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Abstract

The success of forensic identification largely depends on the
availability of strong evidence or traces that substantiate the
prosecution hypothesis that a certain person is guilty of crime.
In light of this, extracting subtle evidences which the criminals
leave behind at the crime scene will be of valuable help to in-
vestigators. We propose a novel method of using strain pattern
extracted from changing facial expressions in video as an aux-
iliary evidence for person identification. The strength of strain
evidence is analyzed based on the increase in likelihood ratio
it provides in a suspect population. Results show that strain
pattern can be used as a supplementary biometric evidence in
adverse operational conditions such as shadow lighting and
face camouflage where pure intensity-based face recognition
algorithms will fail.

1 Introduction
Forensic Identification is the application of forensic science
and technology to recognize specific objects from the evi-
dence/trace they leave behind. With the increasing availabil-
ity of digital image evidence from criminal investigations and
surveillance activities, the popular demand for automatic per-
son identification from images has magnified in the last few
years. Research in face recognition as an identification sys-
tem has experienced considerable surge primarily because of
the numerous practical applications where human identifica-
tion is required – forensics being one of them. The perfor-
mance and the number of such systems have increased tremen-
dously since the first face recognition system was proposed in
1973. However, main technical difficulties identified in the ear-
lier studies still exist [5, 13], especially those caused by illumi-
nation changes. For example, recent studies indicate that out-
door environment poses a serious challenge to current meth-
ods [10, 11]. Another concern is that appearance-based ap-
proaches require that a “clean” face be present in images. This
could be an issue in situations where the appearance of the face
is modified by makeup or plastic surgery, either intentionally
or unintentionally. This assumes high significance in the con-
text of criminal investigations where camouflage is a popular
modus operandi.

To deal with such issues, the trend is to search for infor-

mation that is not used by traditional methods. For exam-
ple, range imaging was used to provide 3D data [3]. Beyond
visible modalities such as infrared imagery were also investi-
gated [14].

Recent psychological and neural studies indicate that
changing facial expressions and head movements provide ad-
ditional evidences for recognition [9]. These findings hint that
both fixed facial features and dynamic personal characteristics
are used in the human visual system (HVS) to recognize peo-
ple. It is clear that facial dynamics, if exploited efficiently, can
lead to improved performance in recognition. By facial dy-
namics, we refer to the non-rigid movement of facial features,
in addition to the rigid movement of the whole face (head) [8].

Many parts of human face have been studied in search
for new biometrics. Iris and retina scans have been used in
a restricted-access environment [14]. Ear also possesses in-
formation that can be harnessed in a multi-classifier frame-
work [4]. However, soft tissue (muscle and skin), the main
anatomical unit of a face, has received little attention as a bio-
metric evidence. It should be mentioned that material proper-
ties of soft tissues have been used in clinical applications such
as for burn scar assessment [16].

Inspired by these observations, a novel method that charac-
terizes the soft tissue properties of face through strain pattern
exhibited during facial expression is proposed for identifica-
tion. The proposed method has several unique features: (1) It
is the strain pattern instead of intensity information that is used
as an evidence for identification; (2) Strain pattern is extracted
from a video sequence in which a subject’s face may be de-
formed and covered with camouflage; (3) Videos are acquired
with a regular camcorder and no special imaging equipments
such as range and infrared cameras are needed. Fig. 1 shows
some sample images used in the experiments.

Facial strain pattern has its strong root in biomechanics. It
is related to material properties of soft tissue that is unique
for each individual. Specifically, strain pattern has two ad-
vantages: (1) It is less vulnerable to makeup or camouflage,
because the strain pattern of a face (with or without makeup)
remains the same as long as reliable facial deformation is cap-
tured; (2) Any change to the soft tissue properties caused by
plastic surgery will be reflected in the strain pattern and hence
could be detected.
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a. Normal Light b. Low Light

c. Shadow Light d. Camouflage

Figure 1: Video Acquisition Conditions.

Compared to our previous work [18], this paper makes
significant advances: (1) Motion computation is automated
with an optical flow algorithm that replaces the manual fea-
ture matching approach; (2) Strain computation is simplified
with a more efficient finite difference method; (3) A sequence
of strain patterns, rather than a snap shot of strain pattern, is
gathered, which enables us to study its invariance property.

2 Analysis of Strain Pattern
From a practical deployment point of view, a forensic evidence
can be analyzed in the following two important perspectives:
(1) Measurement (directly or indirectly) with current sensoring
technology; (2) Stability. We will examine these aspects of
facial strain pattern in the following subsections.

