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a b s t r a c t
This paper presents focusing on an object of interest in thermal infrared (IR) imagery using the morphological gradient operator. Most existing focus metrics measure the degree of sharpness on the edge of an
object in the ﬁeld of view, often based on the local gradient operators of pixel brightness intensity. However, such focus measures may fail to ﬁnd the optimal focusing distance to the object in thermal IR
images, where strong edge components of an object do not exist. In particular, when the end goal of
image acquisition is object recognition, focusing on an object must retain prominent features of the
object for recognition. In this paper, the performances of various focus measures are evaluated in terms
of sharpness as well as recognition accuracies for face recognition in thermal IR images. Experiment
results show that the morphological gradient operator outperforms conventional gradient operators in
terms of autofocusing resolution metric as well as face recognition accuracy.
Crown Copyright Ó 2013 Published by Elsevier B.V. All rights reserved.

1. Introduction
In an image acquisition process, an object of interest within the
ﬁeld of view of a camera must be well-focused to obtain its full
details for visual evaluation or computerized processing. An optical
camera can be focused on an object in the scene at a lens position
that gives the sharpest image of the object formed on the image
plane. The distance from the lens to the principal focus is called
the focal length, where the lights from a point on the object converge. A focus measure ﬁnds the sharpness of an image at different
lens positions. When the end goal of image acquisition is object recognition, a focused object of interest in a scene must retain the visual
features that are critical in object recognition. Most existing focus
measures, however, compute the degree of sharpness on the edge
of an object, rather than the features of the object. Therefore a focus
measure that delivers an in-focus image of an object must preserve
the details for object recognition as well as for visual evaluation.
Thermal infrared (IR) spectrum comprising mid-wave IR
(MWIR) in the spectral range of 3–5 lm and long-wave IR (LWIR)
of 8–14 lm has been suggested as an alternative source of information for object recognition. Thermal IR imaging sensors measure
the heat energy radiated, not reﬂected, from the object. IR energy
can be viewed in any light conditions and is less subject to scattering and absorption by smoke or dust than the visible light. Face
recognition using different imaging modalities, particularly IR
⇑ Corresponding author. Tel.: +82 43 261 2388.
E-mail addresses: mgchun@chungbuk.ac.kr (M.G. Chun), skong@temple.edu
(S.G. Kong).

imaging sensors, has become an area of growing interest (Kong
et al., 2005; Chen et al., 2005). The use of thermal IR imagery has
demonstrated performance improvements of face recognition in
uncontrolled illumination conditions, including low illumination
or even in darkness.
Focusing on a face object in a thermal scene is often challenging
due to a signiﬁcant amount of diffraction blur in thermal imaging
since the refractive index decreases as the wavelength increases.
In thermal IR imaging, it is challenging to visually ﬁnd an in-focus
object in the scene due to lack of strong edge components. In visible imaging, chromatic distortion caused by the defocusing problem can be easily dealt since the wavelength is relatively short. The
defocusing problem in thermal imaging of longer wavelength can
be 5–10 times more signiﬁcant than in the visible imaging. Therefore, it is important to develop robust and objective criteria to evaluate whether a given thermal IR image is in-focus. It is relatively
recent to study focusing in thermal IR imagery than in the visible
spectrum (Pertuz et al., 2013). Various focus measures in thermal
IR imaging were discussed in Faundez-Zanuy et al. (2011) along
with a thermographic image database, suitable for the analysis of
automatic focusing measures. Among their 10 different databases,
a thermal face image database consisting of a set of human facial
images was used to test autofocusing. However, there were no
quantitative comparisons among the ﬁve existing focus measures.
Since they manually selected in-focus (optimal) thermal face
images, a proper evaluation of focus measures in terms of face recognition was not performed. Face recognition performance can be
signiﬁcantly inﬂuenced by the image quality (Sang et al., 2009).
According to International Standard ISO/IEC 29794-5, out-of-focus,
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non-frontal posture and side lighting are regarded as primary
elements responsible for poor face image quality.
This paper investigates the performances of various local gradient operators on focusing in thermal imagery for qualitative as
well as quantitative analysis including face recognition accuracy.
We evaluate and compare several existing focus measures with a
new focus measure using the morphological gradient operator in
thermal imaging. Thermal imagery often shows a narrow dynamic
range in gray level intensity with small bright and dark artifacts.
Therefore, we adopt the morphological gradient operator which
highlights the gray-level transition and reduces small bright and
dark artifacts. Morphological dilation operation locally brightens
the image according to the geometry of structuring element, while
the erosion can locally darken the image. The morphological gradient operator, which ﬁnds the difference between the dilated image
and eroded image, highlights the gray-level transition. With a
proper selection of the threshold value, the dilation and erosion
process removes small bright and dark artifacts. Autofocus resolution metric (ARM) has been used to quantify the shape of the focus
measure curve (Xie et al., 2006). We used the Faundez-Zanuy database to evaluate the usefulness of ﬁve popular focus measures for
the purpose of determining the optimal focus position. Experiment
results on face recognition in thermal IR imaging show that the
focus measure with the morphological gradient operator outperforms other focus metrics including the popular focus measures
investigated in Faundez-Zanuy et al. (2011) in terms of low ARM,
monotonicity, and the zero offset properties.
2. Focus measures and performance metrics
2.1. Existing focus measures

