires the au-
dio waveforms. The multi-channel audio is amplified, sam-
pled, quantized by level, and next is converted to a single-
channel audio signal. (Alternatively, single sensor audio
acquisition is also applicable if speaker localization and
tracking are not needed). After noise reduction and sound
source enumeration the single speaker utterances are kept. A
speech activity detector is used for eliminating the silence
portions of the waveform, and only the speech segments are
parameterized. The final feature vector is formed by retriev-
ing only those speech features, which were selected as bene-
ficial during the training stage. Finally, the regression model,
f(x), estimates the height, 4 ,,, that corresponds to the
present input feature vector, x'*), as well as the uncertainty
of this estimation.

n+l?
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Figure 2 — Regression-based scheme for height estimation from speech for unknown speakers: the operational mode.

3. IMPLEMENTATION

For the purpose of model development, we made use of the
TIMIT database [13]. The training set consists of 462 speak-
ers, including 326 males and 136 females, and the test subset
consists of the recordings of 168 speakers, including 112
males and 56 females. In both subsets, each speaker utters 10
utterances. Likewise previous related work [4, 7], in the fol-
lowing experiments the speaker MCTWO was excluded from
the test subset, since his height of 2.032 meters is out of the
range of heights represented in the training subset,
hyn€[1.448, 1.981]. The test set was used for the purpose of
model validation. We have downsampled both training and
test subsets to 8 kHz, with 16 bits per sample.

3.1 Feature Ranking and Selection

Numerous studies on the relevance of the basic speech pa-
rameters (speech energy, pitch, formants, MFCC, LPC, etc),
with respect to the height estimation problem, led to the con-
clusion that specific speech descriptors are weakly or moder-
ately correlated with the human height and that some are
better correlated with height than others. Since, there is no
single speech feature or a small set of speech features, which
would permit an accurate estimation of the human height, we
hypothesize that an automatic height estimator would rely on
a large set of speech descriptors, which hopefully will be
complementary to each other, and when combined would
contribute to increase of the overall estimation accuracy.

In the present work, we made use of the openSMILE [9]
audio parameterization framework, which computes 6552
utterance-level audio descriptors. These are statistical pa-
rameters, which are computed on the basic frame-level audio
descriptors, such as the root mean square (RMS) frame en-
ergy, the zero-crossing rate (ZCR) from the time-domain
speech signal, the harmonics-to-noise ratio (HNR) by auto-
correlation function, the pseudo loudness, the Mel-spectra,
the twelve MFCCs, the fundamental frequency of speech
normalized to 500 Hz, the voice quality etc, and their first
and second time-derivatives. Among the statistical functional
parameters that form the utterance-level feature vector are the
mean, standard deviation, kurtosis, skewness and higher or-
der moments, segments, extreme values (minimum, maxi-
mum, relative position and range), linear and quadratic re-
gression coefficients (offset, slope, mean square error, etc),
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percentiles, durations, onsets, DCT coefficients etc, which
are computed over the basic frame-level audio descriptors.

However, the use of multidimensional feature vectors that
consist of a large number of audio parameters is costly in
terms of training and operational complexity, memory de-
mands and required training data. Therefore, it is desired to
reduce the dimensionality of the feature vectors by discarding
audio features that are not relevant to the speaker’s height
and are redundant to others. To investigate the relevance of
the openSMILE audio parameters, we performed ranking
with the Regression Relief-F feature-ranking algorithm [14],
which estimates the quality of each audio feature according
to its ability to distinguish between instances, which are close
to each other. In total, 3029 out of the 6552 audio features
were found to be to some degree relevant to the height esti-
mation problem, i.e. they demonstrated positive attribute
quality value. Next, the ordered list of attributes, which re-
sulted from the feature ranking, served for the selection of
subsets of various sizes, which consist of the top-n ranked
audio descriptors, with n € {1, 2,..., 10, 20, ..., 100, 200, ...,
1000}. The appropriateness of these subsets was evaluated
through measuring the accuracy of height estimation for two
GP-based and two support vector machine (SVM)-based
regression models. Here the SVM models are considered the
baseline, as they are known to offer state-of-the-art perform-
ance and to cope well with high dimensional feature space.

As presented in Figure 3, the GP-based model imple-
mented with normalized polynomial kernel, GP_nPoly, pre-
sented the best overall accuracy and is competitive to the
SVM based regression model. When the size of the feature
vector increases over the top-200 attributes, some increase of
the mean absolute error (MAE) is observed for the SVM with
RBF kernel and with polynomial kernel and much larger
increase for the GP with RBF kernel. However, the accuracy
for the GP-based model with normalized polynomial kernel,
GP_nPoly, improved slightly, mainly due to the advantages
of the normalized polynomial kernel. In the following we
detail only on the results for GP_nPoly.

