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Introduction
The spread of surveillance cameras and smartphones has 

made the use of images during crime scene analysis a com-
mon practice among forensic experts.1-3 This practice has 

helped not only to identify missing or unknown people,2,4 
but also to estimate age in suspected cases of child sexual  
exploitation.5 It is therefore necessary to develop and test 
methods that can be applied in these situations. In this con- 
text, analysis of the human body for forensic purposes com- 
prises a field of study that has challenged experts from dif-
ferent areas.2,6,7 

In a criminal investigation, images may constitute the 
only available means of probative analysis5,7,8 when it is 
crucial to identify people by images obtained from sur-
veillance cameras.9,10 Images are an important means of 
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ABSTRACT

Purpose: Using images in the facial image comparison process poses a challenge for forensic experts due to limita-
tions such as the presence of facial expressions. The aims of this study were to analyze how morphometric changes in 
the face during a spontaneous smile influence the facial image comparison process and to evaluate the reproducibility 
of measurements obtained by digital stereophotogrammetry in these situations. 
Materials and Methods: Three examiners used digital stereophotogrammetry to obtain 3-dimensional images of the 
faces of 10 female participants (aged between 23 and 45 years). Photographs of the participants’ faces were captured 
with their faces at rest (group 1) and with a spontaneous smile (group 2), resulting in a total of 60 3-dimensional 
images. The digital stereophotogrammetry device obtained the images with a 3.5-ms capture time, which prevented 
undesirable movements of the participants. Linear measurements between facial landmarks were made, in units of 
millimeters, and the data were subjected to multivariate and univariate statistical analyses using Pirouette® version 4.5 

(InfoMetrix Inc., Woodinville, WA, USA) and Microsoft Excel® (Microsoft Corp., Redmond, WA, USA), respectively.
Results: The measurements that most strongly influenced the separation of the groups were related to the labial/buccal 
region. In general, the data showed low standard deviations, which differed by less than 10% from the measured mean 
values, demonstrating that the digital stereophotogrammetry technique was reproducible.
Conclusion: The impact of spontaneous smiles on the facial image comparison process should be considered, and 
digital stereophotogrammetry provided good reproducibility. (Imaging Sci Dent 2021; 51: 279-90)
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recording information and have already been used to pass 
sentences and as proof of materiality.10

However, some factors make the use of morphological 
analysis and overlapping methods, such as facial image 
comparison, difficult.2,11-13 These limitations include camera  
quality, image resolution, ambient lighting, and the sus-
pect’s movement and spatial orientation in relation to the 
camera.3,12-15 In addition, many authors have discussed the 
possibility that facial expressions can significantly influence 
the facial image comparison process12,16-18 and whether  
these expressions are reproducible,19,20 especially under 
spontaneous conditions, when their reproducibility might 
limit facial movement analysis.18 For all these reasons, 
photo-anthropometry has not been recommended as a facial  
image comparison method.11

Nonetheless, advances in image capture technology have 
led to the emergence of video cameras that show images 
from different angles and carry out 3-dimensional (3D) 
reformatting of people’s images.21 In the medical field, digi - 
tal stereophotogrammetry aids the 3D study of the human 
face.22-25 In the forensic context, this technique has provi-
ded greater security with regard to image analysis and has 
opened new possibilities in facial identification.26,27

Given that morphometric changes of the face during facial  
expressions remain little-explored and that complete facial 
analysis based on 3D images obtained under controlled con-
ditions may enable a greater explanation and understan d- 
ing of the facial identification process, this study aimed to  
establish which photo-anthropometric measurements change  
the most during spontaneous smiles and to evaluate the  
reproducibility of these measurements in 3D images obtai- 
ned by digital stereophotogrammetry.

Materials and Methods
This cross-sectional study was carried out with approval 

of the Research Ethics Committee of the General Hospital 
of the Medical School of Ribeirão Preto of the University 
of São Paulo (protocol number: 86380818.8.0000.5440). 
Based on previous studies,17,18 the sample size of this pilot 
study consisted of 10 female participants, aged between 
23 and 45 years, who had previously provided consent and 
had been invited to participate in the research. The selected 
participants were healthy and had no history of trauma or 
craniofacial pathologies. In addition to these delimitations, 
the sample did not include participants who i) were unwill-
ing to have their images taken for personal reasons; ii) had 
scars; and iii) had face adornments that would make read-
ing the images difficult.

With clean skin and their hair tied back with the aid of a 
hair tie, each participant was evaluated by 3 different exami- 
ners, who had previously been calibrated to obtain 3D  
images by digital stereophotogrammetry. The image acqui-
sition process was conducted in triplicate and started with 
the marking of 39 anthropometric points that were identified 
through a visual inspection of the participants’ faces. Black 
eyeliner (Quem Disse, Berenice?®, Interbelle Comércio de  
Produtos de Beleza Ltda, São Paulo, SP, Brazil) was used 
to tag the points. Then, the participant was seated in front of  
a Vectra M3® system device (Canfield Scientific Inc., Fair-
field, NJ, USA) with occluded teeth, closed lips, and a rela- 
xed face, to reproduce a resting face. The obtained image 
corresponded to group 1 (resting face, Fig. 1). Immediately 
after the resting face image was captured, the participant re-
mained in the same position and was induced to smile spon- 