 unimodal distribution of focusing performance with a unique
maximum at the in-focus position;
 monotonicity of focusing performance outside the in-focus
position;
 a steep slope with respect to the degree of blurring;
 minimal computational complexity.
In addition to such requirements, the following requirements
are considered for focusing on the face in thermal images:
 consistent focusing position in enrollment and veriﬁcation
processes;
 a maximum focus value at the position resulting highest recognition accuracy.
Faundez-Zanuy et al. (2011) evaluated ﬁve focus measures to
compare their focusing performances with thermal IR images:
Energy of Image Gradient, Tenengrad, Energy of Laplacian, Summodiﬁed Laplacian, and the measure proposed by Crete et al.
(2007). Energy of image gradient (EOG) ﬁnds the sum of squared
directional gradients
M1
N1 h
XX
x¼1 y¼1

Ix ðx; yÞ2 þ Iy ðx; yÞ2

Tenengrad ¼

i

ð1Þ

M
1X
N 1 h
X

i qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Ix ðx; yÞ2 þ Iy ðx; yÞ2 ; Ix ðx; yÞ2 þ Iy ðx; yÞ2 > T

x¼2 y¼2

ð2Þ
where the gradient magnitude value is given by the Sobel operators
such as

Ix ðx; yÞ ¼ Iðx  1; y  1Þ  2Iðx  1; yÞ  Iðx  1; y þ 1Þ
þ Iðx þ 1; y  1Þ þ 2Iðx þ 1; yÞ þ Iðx þ 1; y þ 1Þ

ð3Þ

Iy ðx; yÞ ¼  Iðx  1; y  1Þ  2Iðx; y  1Þ  Iðx þ 1; y  1Þ
þ Iðx  1; y þ 1Þ þ 2Iðx; y þ 1Þ þ Iðx þ 1; y þ 1Þ

ð4Þ

Energy of Laplacian (EOL) of an image is deﬁned based on the
second derivatives such as

EOL ¼

M1
N1 
XX

r2x Iðx; yÞ þ r2y Iðx; yÞ

2

ð5Þ

x¼2 y¼2

where

r2x Iðx; yÞ þ r2y Iðx; yÞ ¼ Iðx þ 1; yÞ þ Iðx  1; yÞ þ Iðx; y þ 1Þ
þ Iðx; y  1Þ  4Iðx; yÞ

ð6Þ

Sum-modiﬁed Laplacian (SML) was proposed from the observation
that the Laplacian second derivatives in the x and y directions can
have opposite signs canceling each other.