2.1 Strain Measurement
The success of strain pattern as a biometric is dependent upon
the quality of strain image. Although progress has been made
in the development of strain sensors, a non-contact strain imag-
ing system similar to the range camera is still not available.
However, there are approaches to compute the material prop-
erty of elastic objects [17].

Here, we employ an indirect approach that derives strain
image in two steps: (1) A motion field is obtained from two
video frames that capture an object’s deformation. (2) A strain
image is then computed from the motion field. Each step has
several implementation alternatives that are described below.

First, feature-based methods can produce good correspon-
dences in the presence of large deformation, but they result in a
sparse motion field. More importantly, they require user inter-
vention in case of poor feature quality. On the other hand, op-
tical flow method generates a dense motion field at pixel level
and is fully automated. Since we have videos at small interval
(30 frames per second), optical flow is a reasonable choice.

The second issue is what type of strain to use, 3D strain or
2D strain? It is ideal to have a full 3D strain pattern, because
3D data has been proven to be useful for face recognition [3].
At present, we do not have equipments that can capture range

image at the same speed of a video recorder, which is neces-
sary to compute 3D strain. So, our experiments are restricted
to 2D strain images. This also facilitates the use of the ap-
proach on existing data collected for surveillance operations
using regular camcorders.

Given a description of face deformation, we can use a finite
element method to compute its strain by forward modeling,
assuming that the Dirichlet condition is satisfied. Finite ele-
ment method is good at handling irregular shapes, but it is not
appropriate for processing large amount of videos due to its
computational cost. An alternative is to compute strain by its
definition in continuum mechanics. As a tensor, strain can be
expressed as derivatives of displacement vector and can be ap-
proximated by a finite difference method. The principal differ-
ence between the two being – finite difference method (FDM)
is an approximation to the differential equation; finite element
method (FEM) is an approximation to its solution. While FEM
can handle complex geometries with relative ease, FDM in its
basic form is restricted to rectangular shapes. The mathemat-
ical foundation of FEM is considered more sound than FDM.
The most attractive aspect of FDM is that it is very efficient
when carried out on a regular image grid. Since all our data are
stored in image format (raw image, motion image and strain
image), we chose finite difference method.

2.2 Stability of Strain Pattern
From a mechanical point of view, the shape of a face and its
deformation is largely determined by the strength of soft tis-
sues. Since the visual pattern of a face allows us to establish
its identity, it is natural to argue that soft tissues that actually
make up a face must contain unique information about the face.
This type of information can be quantified with a biomechan-
ical property such as elasticity. Using elasticity directly as a
biometric is not currently feasible for time constrained applica-
tions due to the computational complexity of solving nonlinear
ill-posed inverse problems. Fortunately, elasticity of facial tis-
sues can be adequately represented by strain pattern, provided
that certain boundary conditions are satisfied.

Strain pattern is unique in the sense that it enables us to “see
through” the appearance of a face and analyze its identity from
both anatomical and biomechanical perspectives. Fig. 2 shows
the strain pattern of six different individuals for a particular ex-
pression under same illumination conditions. Through a visual
inspection of the images, one can observe the uniqueness of
the strain images across persons.

Strain pattern is also robust to data conditions as it is re-
lated to intensity difference between two frames rather than
absolute intensity values of a single frame. If two frames are
taken under a similar lighting condition, the impact of illumi-
nation change or makeup on strain pattern is much less severe.
Fig. 3 shows the strain pattern of the same person for a partic-
ular expression under varying illuminations and camouflaged
face (Fig. 1).

It should be pointed out that physics-based techniques such
as deformable modeling has been used in facial expression
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Figure 2: Strain Maps Depicting Inter-Person Strain Variabil-
ity Under Same Lighting Conditions.

Normal Light Low Light Shadow Light Camouflage Face

Figure 3: Strain Maps Depicting Intra-Person Strain Consis-
tency Under Different Conditions.

analysis [6]. But their focus is on motion and modal param-
eters, while we make explicit use of strain patterns. More rig-
orous empirical validation of the stability criterion is presented
through various experiments as described in Section 4.