Fig. 1. Identified landmarks (green 
points): A. Three-dimensional (3D) 
photograph, resting face (group 
1). B. 3D photograph, face with a 
spontaneous smile (group 2). The 
abbreviations in blue refer to the 
names of landmarks, and the full 
descriptions of each landmark can 
be found in Tables 1 and 2.
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taneously, and the captured image was allocated to group 
2 (spontaneous smiling face, Fig. 1). The digital stereo-
photogrammetry device obtained the images with a 3.5-ms  
capture time, which prevented undesirable movements of 
the participants. Next, the participant had the markings  
removed with the help of a make-up remover (Quem Disse, 
Berenice?®, Interbelle Comércio de Produtos de Beleza 
LTDA, São Paulo, SP, Brazil).

In the 3D images, all the landmarks (Tables 1 and 2) were  
identified by using the software Vectra Analysis Module® 

(Canfield Scientific Inc., Fairfield, NJ, USA), and 42 linear 
measurements were made in units of millimeters (Fig. 2). 
Although Figure 1 shows the marking of the landmarks, 
the measurements were only taken in the middle and lower  

facial thirds because previous research17,18 raised the hypo- 
thesis that these regions may be the most relevant for distin-
guishing between a resting face and a spontaneous smiling  
face when linear measurements are made.

The data were subjected to multivariate statistical analy-
sis. To conduct the analyses, Pirouette® version 4.5 (Info- 
Metrix Inc., Woodinville, WA, USA) was used, and no pre- 
treatment was performed because the data had the same  
nature and dimension. Two methods, unsupervised and 
supervised, were employed. Principal component analysis 

(PCA) was applied as an exploratory evaluation to reduce 
the dimensionality of the system of variables and to observe  
possible groupings. Thus, the samples and variables were 
rewritten in a new system of axes that accounted for vari-

Table 1. Description of the identified midline landmarks. Adapted from Ferrario et al.28

Landmarks Abbreviation Localization

Trichion Tr Midline at the capillary intersection
Glabella G Most prominent point between the eyebrows
Nasion N Deeper point between the forehead and the nose
Pronasale Prn Most anterior point of the tip of the nose
Columella C Most prominent point at the base of the nose
Subnasale Sn Lowest point at the intersection of the base of the nose
Labiale superius Ls Midpoint at the beginning of the vermilion of the upper lip
Stomion Sto Intersection of the facial midline and the horizontal cleft lip
Labiale inferius Li Midpoint at the beginning of the lower lip vermilion
Sublabiale Sl Point in the midline of the lip groove
Pogonion Pg Most anterior point of the chin
Gnathion Gn Most inferior and anterior point of the mentonian symphysis
Menton Me Most anterior point of mentonian symphysis

Table 2. Description of the identified bilateral landmarks. Adapted from Ferrario et al.28

Landmarks Abbreviation Localization

Cheilion Ch Lip commissure
Exocanthion Ex External eye fissure commissure
Endocanthion En Internal eye fissure commissure
Frontotemporale Ft Laterally to the elevation of the temporal line
Orbitale Or Lowest point in the infraorbital groove
Orbitale superius Os Highest point in the supraorbital groove
Cheek Chk Intersection between the Camper plane and the line between the Ex and Ch points
Zygion Zy Lateral point of the zygomatic arch
Alare Al Most lateral point of the contour of the nostrils
Crista philtri Cph On each raised edge of the nasal filter
Crista alare Ac In the outer part of the wing of the nose
Tragion T On the upper edge of the Tragus
Gonion Go Most lateral point of the mandible angle
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ance in the system. These axes are called principal com-
ponents or factors. The coordinates of the samples through 
the principal components were presented by graphs called 
scores, while the variables were presented by graphs refer-
red to as loadings.29 For the supervised approach, the partial 
least squares for discriminant analysis model (PLS-DA) was  
applied to verify the adjustment of the samples to classes. 
Thus, the proposed technique aimed to classify the samples 
according to the previously defined groups.30-32

The results were evaluated based on the parameters Q2, 
R2, root mean square error of validation (RMSEV), and root 
mean square error of calibration (RMSEC), as described in 
Equations 1 to 4. To guarantee the model quality, it must be 
the case that R2>Q2 and RMSEC<RMSEV.29,31,32

Q2: internal correlation coefficient:
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RMSEV: root mean square error of validation:
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Finally, the samples were statistically analyzed using a uni- 
variate approach with Microsoft Excel® (Microsoft Corp., 
Redmond, WA, USA) to assess the reproducibility of spon- 
taneous smiles and to test the examiners’ calibration. For 
this purpose, the standard deviation for each measurement  
in each participant was calculated in order to assess the 
agreement of the measurements made by each examiner and 
to observe whether there was subjectivity in the location  
of these reference points on the face.

Results
Each photographed individual was considered to be a 

sample, and the distances acquired in the measurement pro-
cess were used as variables. The sample set was divided into  
2 classes (groups 1 and 2). In each of these classes, exami- 
ners 1, 2, and 3 were distinguished by the colors black, red, 
and blue, respectively. In the first PCA, there was an outlier;  
that is, an anomalous measurement that differed from the 
other measurements. This was related to the measurements 
that all the examiners made on participant 9. However, the  
groups had already been formed in a different way, so this 
outlier did not prevent the separation of the groups in the 
observed classes (Fig. 3).

