CLASSIFICATION OF EMOTIONAL STRESS AND PHYSICAL STRESS
USING FACIAL IMAGE FEATURE
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A novel algorithm based on eulerian amplification and empirical mode decomposi-
tion (EM-EMD) was proposed to classify emotional stress and physical stress. Different
from previous stress recognition algorithms, EM-EMD does not modelize the relation-
ship between physiological stress parameters and thermal imprints, but establishes the
classification model using different thermal signal features under different types and
status of stress. It first amplifies blood vessel signals in human forehead. Later, the pro-
posed algorithm performs frequency division processing to emotional stress signal and
physical stress signal according to time scale characteristics of data. Finally, it estab-
lishes a classification model of emotional and physical stress using the Gaussian mixture
model classifier. Experimental results demonstrated that the EM-EMD algorithm could
achieve 85% classification accuracy and could provide a practical method model for fu-
ture industrial applications. It also shows that the classification rate of the proposed
algorithm is better than conventional classification method. As far as we know, the pro-
posed EM-EMD algorithm is a successful classification model of emotional and physical
stress through non-contact imaging.
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s pasnuyeHUA U KJIACCUMUKAIUU CTPECCOBBIX COCTOAHUI, BBI3BBAHHBIX 3MOIIVIO-
HaJbHBIMHU JU00 (pUBUYECKUMU HArpy3KaMu, IIPEeIJIOKeH HOBBIN aJTOPUTM, OCHOBAHHBIH
Ha IPUMEHEHUU 3IJIePOBCKOTO BUE0-YBEJIUUEHUA U PA3JIOKEHUA 10 SMIIMPUYECKUM MO-
nam (EM-EMD). B orauuyme OT IpebIAYINUX AJTOPUTMOB PACIIO3HABAHUS CTPECCOBBIX
cocroanuii, B Mmeroge EM-EMD ne mozmesupyeTcs B3BaUMOOTHOIIeHUE MeXAY (DU3MOJIOTH-
YeCKUMU IIapaMeTpaMM CTpecCa M COOTBETCTBYIOIIMMM TEIIJIOBBIMU I/1306paJKeHI/I$IMI/I, HO
dbopmupyerca KiaaccuGUKaMOHHAA MOJEJIH Ha OCHOBE IPU3HAKOB TEPMHUUYECKUX M300pa-
JKeHUU, PasjInYarolllnX Te UJIW WHBbIe TUIBI U COCTOAHUA CTpecca. BHauasie MPOBOAUTCA
BUIEOYBEJNUEHNE CUTHAJIOB OT MOAKOKHBIX KPOBEHOCHBIX COCYZIOB Ha JIOOHOU yactu. [la-
Jjee, B IPEAJOKEHHOM aJITOPUTMe, Ha COOTBETCTBYIOIIEH HAarpy3KaM BPEMEHHOU IIKaJie
BBIIIOJTHAETCA YaCTOTHBIN aHAJNN3 CUTHAJIOB [JIA CTPECCa, BHI3BAHHOTI'O 9MOIIMOHAJBHBIMU
aubo dusnueckuMu Harpyskamu. HakoHel, ¢ MCIOJIb30BaHUEM KJaccu(uKaTopa, uc-
IIOJIB3YIOIIET0 MOJEIb CMEeCU HOPMAJBbHBIX PACIpPeleeHUull, CTPOUTCA KJacCU(PUKAIIMOH-
Hasg MOJEJb, COOTBETCTBYIOIAA SMOIIMOHAIBLHO U (hpu3muecKu 00yCIOBJIEHHOMY CTpECCY.
IKCcIepuMeHTaJIbHbIE PE3YIbTAaThl MOKa3aau, uto ajaroputMm EM-EMD o6ecrieunBaetr 85%
IOCTOBEPHOCTb PA3JIMUEHUs U MOJKET OBITh B3AT 3a OCHOBY JAJIFHEHIINX HPAKTUUECKUX
npuMeHeHu#. OGHAPYIKUIIOCH, UTO CKOPOCTH 00PAOOTKU C MCIOJIb30BAHUEM IIPEAJIOKEH-
HOr'o aJirOpuTMa BBIIIIE, YeM Yy O6I)I‘IHBIX MEeTO4O0B. Ilo HallleMmy MHEHMHIO, HpGILJIOJKGHHBIfI
anroputM EM-EMD MoskeT OBITH YCHEITHO MCIOJIb30BaH A1 OECKOHTAKTHOTO, II0 aHAJIU3Y
n300pakeHuii, pas3JIunUeHnusa SMOIIUOHAIBLHO J1U00 (hU3UUeCcKr 00yCI0BJIEHHBIX CTPECCOB.