3 Computational Methods
3.1 Motion Field by Optical Flow Method
Optical flow is an approximation of motion field observed on
image plane. The fundamental equation is based on the princi-
ple of image brightness constancy:

(∇E)T p + Et = 0, (1)

where E = E(x, y, t) is the brightness (intensity) as a function
of image coordinates (x,y) and time (t), ∇E and Et denote its
spatial and temporal gradients, and p = [p = dx

dt , q = dy
dt ]T is

the motion vector.
There are numerous algorithms that have been developed

to the solve the Equation 1, usually accompanied with local
or global smoothness constraints. The method adopted in this
study is based on a robust estimation framework [2].

Given a pair of frames, the algorithm produces two motion
components, p and q. Examples of the generated motion field
are shown in Fig. 4 (c,d).

3.2 Strain Image by Finite Difference Method
A finite strain tensor is capable of describing large deformation
of soft tissues:

ε =
1
2
[∇u + (∇u)T + (∇u)T∇u] (2)

where u(u, v) is the displacement vector, and ∇ is the gradi-
ent operator. The quadratic product term in (2) introduces geo-
metric nonlinearity and amplifies errors from motion field. So,
we use Cauchy tensor that is linear and adequate for biometric
study:

ε =
1
2
[∇u + (∇u)T ] (3)

Given optical flow data (p, q), we can derive an image for
each strain component (∂u

∂x , ∂u
∂y , ∂v

∂x , ∂v
∂y ) with a finite differ-

ence method. First, we ensure that all frame pairs sent to the
optical flow algorithm have a fixed time interval, so that we
can utilize motion vector directly by dropping the time vari-
able (�t = constant):

p =
dx

dt

.=
�x

�t
=

u

�t

.= u (4)

q =
dy

dt

.=
�y

�t
=

v

�t

.= v (5)

There are a lot of methods to compute the spatial deriva-
tive from discrete points such as the forward difference
method, central difference method, and Richardson extrapo-
lation method. Since the central difference method is reported
to be the most simple and accurate of these methods [12], it is
used in this research.

∂u

∂x
=

u(x + �x) − u(x −�x)
2�x

.=
p(x + �x) − p(x −�x)

2�x
(6)

∂v

∂y
=

v(y + �y) − v(y −�y)
2�y

.=
q(y + �y) − q(y −�y)

2�y
(7)

where �x and �y are preset distances (usually 1-3 pixels).
The next step is to integrate all strain components into a

single feature. It has been observed that, when a subject opens
his/her mouth, motion is mostly vertical and strain pattern is
dominated by its normal components (∂u

∂x , ∂v
∂y ). Therefore, we

compute a strain magnitude image (εm) with normal strains
only:

εm =

√(
∂u

∂x

)2

+
(

∂v

∂y

)2

(8)

In [15], Yoshida et al. empirically evaluated the error in-
volved in strain computation using such an approach. The
numbers presented there are well within the tolerance level for
the purposes of this study.

A strain magnitude image is shown in Fig. 4 (e). It is ob-
tained by linearly scaling the strain magnitudes to gray levels
such that the lowest strain value is at 0 and the highest strain
value is at 255. Using strain magnitude falls in line with the
traditional 1D PCA analysis that is typically used in intensity-
based approaches. Alternatively, strain components could be
used which would require a multi-dimensional PCA approach.
Similarly, schemes that incorporate shear strains may also be
considered.
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In studies with frontal faces, images are usually normalized
to eye positions. Since we used profile frames, we selected
the top of nose and the center of ear as normalization land-
marks. In addition, we used the landmarks to create a mask
that crops out a rectangle sub-section (200 x 250 pixels) from
the original strain image (720 x 480 pixels). The sub-section
was then supplied to the recognition algorithm (Fig. 4 (f)). It
has to be noted that the derivative of the motion vector, strain
is sensitive to motion discontinuities due to boundary effect
of a moving object. As a result, high strain values are ob-
served along the lower jaw line where computations span re-
gion boundaries. Since it is not related to material properties
of the facial tissues, such values are not included in the re-
gion of interest. To further cope with errors due to numerical
noise induced by optical flow computations, the motion field
is smoothed using a median filter before computing the spatial
derivatives. All experiments were conducted using the Princi-
pal Component Analysis (PCA) algorithm. More details about
the implementation can be found in [1].

(a) Frame 12 (b) Frame 15 (c) Motion Field (p)

(d) Motion Field (q) (e) Strain Magnitude (f) Section to PCA

Figure 4: Motion and Strain Images from Two Frames.