This sample was removed to improve dispersion and to 
enable a more accurate assessment, which made it possi-
ble to distinguish between the 2 classes that were obtained  

Fig. 2. Specification of all the linear measurements made in millimeters (red lines). Measurements performed on the right (A), frontal (B), 
and left (C) views of the participant with a smiling face are illustrated.

A B C
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according to the scores shown in Figure 3. Class A repre- 
sents the measurements made in group 2, and class B repre- 
sents the measurements performed in group 1. The separa-
tion occurred in principal component 2 (factor 2).

Concerning all the information entered for the PCA, 
99.76% of it was contained in 2 principal components, 
which reduced the dimensionality of the system of vari-
ables. The loadings (Fig. 4) show the distribution of the 
measurements that were evaluated in each of the principal 

components.
The samples were separated according to the second prin- 

cipal component, as shown in Figure 3. Figure 4 depicts the 
variables that were responsible for discriminating the sam-
ples. The observed overlap meant that some variables had  
a similar influence on sample discrimination. Table 3 lists 
the numerical values for Figure 3; the values were organi- 
zed in decreasing order of influence in discriminating the 
samples. For class A, most values for the second princi-

Fig. 3. Principal component analysis scores for the data obtained from the resting (class B, group 1) and spontaneous smiling (class A, 
group 2) faces in each participant (P). The black, red, and blue samples represent examiners 1, 2, and 3, respectively.

Class A

Class B

Fig. 4. Loadings in the principal component analysis. Class A represents the measurements made in group 2 (spontaneous smiling face), 
and class B represents the measurements performed in group 1 (resting face).

Class A

Class B
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pal component were positive, whereas most values for the 
second principal component were negative for class B. 
Furthermore, the more negative the value in Table 3, the 
higher the weight the sample had on belonging to class B. 
Conversely, the more positive this value, the higher the 
weight the sample had on belonging to class A. Several 
measurements (left Go - Pg, right Go - right T, right Go - Pg,  
Gn - left Go, Gn - right Go, Ls - Sto, right T - left T, and right 
Zy - left Zy; Tables 1 and 2) had a slight influence because  
their values were close to 0 for the second principal com-
ponent. Therefore, these measurements were removed from 
the original data group, given that they had no significant 
discriminatory influence. To drive decision-making, it was 
decided to remove measurements in a cut-off zone between 
-0.03 and 0.03.

The variables that most strongly influenced the separa-
tion between classes A and B corresponded to the distances 
between the reference points of the labial/buccal region and 
the mandible. This fact confirmed the initial hypothesis that 
these measurements would be able to differentiate between 
the assessed classes and would be the most important in 
separating them. The unsupervised analysis revealed that 
there was a relative separation with few measurements that 
could be used to create a model to classify these groups.

After exploring the system by PCA, a second multivariate  
statistical evaluation was conducted. In this evaluation step,  
we used PLS-DA as a supervised approach. The overall idea  
was to evaluate the classes previously observed by PCA. 
The objective was to assess whether it would be possible 
to differentiate the resting and spontaneous smiling faces 
among the different participants.

In the PLS-DA model, the data matrix (X) can be correla- 
ted with a vector y, which takes on qualitative values (1 and 
-1, for example), and each class is discriminated through 
these values. Thus, for the PLS-DA training model, class 1 
values were assigned to samples referring to the dataset of 
participants with a spontaneous smiling face and class -1 
values to samples corresponding to the dataset of partici-
pants with a resting face. Outliers were not detected.

To assess the robustness of the model created by applying  
the statistical-mathematical procedure, the parameters Q2, 
R2, RMSEV, and RMSEC were observed. To ensure model 
quality, 2 basic conditions for the multivariate regression 
models (PLS-DA in this case) were used, namely R2>Q2 
and RMSEC<RMSEV. Table 4 groups these results for up 
to 5 principal components (factor 5).

Based on the information presented in Table 4, it was  
decided that the best model involved 3 principal compo-

Table 3. Measurements that influenced the separation of the classes, organized in descending order. Class A represents the measurements 
made in group 2 (spontaneous smiling face), and class B represents the measurements performed in group 1 (resting face)