Kntwouesvie cnoea: KaACCUPUKAUUSL CMPECCOBbLX COCMOAHULL; IMOYUOHALLMHBLIL
cmpecc; Quauveckuil cmpecc.
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1. Introduction

Emotion recognition, including stress detec-
tion, quantitative study and sentiment classifica-
tion, has been the research focus in the past two
decades. Many scholars have proposed various
effective non-contact stress recognition methods.
Stress recognition is a promising prospect in the
health and security field, especially in important
ports like customs and airports. Non-contact
stress recognition based on photo electronic im-
aging could provide effective preliminary screen-
ing information for the security department.
Stress is divided into emotional stress and physi-
cal stress, which have distinctive features. How-
ever, security field only targets emotional stress.
Persons with abnormal (or excessive) emotional
stress will be further investigated. Such prelimi-
nary screening is based on emotional stress rath-
er than physical stress. Therefore, the classifica-
tion of emotional and physical stress is conducive
to industrial application of stress recognition.

Stress assessment has been actively conducted
using various methods. Despite the complicated
chemoelectronic analysis procedure, salivary
cortisol level has been widely accepted as the bio-
marker of activation of the hypothalamic—pitu-
itary—adrenal (HPA) axis, which is directly linked
to stress [1, 2]. Unlike established physiological
stress markers or contact physiological sensors
[83—6], the imaging system has the advantages of
non-invasiveness, versatility and reliability [7].
Pavlidis first observed the thermal signature of
startle and reported that instantaneous blood de-
mand increases in the periorbital region [8, 9].
Background, such as experience and occupation
[10, 11], was also involved in the stress study. Dif-
ferentiating between emotions and nature of the
thermal print for psychophysiological responses
have been widely studied in the past two decades
[12-24]. Although these methods provide good
ways and references for stress recognition and
sentiment classification, no significant break-
throughs on the classification of emotional and
physical stress have been achieved yet. The tra-
ditional contact stress detection is cumbersome
and impractical. We still focus on imaging-based
stress classification.

Both emotional and physical stress will cause
physiological changes in human bodies. Direct
temperature change may be helpful for stress
recognition to a certain extent (under the condi-
tion of baseline state for reference), but cannot
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directly provide information for stress classifica-
tion [25]. In this paper attention was focused on
the classification of emotional and physical stress
based on imaging algorithm instead of stress de-
tection (many effective stress recognition meth-
ods exist based on the imaging technique). The
EM-EMD algorithm was proposed. Thermal imag-
ing signals in human forehead amplifies stimu-
lated stress thermal signal by signal enhance-
ment algorithm Eulerian Magnification (EM)
[26]. Next, it decomposes signal features by EMD
[27] algorithm according to time scale feature of
data, and extracts feature information of decom-
posed thermal signal induced by emotional stress
and physical stress. Then, it classifies emotional
and physical stress with Gaussian mixture model
(GMM) algorithm. Experimental accuracy of 85%
is very encouraging and lays a good foundation
for its future industrial application.