4 Experiments
All experiments were conducted on videos acquired using a
Canon Optura 20 digital camcorder at a default speed of 30
frames per second at a spatial resolution of (720 x 480) pixels.
Subjects sit about 2 meters in front of the camcorder against a
plain grey board. In addition to normal indoor light, a point-
light source was arranged above the subject’s head to create
a shadow effect. There were 10 acquisition conditions: Nor-
mal Light (NL), Low Light (LL), Shadow Light (SL), Regular
Face (RF), Camouflaged Face (CF), Frontal View (FV), Profile
View (PV), Neutral Expression (NE) and Open Mouth (OM).
Various combinations of these conditions result in 14 acqui-
sition sessions. Conditions used in this paper’s experiments
are illustrated in Fig. 1. A total of 30 subjects participated in
the experiments. All subjects appeared in video sequences of
regular faces. 10 subjects were involved in sessions of Cam-
ouflaged Face (Fig. 1 (d)).

In all of these collections, subjects were asked not to move
their head excessively. This was done to suppress the domina-
tion of rigid movement in optical flow computations. However,
this is not a restriction because a rigid registration based on the

flow values of few manually selected face points in the first
frame is accomplished prior to strain computation.

4.1 Results
In this section, we present the results of the proposed approach
on the various data conditions. One of the popular ways of ana-
lyzing the strength of an evidence is by looking at the increase
in likelihood ratio [7] that a certain trace material originated
from a given suspect. Suppose, the size of the suspect popula-
tion prior to obtaining evidence A is R and obtaining evidence
A reduces the suspect population to size RA, then the strength
of the evidence is evaluated as R/RA. In our case, R = 30
and RA is the number of potential matches for a strain pattern
given a distance threshold T in the PCA subspace. Higher this
value, stronger the evidence against a particular suspect. For
example, in the case of DNA evidence, this number assumes
very high odds.

Traditionally, the threshold T is obtained by analyzing the
Receiver-Operating Characteristic (ROC) curve, which is a
plot between the percentage of correct or genuine matches or
True Acceptance Rate (TAR) and percentage of incorrect or
impostor matches or False Acceptance Rate (FAR) for varying
thresholds. The choice of T depends on the penalty for each
type of error, namely, false acceptance and true rejection. In a
biometric authentication system, where the penalty for incor-
rect access to a confined facility is high, T is chosen such that
the FAR is very low. On the other hand, in a forensic identifi-
cation system, where the penalty for completing excluding the
true match in your set of possible matches is high, T is chosen
such that the TAR is 100%.

We will analyze the strength of strain pattern as an evidence
by choosing a T on the ROC curve such that TAR = 100% and
report the corresponding increase in the likelihood ratios.

Results with Non-Camouflaged Faces One of the strengths
of strain pattern is that it is less sensitive to illumination vari-
ation, because strain is derived from intensity difference be-
tween two frames rather than absolute intensity values. We
carried out two tests using Regular Face with three lighting
conditions: Normal Light, Low Light and Shadow Light (Ta-
ble 1).

Table 1: Non-Camouflaged Face Experiments.
Suspect Population Traces

Test-1 30 (RF,NL,PV,OM) 30 (RF,LL,PV,OM)
Test-2 30 (RF,NL,PV,OM) 30 (RF,SL,PV,OM)

Test-1 is to investigate whether strain pattern can be used
as a forensic evidence under normal conditions, and Test-2
is to examine its performance under more adverse conditions
(Shadow Light). PCA results are plotted as ROC curves in
Fig. 5.

At approximately 10% false acceptance rate, Test-1
achieves 100% true acceptance. This corresponds to a 10 fold
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Figure 5: ROCs of Non-Camouflaged Face Experiments.

average increase in the likelihood ratio (30:3). At approxi-
mately 25% false acceptance rate, Test-2 achieves 100% true
acceptance. This corresponds to an average increase in the
likelihood ratio of 4.0 (30:7.5). If one prefers a single operat-
ing point for both the conditions, we could choose T (= T2)
from Test-2 and still achieve a considerable increase in the
likelihood ratio.

It should be stressed that shadow light markedly changes
the look of a face and can cause drastic performance degrada-
tion of an appearance-based method. The impact of shadow
light on strain’s performance, however, is much less severe.
The experiment suggests that strain pattern can be a valuable
evidence under such adverse conditions.