Class A Class B

Right Ch - left Ch 0.3543 Left Ch - left T -0.3355
Li - right Ch 0.3130 Left Ch - left Go -0.3271
Li - left Ch 0.2993 Right Ch - right T -0.3150
Sto - Li 0.1886 Right Ch - right Go -0.2919
Right Cph - right Ch 0.1798 Right Chk - right Ex -0.1253
Ls - Li 0.1784 Left Chk - left Ex -0.1238
Left Cph - left Ch 0.1725 N - Sto -0.1102
Sn - Pg 0.1343 Sn - Ls -0.0728
Sn - Gn 0.1190 Sn - Sto -0.0707
N - Pg 0.1182 Li - Me -0.0524
N - Gn 0.1050 Left Chk - left En -0.0449
Right Cph - left Cph 0.0930 Right Ch - right Chk -0.0431
Sn - Me 0.0775 Right Chk - right En -0.0402
N - Me 0.0661 Left Ch - left Chk -0.0364
Left Chk - left T 0.0556
Right Go - left Go 0.0496
Right Chk - right T 0.0454
Ls - right Cph 0.0450
Ls - left Cph 0.0420
Left Go - left T 0.0325
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nents (factor 3). This choice was made because the total 
amount of information that was accumulated between prin-
cipal components 3 (99.78%) and 4 (99.86%) was small, so 
the addition of more principal components to the model did 
not provide significant improvements. However, 2 principal 
components (factor 2) afforded a less reliable model. Hence, 
the parameters were: Q2 =0.878, R2 =0.904, RMSEV =  
0.349, and RMSEC=0.318.

Figure 5 represents the PLS-DA model that was created  
by using 3 principal components. Samples with values 
above 0 were related to the participants with resting faces; 
samples with values below 0 corresponded to the partici-
pants with spontaneous smiling faces. These results showed 
that the model was robust enough to distinguish between 
faces given that none of the samples crossed the 0 axis on 
Pred Cal. Therefore, there was no error in classification.

The PLS-DA model can distinguish between resting and 
spontaneous smiling faces, as in the case of the groups in 
this study. To ensure that the measurements were performed 

correctly, the reproducibility of this study was assessed. In  
this approach, it was evaluated whether a spontaneous smile  
was being made at the time of the photographs. For this pur- 
pose, the examiners’ accuracy was considered when they 
made the markings and measurements. A univariate statistic  
was employed to verify the standard deviation that was rela- 
ted to each measurement for each examiner per sample  

(Fig. 6).
Thus, an analysis of Figure 6 revealed certain regions with 

larger standard deviations (peaks of greater intensity), which 
corresponded to the places where the measurements were 
less reproducible and where the examiners’ measurements 
were more discrepant. However, the data generally showed 
low standard deviations because they differed by less than  
10% in relation to the measured mean values. Additionally,  
the measurements that resulted in the best measurement 
performance among the examiners were linked to the labial/ 
buccal and mandible region, as follows: right Ch - left  
Ch, left Chk - left T, right Chk - right T, left Cph - left Ch,  

Table 4. Parameters obtained for the model created to classify the resting and spontaneous smiling faces of female participants. 

Accumulated 
Information (%) Q2 R2 RMSEV r Val RMSEC r Cal

Factor 1 0.293 0.996 0.880 1.117 -0.998 0.576 0.938
Factor 2 99.734 0.866 0.882 0.366 0.931 0.350 0.939
Factor 3 99.781 0.878 0.904 0.349 0.937 0.318 0.951
Factor 4 99.866 0.916 0.955 0.290 0.957 0.220 0.977
Factor 5 99.887 0.935 0.961 0.255 0.967 0.206 0.980

The number of principal components that was used is in bold

Fig. 5. Representation of the model developed between the resting (values above zero) and spontaneous smiling faces (values below zero).
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right Cph - right Ch, right Cph - left Cph, left Go - left T, 
right Go - left Go, Li - left Ch, Li - right Ch, Ls - left Cph, Ls -  

right Cph, Ls - Li, N - Gn, N - Me, N - Pg, Sn - Gn, Sn - Me, 
Sn - Pg, and Sto - Li (for definitions, see Tables 1 and 2).

Discussion
The presence of facial expressions in images that are used  

in the facial image comparison process can compromise the  
facial identification process.12,16-18 However, their true influ- 
ence remains unclear. In this context, digital stereophoto-
grammetry enables the face to be morphometrically studied 
by means of high-quality and realistic 3D images, which 
result from reformatting 2-dimensional (2D) photographs 
that are captured in different angles from similar distan-
ces.22,24,33,34

Due to the speed with which the photographs are cap-
tured and to the absence of physical contact with the analy- 
zed region, biases related to the participants’ movement or 
to tissue changes resulting from physical contact are mini- 
mized.22,33,35-38 Gibelli et al.17 used the stereophotogramme- 
tric technique to superimpose 3D images of 10 male partici- 
pants who displayed different facial expressions (happy, sad,  
angry, surprised) onto the respective 3D images of their rest-
ing faces. By applying root mean square values, the authors  
found that the happy expression was responsible for consi- 
derable changes in the mouth and chin.

Therefore, the facial identification process requires a prior  
suspect’s registration so that comparison is possible.11 More- 

over, despite its advantages, the technology that allows 3D  
facial images to be captured still is not widespread. In this 
context, 2D photographs are still necessary, and this type of 
material is more accessible. Nevertheless, Kleinberg et al.39 
compared angles and proportionality indices between sets of 
photographs of different people and concluded that the use 
of 2D photographs in facial identification may be subject to  
the presence of confounding variables, such as facial exp- 
ressions, which can prevent consistent results from being  
obtained. Kleinberg et al.39 presented suggestions that 
should be explored, which were included in this research.