2. Technical description & experiment

A. Experimental design

All the experiments performed in this study
were conducted with the following steps: the
participants were asked to wear a heart monitor
(Garmin and Miroxi type) and were led to a well
illuminated room where they sat down comfort-
ably. A rest time of approximately 5 min was
given to allow the participants to settle in their
new environment. They were asked to run for
5 min using the indoor running machine, fol-
lowed by a 20 min rest to let participants return
to the baseline state. At the same time thermal
images of participants were recorded by the im-
aging system. The same steps were performed for
emotional stress. After the participants adapt to
the environment, a group of trier social stress
test (TSST) stress was applied to the participants.
The three psychological stressors for inducing
stress in this work were mental mathematics,
public speaking (for interview) and recognition-
memory tasks. Later participants rested to re-
turn to the baseline state. Figure 1 illustrates the
physical and mental stress test process. The FLIR
SC7600 thermal IR (infrared) imager was em-
ployed with thermal sensitivities of NETD17mK
working in usable spectral ranges of 3—5 pm. The
sensor of the imager had a large format (640x480)
mercury cadmium telluride semiconductor focal
plane array. In cases of head rotation the partic-
ipants were asked to sit on a chair with a fixed
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Fig. 1. Physical stress test process (a), emotional stress test process (b), region of interest (c).

pillow. While the participants were looking at the
monitor for their stress test, they could comfort-
ably rest their head on the fixed pillow to ensure
face position is fixed. Although small movements
in the human faces were still observed, the corre-
sponding position can be captured by tracing the
algorithm in References [25].

B. Algorithm model

Epinephrine, blood flow rate and forehead
temperature all increase under a stressed state,
which will increase human heart rate and corti-
sol level accordingly. Heart rate and cortisol level
are good stress indexes; however, distinguishing
emotional and physical stress from changes in
heart rate and cortisol level is difficult. There-
fore, the EM-EMD algorithm further analyzes the
difference of thermal signals brought by different
stresses and extract psychological features. Fi-
gure 2 shows the structure of the EM-EMD algo-
rithm.

The forehead region was taken as the region of
interest in this paper. It could not only envision
the imaging system and avoid influence of angu-
lar variation, but is also very sensitive to stress.
Instead of the whole forehead, this paper focused
on the blood vessel, which contains more physi-
ological information brought by stress. Blood ves-
sel information in the forehead was extracted by

“Onruueckuii :Kypuana”’, 83, 8, 2016

Thermal
image data

Anisotropic

Eulerian N
diffusion

Magnification

UO0T}ISOd W09 (] OPRIA [BOTITOWH
vy Vv v vy
Adoayuy TAueyq
Jamsse%o INWIND

Fig. 2. Flowchart of EM-EMD algorithm.

anisotropic diffusion algorithm after the original
thermal infrared images of the forehead were ob-
tained through algorithm tracking. Let Q e R?
denote a subset of the plane and I(., t): Q — R be
a family of gray-scale images; then anisotropic
diffusion is defined as

% =div(c(m,t)VI)=Ve.VI +c(m,t)AI, (1)

where A denotes the Laplacian, A denotes the
gradient, div(...) is the divergence operator and
c(m, t) is the diffusion coefficient. c¢(m, t) controls
the rate of diffusion and is usually chosen as a
function of the image gradient to preserve edges
(vessel) in the image.

The acquired blood vessel information indi-
cates a weak relationship between the thermal
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signal of blood vessel and psychological changes.
Blood demand under stressed state is higher and
heart rate increases accordingly. This will ensure
the change in blood vessel, the carrier of blood.
Such change has a proportional linkage or over
weak linkage with thermal signal. To further
highlight the effect of psychological change on
thermal signal, we amplified the stress-induced
thermal signal by combining the Eulerian magni-
fication algorithm. We then decompose the ther-
mal vein sequence into different spatial frequen-
cy bands by using continuous wavelet transform
(CWT). These bands could be magni ed separately
because of different signal-to-noise ratios. Mexi-
can Hat (MH) is employed as the wavelet basis.
CWT allows analysis at all scales, thereby facili-
tating the extraction of the signal component of
interest. Eulerian magnification is then applied
using Taylor expansion. We then have