Although the best accuracy for the GP_nPoly model is
observed for large feature vectors (top-300 to top-1000), due
to practical reasons in the following we will rely on a feature
vector composed of the top-50 attributes, as this set offers a
reasonable trade-off between computational complexity and
height estimation accuracy. Among the top-50 ranked attrib-



0.075
GP_nPoly

E  0.070 |- —=—GP_REF

5 —8— SVM_Poly

5 0.065

£

2 0.0B0 | - = =« - e = o e e e e il
(]

£

< 0.055

=

@ L —
QL

= 0.050

Top- | Top- | Top- | Top- | Top- | Top-  Top- | Top-
10 20 30 40 50 60 70 80

Top- Top- Top-  Top- Top- | Top- | Top-  Top- | Top- | Top- Top-

100 | 200 300 400 | 500 | 600 @ 70O | 800 900 | 1000

GP_nPoly 0.055 0.0540.054 0.054 0.053 0.053 0.053 0.053 0.053 0.053 0.052 0.051|0.051 0.051 0.051 0.051 0.051|0.051 0.051

—&—GP_RBF

0.055/0.055 0.055 0.056 0.057 0.056 0.056 0.056 0.056 0.056 0.056 0.059 0.065 0.070 0.072 0.073 0.073 0.073 0.073

—&— SVM_Poly 0.055 0.054 0,054.0‘054 0.054 | 0.054 0.054 0,054.0‘054 0.054 | 0.054 0.054.0,055 0.056 0.057|0.057 0.05?.0,058 0.058
—&— SVM_RBF 0.055 0.054 0.054 0.053|0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.053 0.054 0.054 0.054 0.055 0.055

Figure 3 — The height recognition accuracy (MAE in meters) for various sizes of the feature vector: TIMIT test dataset.

utes multiple audio features related to the fundamental fre-
quency (Fp) and the MFCCs were found relevant to the
height of the speaker. The mean of the fundamental fre-
quency was not ranked in the top-50 audio features, which is
in agreement with previous research. However, a number of
derivatives of the fundamental frequency of speech were
found important for estimating the height of a person. In the
top-10 ranked attributes there are three Fy-related parameters,
and in the top-50 there are sixteen [15]. The last makes the
Fo-based statistical parameters quite important, when com-
pared to other basic features. The good relevance of the
MFCC, reported in earlier work [4] was also confirmed be-
cause 25 out of the top-50 attributes are based on the MFCC.

3.2 Height Estimation Accuracy in Controlled Conditions

The TIMIT database [13] had been recorded in a controlled
setup: American English, read sentences, constrained vo-
cabulary, high SNR, small variations in the speaker-
microphone distance etc, which guarantees controlled mis-
match between training and test data. As Figure 3 shows, in
these controlled conditions, we observed MAE of 0.053 me-
ters for the top-50 feature vector. This corresponds to an av-
eraged relative error of 3.0% with respect to the average
height of 1.75 meters of the speakers in the TIMIT test data.

4. EVALUATION IN REAL-WORLD SETUP

4.1 The PROMETHEUS Database

The multimodal PROMETHEUS database [16] was created
in support of RTD activities aiming at the creation of a
framework for monitoring and interpretation of human be-
haviours in unrestricted indoor and outdoor environments.
The audio part of this database consists of four hours of re-
cordings, representative for two application scenarios: smart-
home (indoors, Greek language) and public security — airport
and ATM (outdoors, English spoken by non-native speakers).
Each recording session is comprised of multiple action
scenes concatenated in a single sequence, where each action
scene is implemented a number of times by different actors.
The indoor scenes were implemented by five skilled actors:
three females and two males, with heights in the range [1.60,
1.72] meters. In addition, twelve supernumerary actors (in-
cluding one female) were involved in the outdoor scenes.
The heights of the people involved in the outdoor episodes
were in the range [1.60, 1.85] meters. The actors’ age was in
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the range [22, 56] years with mean value of 33.8 years. In the
following, we report results on the so-called selected scenes,
which the PROMETHEUS consortium identified as the most
interesting from application point of view. These thirty-two
scenes with individual durations between 15 and 134 seconds
have a cumulative length of approximately 30 minutes and
represent typical multiple-person interaction episodes.

The audio, recorded with an eight-channel uniform linear
array with spacing between the microphones of 0.1 meters, is
sampled at 32 kHz with resolution 32-bits per sample.

4.2 Experimental Setup

In all experiments we used off-line processing of the
PROMETHEUS selected scenes described in Section 4.1.
Since here we are interested only in the speech portions of
the signal, we converted the 8-channel audio to sampling
frequency of 8 kHz and resolution 16-bit. A minimum vari-
ance beamformer with processing window of 0.064 seconds
and overlap 0.032 seconds was used. Noise reduction was
performed with a band-pass Butterworth filter of order six,
with low and high cut frequencies f,, =250Hz and
J, =3700 Hz, respectively.