Based on the results of Kleinberg et al.39 and Gibelli et 
al.17, this study aimed to assess which linear measurements 
performed on 3D images would be particularly relevant for 
discriminating between a resting face image and the corre-
sponding spontaneous smiling face image. The multivariate 
statistics applied in this research made it possible to verify 
that the data were naturally grouped into 2 distinct classes, 
and that a few linear measurements performed on the 3D 
images were particularly relevant for separating the evalua- 
ted groups (Table 3).

Although Gibelli et al.2 pointed out that facial expressions  
could cause small changes in the face as a whole, and that  
facial expressions are important because they affect the  
facial image comparison methods, here the main facial 
changes during spontaneous smile were detected in the la-
bial/buccal region. As expected, from a practical viewpoint,  
the results of the present research suggest that linear mea-
surements between different landmarks of the labial/buccal 

Fig. 6. Graph correlating the measurement locations (x axis), the evaluated individuals (P) (z axis), and the standard deviation (y axis) for 
each performed measurement.
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region should be chosen when deciding whether to apply 
photo-anthropometric analysis as a method of human iden-
tification in these situations. This finding was clear from the 
application of the PCA technique, which allowed the natural  
organization of the data to be understood and enabled  
to verify that some measurements were more influenced by 
a spontaneous smile, while other measurements were not 
significant for any of the evaluated cases.

In short, regarding the measurements that had a more 
marked influence on group separation, some measurements 
were more influential than others (Table 3). Within class B 

(group 1), for example, the Ch - Chk measurements (right 
and left) influenced class separation less than the Ch - T 
measurements (right and left). Although, because of their 
negative values, the Ch - Chk measurements (right and left) 
had a weight on separating class B (group 1) from class A 

(group 2) too, as can be seen in Table 3. This fact, added 
to the influence that the right Ch - left Ch and Li - Ch (right 
and left) measurements had on the separation of class A, 
demonstrates the importance of cheilion displacement 
during a spontaneous smile, which can often be observed 
in a 2D image context.40

The supervised classificatory technique (PLS-DA) rein-
forced the PCA conclusions. In this study, a model that can 
be used to predict the participants’ spontaneous smiling and  
resting faces was created. Thus, as shown in Figure 5, the 
PLS-DA model correctly separated groups 1 and 2, with the  
spontaneous smiling face samples having greater dispersion  
in the Pred Cal axis as compared to the resting face samples.  
This indicated that, in practice, even though a person may 
exhibit different smile amplitudes spontaneously, small 
changes in the lip/buccal region can influence the linear 
measurement values obtained in this region, as observed by  
Gibelli et al.2 Therefore, during the facial image comparison  
process, safely delimiting the presence or absence of facial 
changes related to a spontaneous smile is relevant. How-
ever, for other participants to be included, it is necessary to 
expand the sample and reassess the statistical parameters.

In a 3D context, Velemínská et al.37 explained that signi- 
ficant changes in the facial surface occur in the anterior 

(middle and sides of the cheek) and posterior (corners of the  
mouth and areas around it) directions when a 3D image of 
the smiling face is compared with a 3D image of the resting  
face. In addition, Velemínská et al.37 emphasized that 3D 
images allow facial changes to be studied in their entirety 
without information loss. Therefore, research must be car-
ried out to evaluate the influence of the loss of dimension 
that occurs in 2D photographs, mainly because Martos et 
al.41 found promising results when they estimated dimen-

sions and proportionality indices in 3D images formed from  
2D photographs.

Nonetheless, the spontaneity of facial expressions must be  
considered18 because the standardized smile does not reflect  
the range of movements that the lips can perform, in addi-
tion to being subject to inter-individual variability.40 In this 
context, to test spontaneous smile reproducibility, a uni-
variate statistic was used, which made it possible to verify 
that certain measurements had smaller standard deviations; 
in other words, they were more reproducible, while other 
measurements afforded a greater standard deviation (Fig. 6).

With regard to facial expression reproducibility, Özsoy et 
al.42 used a portable 3D scanner and found that the evaluated  
facial expressions (surprised, angry, sad, scared, happy, dis- 
gusted) were reproducible within subjects even after a 3- 
month interval, as well as in intra- and inter-observer analy- 
ses, wherein the faces were scanned twice consecutively. 
Although Özsoy et al.42 did not evaluate smile spontaneity,  
their approach, as well as the approach of the present res- 
earch, enabled safe use of the data by demonstrating repro-
ducibility in both the qualitative and quantitative aspects. 
Reinforcing this idea, Sawyer et al.20 evaluated the reprodu- 
cibility of 9 facial expressions through digital stereophoto-
grammetry in different sessions that ranged from 15 min-
utes to 1 month apart, to find that all the expressions were 
reproducible after a 15-minute interval. For a 1-month inter- 
val, Sawyer et al.20 found statistically significant differences  
in just 2 facial expressions, which were “smile-with-lips-
open” and “blow-out-the-cheeks”, although Sawyer et al.20 
recognized that these differences were clinically insignifi-
cant.