Results With Camouflaged Faces Camouflage, such as
those used by special forces, poses serious challenges to us-
ing traditional face identification as an evidence. Such a phe-
nomenon can be commonly observed during games in stadi-
ums where fans come to cheer their favorite team with strong
paints on their faces. To our knowledge, no research has been
done on how to deal with those extreme yet realistic cases. We
use the next experiment to demonstrate that strain pattern has
the potential to recognize faces inspite of disguise by makeup.
The experiment consists of two tests (Table 2).

Table 2: Camouflaged Face Experiments.
Suspect Population Traces

Test-1 30 (RF,NL,PV,OM) 10 (RF,LL,PV,OM)
Test-2 30 (RF,NL,PV,OM) 10 (CF,LL,PV,OM)

Because of the small number of camouflaged faces (10 sub-
jects), Fig. 6 presents the PCA results as score distributions
(distances in the PCA subspace).

Two observations can be made from the results: (1) Similar-
ity distributions of two tests are more or less the same, suggest-
ing that camouflage does not affect the performance of strain
pattern very much; (2) In fact, the second test showed a slightly
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Figure 6: Similarity Score Distributions for Camouflaged Face
Experiments vs. Regular Face Experiments.

better separation between correct and incorrect matches. This
is probably attributed to the additional features in camouflaged
images that lead to more accurate motion and strain images.

The corresponding increase in likelihood ratios are 7.5 for
(approx. 13% FAR) and 15 (approx. 6.7% FAR) for regular
and camouflage face experiments respectively.

Robustness of Facial Strain Pattern Although we used
two frames of a fixed interval to compute strain, there is no
guarantee that a subject opened his/her mouth equally across
all sequences. The concern is whether strain pattern remains
robust to the degree by which the mouth is opened. To an-
swer this question, we conducted an experiment using shorter
sequences subsampled from the original sequence. Given a
video – (1) Subsequence-1 comprises of one-third of the to-
tal frames from the beginning of the video; (2) Subsequence-2
consists of two-third of the total frames from the beginning of
the video; (3) Subsequence-3 is the same as the original video.

The suspect population profile contains 90 strain images,
three for each subject with frame pairs sampled from subse-
quences. Similarly, the evidences contain 90 strain images
from another video. The conditions are Regular Face with
Low Light. PCA results are plotted as similarity distributions
in Fig. 7. In this plot, the diagonal elements of the similarity
matrix are removed as they define the distance of a sequence to
itself (zero distance in the subspace). The intra-class distances
are the similarity scores between a subsequence of a subject
to the other subsequences of the same subject. The inter-class
distances describe the similarity scores between a subsequence
of a subject to those of other subjects.

It is clear that strain patterns of the same subject (intra-
class) show much stronger similarity than strains of different
subjects (inter-class). This can be partially explained by the
fact that strain is related to tissue elasticity which is a constant.
Unless there is a marked change of material property (such
as those caused by plastic surgery), the impact of expression
magnitude on the strain pattern as a biometric is minimal.
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Class Strains for Subsequences of Expressions Under Low
Lighting Conditions.

5 Discussion and Conclusions
We discussed a person identification method that uses elastic
information from video. The uniqueness of the method lies in
the fact that, (1) It utilizes strain pattern rather than raw im-
age to recognize face. The similarity measures are thus cal-
culated between strain images instead of raw intensity values.
Because of its close tie with tissue property, strain pattern adds
a new dimension to our ability to characterize a face. (2) The
computational strategy is based on biomechanics, and hence is
physically sound. (3) It works well under unfavorable condi-
tions (shadow light and makeup). (4) It does not require any
additional sensoring equipments.

Displacements are the essential input to the algorithm. For
the method to work, the input video sequence of facial expres-
sion should provide sufficient displacement in terms of non-
rigid motion. The approach does not apply to video sequences
where no non-rigid motion can be observed which is needed
to quantify the characteristics (strain computation) of the de-
formed facial skin. A typical use of this method could be at
the entrance to a game in a stadium where face camouflage is
common among spectators.

We would also like to emphasize that the proposed method
is not intended to replace or outperform current person identi-
fication methods. Hence, this paper does not attempt any com-
parative study with existing methods. The objective is to aug-
ment these technologies. The fact the algorithm gracefully de-
grades in terms of performance under drastic conditions such
as camouflage suggests that the method most certainly has the
promise to supplement current technology under such adverse
operational conditions.

In conclusion, it can be said that the purpose of this effort
was to explore the possibility of using strain pattern as a clas-
sification feature. Results from experiments show that strain
maps can indeed be used as a soft biometric evidence. With
that in mind, the intention of this paper is to establish a base-
line performance using such an approach.
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