X(t)AmplifiedInfo = div(c(m, t)VI) ~

~VeNI+(Im, 0+ A+ a3, + ()

+1/(20+ @282 () L)) V1,

where 6(¢) denotes the displacement function; the
signal is amplified by a. We then select signal
frequencies within 0.4—4 Hz, which correspond
to 24-240 beats per minute (heart beat rate)
for further magnification. The amplified signal
(X(®) Amplifiedinto) Provides us more stress infor-
mation.

To identify differences in thermal signals
caused by emotional and physical stress, we em-
ployed empirical mode decomposition (EMD) for
signal frequency division processing [27, 28, 29].
EMD is a self-adaptive method to decompose
nonlinear and non-stationary signals developed
by Huang in 1998. It decomposes the signal into
a number of IMFs and the residue of the decompo-
sition. Given an input signal x(¢), the EMD proce-
dure can be expressed as follows

m(t) = (emax )+ €min (t)) /2,

¢;(8) = x(8) —m; (), (6))
1 () = x(t) = ¢; (1),
where e, (t) and e_; () are the upper envelope

and the lower envelope obtained from all the local
maxima of the signal x(f) using a cubic spline
line, respectively. Then, take the residual r;(¢)
as the original signal and iterate (3). In practice,
the above procedure will be repeated until the
residual item r,(f) becomes a monotonic function
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or the IMF c,(t) can be considered as zero-
mean signal. Finally, the original signal x(t) is
decomposed into n-empirical modes as follows

n
x(t) = ;) + 1, (1), )
i=1
where 7, () is the residual function that shows the
average trend of the signal and IMFs c;(t) includes
different frequency bands of the signal from
high to low frequency. However, the disordered
extreme point of psychological signal sequence
deteriorates the performance of EMD algorithm.
In view of this, we introduce the white noise and
Permutation Entropy (PE) into the algorithm.
To enhance the distribution of extreme point of
amplified signal, the white noise is employed as
follows

x'(t) = x(t) + aw(t), (5)

where w(t) is white noise, a denotes the amplifica-
tion factor of EM. Because of the Modal confusion
raised by white noise and original signal could be
decomposed before psychological signal, there is
no need to add the white noise into IMF all the
time. Moreover, the disordered extreme point is
the easiest to be decomposed. PE is a complexity
parameter for time series based on comparison of
neighboring values. The advantages of PE are its
simplicity, extremely fast calculation, its robust-
ness and invariance with respect to nonlinear
monotonous transformations. For the higher PE
level, the time series sequences are random and
may lead to signal Catastrophe.

We therefore employ PE as threshold to check
whether the decomposed IMF need the white noise.
The process is presented as follow

Step 1. Calculate the PE of IMF; (i =1, 2, 3...)
and IMF, ;.

Step 2. If Pe; > 0.6 and PE;,; > 0.5 then add
the white noise into signal. Otherwise, let the al-
gorithm calculate the IMF,_,.

Step 3. Repeat the above procedure until the
IMF,,.

The step 2 employed the dual threshold to
make sure the disordered extreme point really
affects the signal decomposition before adding
the white noise. The acquired IMF psychological
features are then further analyzed with Renyi en-
tropy.

Each order of IMF can be seen to have differ-
ent frequency components. Lower order of IMF
has more high-frequency components. For the
same order of IMF, different types of signals have
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different frequency components and the IMF am-
plitude differs significantly. Therefore, IMF en-
ergy can be viewed as the signal feature for clas-
sification. We calculated Renyi entropy of IMF
channels to gain spectral energy distribution of
emotional stress signal and physical stress sensi-
tivity. At first, different orders of IMFs are nor-
malized. The J-divergence entropy of emotional
stress and physical stress is defined as ER. For
each IMF vector the Renyi entropy ER; of order ¢
was calculated as

ER]k :Lln ) k:1,---7n7 (6)
1-¢q

k
> B
h=1

where P is the normalized IMF vector and ¢ is 2.
Then, the sum of ER;, of all-scale IMF energy is
taken as the entropy metrics of separability.