Hence, the study of facial expressions in spontaneous con-
ditions is important because these expressions are present  
in everyday situations in which facial identification may 
be required. As highlighted by Tarantili et al.43, analyses of 
facial expressions by photo-anthropometric methods requi- 
res caution related to landmark location and facial tissue  
movement. Methods that associate landmark location with 
the advantages of digital stereophotogrammetry have proven  
considerably reliable in terms of measurements.35 As for  
facial tissue movement during spontaneous smiles, Tarantili  
et al.43 used a digital video camera to assess the reactions 
of 15 children while they were watching a funny cartoon 
video, and found that the width of the mouth (right Ch - left 
Ch) increased by an average of 27% and the height of the 
upper lip decreased by an average of 28% (with both mea-
sured in relation to the resting face). This demonstrated the 
changes that these distances undergo in these situations.

Tarantili et al.43 also emphasized that the displacement of 
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points such as the cheilion can differ among people; that is, 
the smile can present different degrees of asymmetry. They 
also highlighted that 3D image capture methods employing  
landmark location and inducing spontaneous smiles by ver- 
bal stimuli can create an artificial environment that can 
interfere with the spontaneity condition, which may have 
been a limitation of this research. Notwithstanding, this res- 
earch is important because it has demonstrated that mea-
surements related to the labial/buccal region can be repro-
ducible (Fig. 6) although they are conditioned to subjective 
factors intrinsic to each participant, such as inter-individual 
variability and the greater or lesser range of the smile when 
facing each examiner.40

Thus, the results of this study may support new research 
that uses univariate and multivariate analyses to assess 
which linear measurements should be considered in other 
facial expressions for the purpose of facial identification 
because the microexpressions originating with the smile 
did not influence the separation of the evaluated groups. It 
is possible that application of the proposed methodology to 
2D photographs can direct the facial identification process 
in places where techniques for obtaining 3D images are not  
yet present. Additionally, as digital stereophotogrammetry  
devices for facial analysis have been widely used in the 
medical field,22-25 large image databases from different pop-
ulations around the world can be used to test the methodo- 
logy proposed in this research.

Although PLS-DA or other regression methods can be 
used for prediction, multivariate methods are helpful to un-
derstand systems with high dimensionality. These methods  
are not just about predictions. Multivariate tools can be appl- 
ied to explore differences in data sets with many vari- 
ables to obtain information that would not be easily obser- 
ved because of the dimensionality. Simple regression is not  
enough to understand a system with many variables. In 
the specific case of PLS-DA, the use of class associations 
makes it possible to explore the system more clearly, indi- 
cating parameters to evaluate the quality of the classifica-
tion.44,45 Multivariate regression methods are used to deal 
with multivariate systems, analogously to the use of uni-
variate regression to understand univariate data.46 Based on  
this information, it is possible to comprehend how the sys-
tem behaves. This knowledge can eventually be used for 
forecasting, but it is not mandatory. In the specific case of 
this work, a use that has not yet been explored in the areas of  
dentistry and dental imaging was proposed. The multivari- 
ate approach was shown to be useful to recognize differ-
ences between the resting and spontaneous smiling faces.

In conclusion, a spontaneous smile may cause morpho-

metric changes in the face, so its influence should be consi- 
dered when facial identification is necessary, especially if 
photo-anthropometric analyses are applied to the labial/
buccal region. Indeed, measurements such as right Ch - left  
Ch, Li - Ch (right and left), and Sto - Li undergo major 
changes during spontaneous smiles. As demonstrated by the  
PLS-DA results, such changes enabled a safe distinction 
between the resting and spontaneous smiling faces, which 
can be particularly useful in a forensic context of assess-
ment. Thus, this study can help to create more reliable 
methods for face distinction by developing a database and 
improving the options that are available for these purposes, 
including visual comparison. However, as shown in PCA, 
some measurements did not undergo significant changes, 
which suggested that microexpressions in certain regions of 
the face may not invalidate the facial identification process.  
In addition, measurements related to the smile were shown 
to be reproducible, but photo-anthropometric analyses 
should be performed with caution because some measure-
ments were more reproducible than others.

Conflicts of Interest: None.

Acknowledgments
We thank the Laboratory of Research in Electromyo graphy 

of the Stomatognathic System (LAPESE) of the USP - 
School of Dentistry Ribeirão Preto and the Laboratory of  
Interdisciplinary Law-Chemistry (LEI-DQ) of USP - School 
of Philosophy, Sciences and Letters of Ribeirão Preto for 
their valuable contributions to this paper. We also thank Cyn- 
thia Maria de Campos Prado Manso for language editing 
and proofreading.

References 
  1.  Milliet Q, Delémont O, Margot P. A forensic science perspec-

tive on the role of images in crime investigation and reconstruc-
tion. Sci Justice 2014; 54: 470-80.

  2.  Gibelli D, Obertová Z, Ritz-Timme S, Gabriel P, Arent T, Ratna- 
yake M, et al. The identification of living persons on images: a 
literature review. Leg Med (Tokyo) 2016; 19: 52-60.

  3.  Seckiner D, Mallett X, Roux C, Meuwly D, Maynard P. Foren-
sic image analysis - CCTV distortion and artefacts. Forensic Sci 
Int 2018; 285: 77-85.

  4.  Obertová Z, Cattaneo C. Child trafficking and the European mig- 
ration crisis: the role of forensic practitioners. Forensic Sci Int 
2018; 282: 46-59.