Instead of relying on the sound source enumeration and
speech/non-speech detection components, in the present
evaluation we made use of the manual segmentation of the
PROMETHEUS audio data, which provides error-free seg-
mentation of single-speaker utterances. The last evades the
dependence of the height estimation accuracy on the accu-
racy of these two components. In total, eighty single-speaker
utterances, with SNR in the range between 10 and 20 dB,
were available in the twelve indoor selected scenes, and
ninety-two, with SNR between 6 and 12 dB, in the twenty
outdoor selected scenes. Two additional outdoor sets, desig-
nated as JowSNR and winterf, were formed by thirty-one sin-
gle-speaker segments with SNR between 0 and 3 dB and
twelve speech segments with one or more concurrent speak-
ers. The test datasets obtained to this end consisted of utter-
ances from three females and two males for the indoors sub-
set, and by three females and seven males for the outdoors
subsets. Next, the energy detector of openSMILE was used to
discard silences, and the openSMILE parameters were com-
puted only for the speech segments. The top-50 audio fea-
tures were kept for the feature vector.

The WEKA [17] implementation of GP-based regression
with normalized polynomial kernel was used. The GP-based



model created from the TIMIT training set, used in Section 3,
was reused in all experiments on the PROMETHEUS data.

4.3 Experimental Results

The experimental results for the GP-based model with nor-
malized polynomial kernel are shown in Tables 1 and 2. Spe-
cifically, the height estimation accuracy for the twelve indoor
and twenty outdoor scenes is reported in Table 1 in terms of
MAE, root mean square error (RMSE), and averaged relative
error (ARE) with respect to the average height u,, and in Ta-
ble 2 in terms of percentages of height estimations with error
within a specific range. In Table 1, we also show the average
of ground truth heights, ux, the average of the estimated
heights, x,, the difference u-x, which indicates the bias of the
estimations for the specific dataset, and the standard devia-
tion of the height estimation error, o,.

As the tables show, despite the mismatch between the
training (TIMIT) and test (PROMETHEUS selected scenes)
conditions, the proposed height estimator performed well
both in the indoor and in the outdoor scenes, especially in the
cases of reasonable SNR (i.e. SNR between 6 dB and 20 dB).
The observed MAE of 0.041 and 0.050 meters for the indoor
and outdoor scenes, are comparable to the 0.053 meters for
the test dataset of TIMIT, and show that to some degree the
proposed height estimation scheme is robust against envi-
ronmental noise. The above mentioned MAEs correspond to
ARESs of 2.5%, 3.0% and 3.0%, respectively (Table 1).

Next, Table 2 shows that the increase of MAE and ARE
for the lowSNR dataset is mostly due to the increased value
of the estimation error, and not much to the increased quan-
tity of errors. However, in the case of concurrent speakers, as
in dataset winterf, the error exceeded 0.05 meters for nearly
all estimations, i.e. concurrent speech was found devastating
to the height estimation accuracy. (However, we also ac-
knowledge that portion of the error could be due to the man-
ner in which ground truth heights were set in the segments
with concurrent speakers: We selected the height of the
speaker with the longer speech activity as the ground truth.)

As Table 1 shows, there is some correlation between the
sign of the error (x—u,) and the condition indoors/outdoors.
Specifically, in the indoor condition (including TIMIT) the
height estimator tends to overrate the speaker’s height, while
outdoors the speakers are underrated. We deem that this phe-
nomenon might be linked to the difference in the reverbera-
tion times and the acoustics between indoor/outdoor condi-
tions. However, we admit that a further in-depth study is re-
quired for better understanding of this phenomenon.

Finally, although we find the proposed height estimation
scheme appropriate for use in unconstrained conditions, and
deem it is applicable to real-world surveillance applications,
we admit that further studies on the sensitivity of the height
estimation with respect to the accuracy of the single-speaker
utterance detection and the speech/non-speech separation (cf.
Figure 2) are required.
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Table 1. Height estimation accuracy in terms of MSE, RMSE
and ARE. All values are in meters, except for the AREs.

My H, M, 6, MAE RMSE ARE
Indoor, [10, 20]dB 1.679 1.695 -0.016 0.054 0.041 0.056 2.5%
Outdoor, [6, 12]dB 1.678 1.648 0.030 0.054 0.050 0.062 3.0%

Outd., lowSNR, [0,3]dB 1.743 1.723 0.020 0.090 0.067 0.093 3.9%
Outd., winterf, 0dB 1.707 1.640 0.067 0.083 0.097 0.107 5.7%
TIMIT test dataset 1.750 1.750 -1.7e-4 0.068 0.053 0.067 3.0%

Table 2. Height estimation accuracy — each cell shows the per-
centage of height estimations within the specific error range

Error range [m] < 0.01 0.02 0.025 0.05 0.075 0.10 0.125 0.15

Indoor, [10, 20]dB 15.0 338 43.8 725 825 950 975 975
Outdoor, [6, 12]dB 163 228 272 543 793 913 96.7 98.9
Outd., lowSNR, [0,3]dB 16.1 29.0 35.5 51.6 645 710 80.6 87.1

Outd., winterf, 0dB 00 00 00 83 50.0 66.7 750 83.3
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