After the feature extraction the obtained fea-
tures were subjected to ANOVA test. The signifi-
cant features with p-value less than 0.05 were se-
lected. Relative significance (F-value) is also pre-
sented in this work. F-value and the box plot using
Kruskal-Wallis test are also presented in this
work. Lastly GMM was used to model and classify
emotional and physical stress. The GMM classifier
provided good performance in numerous studies of
stress and emotion classification [30].

3. Experimental results

In this experiment all 20 participants were re-
cruited through advertising. They all participat-
ed in both emotional and physical stress. Test re-
sults are in good agreement with the expectation.
Sharp increases in cortisol level and heart rate of
participants are observed in fig. 3. Cortisol level
exceeded the critical value of stress (1.5 nmol/L)
after the experiment [31]. The questionnaire after
the experiment also reflects that participants felt
considerable stress in the experiment. Of course
these direct stress parameters still cannot distin-
guish emotional from physical stress.

It can be seen from the fig. 4 that EM-EMD fea-
ture is statistically significant with low p-value
(p < 0.05). The EM-EMD features are distinctly
different for emotional and physical stress. There-
fore we can infer that from these plots the features
are distinctive; hence it can be used to discrimi-
nate the emotional and physical stress with high
accuracy. The final classification results are pre-
sented in fig. 5. Among 20 participants the emo-
tional and physical stress of 17 participants were
classified effectively, showing an accuracy of 85%.
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Emotional & Physical stress classification
accuracy of well-known models
Method Accuracy (%)

k-NN 42
Fuzzy k-NN 40
Classification and regression trees 25
(CART)
Principal component analysis 47
(PCA )-E-NN
Probabilistic NN (PNN ) 19
SVM 17

Furthermore we classify the emotional & physical
stress using some well-known machine-learning
and artificial intelligence algorithms. The classi-
fication accuracy is around 17 to 47%, as shown
in the table. The proposed EM-EMD algorithm
achieve substantially higher classification accu-
racy with a lower computational complexity.
According to further data analysis, nine par-
ticipants had perspiration in the physical stress
test, especially the two participants whose stress
was not accurately classified (Because we have no
method to quantify sweats and can only describe
it with degrees, these two participants specified
heavy perspiration). These two participants were
found to have colds according to background data
analysis. We re-invited them to repeat the ex-
periment when they were healthy. The repeated
experimental results confirmed validity of the
algorithm. This indicates that perspiration will
not influence the algorithm effect, although in-
dividual health shall be considered. Although
experimental results proved the effectiveness of
the EM-EMD algorithm, individual health is in-
soluble in the experimental design. Hence, future

research will focus on adding appropriate back-
ground parameters (including individual health
parameter) into the EM-EMD algorithm.

4. Conclusions and future work

This paper classifies emotional and physical
stress with facial infrared imaging signals. Ex-
isting stress psychological parameters or image
recognition methods could classify stress and the
baseline state, but cannot distinguish the effects
of emotional and physical stress on human thermal
signal. A novel EM-EMD algorithm is presented,
which extracts blood vessel information based on
facial thermal imaging signals. First psychological
signals under stressed state are amplified through
the signal amplification algorithm. Later EMD
frequency decomposition is performed according
to the time scale features of emotional and physi-
cal stress signals. The GMM algorithm obtains
as high as 85% stress classification accuracy. As
far as the authors know, this is a successful clas-
sification of emotional and physical stress through
the imaging method. The proposed EM-EMD algo-
rithm lays a good foundation to use stress recog-
nition to preliminary screen staff in public places.
Of course future work will focus on improving ac-
curacy of the EM-EMD algorithm and additional
involvement of health parameters.
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