  5.  Cattaneo C. Forensic anthropology: developments of a classical 
discipline in the new millennium. Forensic Sci Int 2007; 165: 
185-93.



- 289 -

Paulo Henrique Viana Pinto et al

  6.  Cattaneo C, Ritz-Timme S, Gabriel P, Gibelli D, Giudici E, 
Poppa P, et al. The difficult issue of age assessment on pedo- 
pornographic material. Forensic Sci Int 2009; 183: e21-4.

  7.  Cummaudo M, Guerzoni M, Marasciuolo L, Gibelli D, Cigada 
A, Obertová Z, et al. Pitfalls at the root of facial assessment on 
photographs: a quantitative study of accuracy in positioning 
facial landmarks. Int J Legal Med 2013; 127: 699-706.

  8.  Machado CE, Flores MR, Lima LN, Tinoco RL, Franco A, 
Bezerra AC, et al. A new approach for the analysis of facial 
growth and age estimation: Iris ratio. PLoS One 2017; 12: 
e0180330.

  9.  Wilkinson C, Evans R. Are facial image analysis experts any 
better than the general public at identifying individuals from 
CCTV images? Sci Justice 2009; 49: 191-6.

10.  Mallett X, Evison MP. Forensic facial comparison: issues of 
admissibility in the development of novel analytical technique. 
J Forensic Sci 2013; 58: 859-65.

11.  Facial Identification Scientific Working Group. Facial compari- 
son overview and methodology guidelines [Internet]. Facial 
Identification Scientific Working Group; 2020 [cited 2020 Mar 
27]. Available from: https://fiswg.org/fiswg_facial_comparison_
overview_and_methodology_guidelines_V1.0_20191025.pdf. 

12.  Vanezis P, Brierley C. Facial image comparison of crime sus-
pects using video superimposition. Sci Justice 1996; 36: 27-33.

13.  Moreton R, Morley J. Investigation into the use of photoan-
thropometry in facial image comparison. Forensic Sci Int 2011; 
212: 231-7.

14.  Davis JP, Valentine T, Davis RE. Computer assisted photo- 
anthropometric analyses of full-face and profile facial images. 
Forensic Sci Int 2010; 200: 165-76.

15.  Lee WJ, Kim DM, Lee UY, Cho JH, Kim MS, Hong JH, et al. 
A preliminary study of the reliability of anatomical facial land-
marks used in facial comparison. J Forensic Sci 2019; 64: 519-
27.

16.  Caplova Z, Compassi V, Giancola S, Gibelli DM, Obertová Z, 
Poppa P, et al. Recognition of children on age-different images: 
facial morphology and age-stable features. Sci Justice 2017; 57: 
250-6.

17.  Gibelli D, De Angelis D, Poppa P, Sforza C, Cattaneo C. An  
assessment of how facial mimicry can change facial morpho-
logy: implications for identification. J Forensic Sci 2017; 62: 
405-10.

18.  Gibelli D, Codari M, Pucciarelli V, Dolci C, Sforza C. A quanti- 
tative assessment of lip movements in different facial expres-
sions through 3-dimensional on 3-dimensional superimposition: 
a cross-sectional study. J Oral Maxillofac Surg 2018; 76: 1532-
8.

19.  Johnston DJ, Millett DT, Ayoub AF, Bock M. Are facial expres-
sions reproducible? Cleft Palate Craniofac J 2003; 40: 291-6.

20.  Sawyer AR, See M, Nduka C. Assessment of the reproducibili-
ty of facial expressions with 3-D stereophotogrammetry. Otola-
ryngol Head Neck Surg 2009; 140: 76-81.

21.  Chen YY, Huang YH, Cheng YC, Chen YS. A 3-D surveillance 
systems using multiple integrated cameras [Internet]. Harbin: 
Proceedings of 2010 IEEE International Conference on Infor-
mation and Automation (ICIA); 2010 June 20-23 [cited 2020 
Mar 27]. Available from: https://ieeexplore.ieee.org/stamp/
stamp.jsp?tp=&arnumber=5512016.

22.  Lane C, Harrell W Jr. Completing the 3-dimensional picture. 
Am J Orthod Dentofacial Orthop 2008; 133: 612-20.

23.  Tzou CHJ, Frey M. Evolution of 3D surface imaging systems 
in facial plastic surgery. Facial Plast Surg Clin North Am 2011; 
19: 591-602.

24.  Sigaux N, Ganry L, Mojallal A, Breton P, Bouletreau P. Stereo-
photogrammetry and facial surgery: principles, applications and 
prospects. Ann Chir Plast Esthet 2018; 63: 62-8.

25.  Koudelová J, Hoffmannová E, Dupej J, Velemínská J. Simula-
tion of facial growth based on longitudinal data: age progres-
sion and age regression between 7 and 17 years of age using 3D 
surface data. PLoS One 2019; 14: e0212618.

26.  Gibelli D, De Angelis D, Poppa P, Sforza C, Cattaneo C. A view 
to the future: a novel approach for 3D-3D superimposition and 
quantification of differences for identification from next-genera- 
tion video surveillance systems. J Forensic Sci 2017; 62: 457-
61.

27.  Gibelli D, Pucciarelli V, Poppa P, De Angelis D, Cummaudo M, 
Pisoni L, et al. 3D-3D facial superimposition between monozy-
gotic twins: a novel morphological approach to the assessment 
of differences due to environmental factors. Leg Med (Tokyo) 
2018; 31: 33-7.

28.  Ferrario VF, Sforza C, Serrao G, Ciusa V, Dellavia C. Growth 
and aging of facial soft tissues: a computerized three-dimen-
sional mesh diagram analysis. Clin Anat 2003; 16: 420-33.

29.  Bruni AT, Leite VB, Ferreira MM. Conformational analysis: a  
new approach by means of chemometrics. J Comput Chem 
2002; 23: 222-36.

30.  Wold S, Sjöström M, Eriksson L. PLS-regression: a basic tool 
of chemometrics. Chemometr Intell Lab Syst 2001; 58: 109-30.

31.  Tominaga Y. Comparative study of class data analysis with 
PCA-LDA, SIMCA, PLS, ANNs, and k-NN. Chemometr Intell 
Lab Syst 1999; 49: 105-15.

32.  Szymańska E, Saccenti E, Smilde AK, Westerhuis JA. Double- 
check: validation of diagnostic statistics for PLS-DA models in 
metabolomics studies. Metabolomics 2012; 8 (Suppl 1): 3-16.

33.  Wong JY, Oh AK, Ohta E, Hunt AT, Rogers GF, Mulliken JB, et 
al. Validity and reliability of craniofacial anthropometric mea-
surement of 3D digital photogrammetric images. Cleft Palate 
Craniofac J 2008; 45: 232-9.

34.  Silva AM, Magri LV, Junqueira Jr ÁA, Silva MA. 3D stereo-
photogrammetry facial analysis of Angle I subjects: gender 
comparison. Rev Odontol UNESP 2015; 44: 137-42.

35.  Weinberg SM, Scott NM, Neiswanger K, Brandon CA, Marazita  
ML. Digital three-dimensional photogrammetry: evaluation of 
anthropometric precision and accuracy using a Genex 3D camera  
system. Cleft Palate Craniofac J 2004; 41: 507-18.

36.  Weinberg SM, Naidoo S, Govier DP, Martin RA, Kane AA, 
Marazita ML. Anthropometric precision and accuracy of digital 
three-dimensional photogrammetry: comparing the Genex and 
3dMD imaging systems with one another and with direct anthro- 
pometry. J Craniofac Surg 2006; 17: 477-83.

37.  Velemínská J, Danková S, Břízová M, Červenková L, Krajíček 
V. Variability of facial movements in relation to sexual dimor-
phism and age: three-dimensional geometric morphometric 
study. Homo 2018; 69: 110-7.

38.  Gibelli D, Dolci C, Cappella A, Sforza C. Reliability of optical 
devices for three-dimensional facial anatomy description: a sys-

https://fiswg.org/fiswg_facial_comparison_overview_and_methodology_guidelines_V1.0_20191025.pdf
https://fiswg.org/fiswg_facial_comparison_overview_and_methodology_guidelines_V1.0_20191025.pdf
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=5512016
https://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=5512016


Can a spontaneous smile invalidate facial identification by photo-anthropometry?

- 290 -

tematic review and meta-analysis. Int J Oral Maxillofac Surg 
2020; 49: 1092-106.

39.  Kleinberg KF, Vanezis P, Burton AM. Failure of anthropometry 
as a facial identification technique using high-quality photo-
graphs. J Forensic Sci 2007; 52: 779-83.

40.  Holberg C, Maier C, Steinhäuser S, Rudzki-Janson I. Inter- 
individual variability of the facial morphology during conscious 
smiling. J Orofac Orthop 2006; 67: 234-43.

41.  Martos R, Valsecchi A, Ibáñez O, Alemán I. Estimation of 2D 
to 3D dimensions and proportionality indices for facial exami- 
nation. Forensic Sci Int 2018; 287: 142-52.

42.  Özsoy U, Sekerci R, Hizay A, Yildirim Y, Uysal H. Assessment 
of reproducibility and reliability of facial expressions using 3D 

handheld scanner. J Craniomaxillofac Surg 2019; 47: 895-901.
43.  Tarantili VV, Halazonetis DJ, Spyropoulos MN. The sponta- 

neous smile in dynamic motion. Am J Orthod Dentofacial  
Orthop 2005; 128: 8-15.

44.  Ruiz-Perez D, Guan H, Madhivanan P, Mathee K, Narasimhan 
G. So you think you can PLS-DA? BMC Bioinformatics 2020; 
21(Suppl 1): 2.

45.  Worley B, Powers R. Multivariate analysis in metabolomics. 
Curr Metabolomics 2013; 1: 92-107.

46.  Infometrix, Inc. Chemometrics Technical Note. Description of 
Pirouette Algorithms [Internet]. Bothell: Infometrix, Inc.; 1993 

[cited 2021 Apr 10]. Available from: http://www.infometrix.biz/
apps/19-0193_AlgorithmTN.pdf. 

http://www.infometrix.biz/apps/19-0193_AlgorithmTN.pdf
http://www.infometrix.biz/apps/19-0193_AlgorithmTN.pdf