SML ¼

A number of focus measures have been investigated in the
acquisition of various types of images including microscopic
images and thermal IR images. A desirable focus measure is
expected to satisfy some of common requirements (FaundezZanuy et al., 2011; Huang and Jing, 2007):

EOG ¼

where Ix(x, y) = I(x + 1, y)  I(x, y) and Iy(x, y) = I(x, y + 1)  I(x, y).
Tenengrad computes the sum of squared Sobel gradient magnitudes that exceed a discrimination threshold T:

M
1X
N1
X

r2ML Iðx; yÞ for r2ML Iðx; yÞ > T

ð7Þ

x¼2 y¼2

where

r2ML Iðx; yÞ ¼ j2Iðx; yÞ  Iðx  1; yÞ  Iðx þ 1; yÞj
þ j2Iðx; yÞ  Iðx; y  1Þ  Iðx; y þ 1Þj

ð8Þ

Crete et al. (2007) proposed a focus measure, based on the
discrimination between different levels of blur perceptible in the
image rather than transient characteristics in the same image. This
measure calculates the degree of blurring, so the sharpness can be
obtained as

Crete ¼ 1  maxðBiv ; Bih Þ

ð9Þ

where Biv and Bih denote vertical and horizontal blur values that
range from 0 to 1.
In addition to those ﬁve focus measures mentioned above, we
also tested other popular focus measures for focusing in thermal
imagery: Normalized variance, Cross sum-modiﬁed Laplacian,
Histogram-based Entropy, and Steerable Filters-based measure.
The variance represents the variations in gray level of image pixels.
The normalized variance (NVAR) measure refers to the variance
divided by the average l (Santos et al., 1997):

NVAR ¼

M X
N
1 X
½Iðx; yÞ  l2
lMN x¼1 y¼1

ð10Þ

Cross sum-modiﬁed Laplacian (XSML) extends the sum of
modiﬁed Laplacian with the diagonal terms (Thelen et al., 2009):

XSML ¼

M
1X
N1
X
x¼2 y¼1

r2XSML Iðx; yÞ

ð11Þ
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dðz; z0 Þ ¼ jjgðzÞ  gðz0 Þjj

where

r

2
XSML Iðx; yÞ

¼ j2Iðx; yÞ  Iðx  1; yÞ  Iðx þ 1; yÞj
þ j2Iðx; yÞ  Iðx; y  1Þ  Iðx; y þ 1Þj
1
þ pﬃﬃﬃ j2Iðx; yÞ  Iðx þ 1; y þ 1Þ  Iðx  1; y  1Þj
2
1
þ pﬃﬃﬃ j2Iðx; yÞ  Iðx  1; y þ 1Þ  Iðx þ 1; y  1Þj ð12Þ
2

The histogram based entropy (HISE) has been used as a focus measure (Guo et al., 2008), where p(i) denotes normalized frequency of
gray level i. A focused image tends to have more gray levels than
out-of-focus images.

HISE ¼ 

X
pðiÞlog2 pðiÞ

ð13Þ

i

The steerable ﬁlters-based (SFIL) measure (Minhas et al., 2012) is
deﬁned as the sum of ﬁltered versions of an image with the derivatives Cx and Cy of a Gaussian ﬁlter in x- and y-directions:

XX
SFIL ¼
If ðx; yÞ
x

ð19Þ

0

ð14Þ

y

where the ﬁltered version If(x, y) of image I(x, y) is deﬁned as



If ðx; yÞ ¼ max ðcos hi ÞðI Cx Þ þ ðsin hi ÞðI Cy Þ

ð15Þ

i¼1;;N

2.2. Performance metrics of a focus measure for face recognition in
thermal images
Object recognition accuracy has been used as a metric to evaluate the performance of a focus measure in addition to sharpness
when the end goal of image acquisition is object recognition. Face
recognition addresses the problem of verifying or identifying a
given person in the scene by comparing an input face image with
the images stored in the database. A well-focused face object must
retain the facial features that are useful in the recognition task.
When one uses a focus measure for face recognition, a focused face
image should provide the highest recognition accuracy. Also, a
good focus measure must provide a high gradient in the focusing
performance curve as well as a unimodal characteristic around
the peak of sharpness.
This paper evaluates the performance of focus measures in
terms of face recognition accuracy as well as sharpness. We check
whether a focus measure reaches the maximum focusing performance value at the highest recognition accuracy position. Without
loss of generality, we selected the principal component analysis
(PCA) and linear discriminant analysis (LDA) as a face recognition
engine to test the focus measures in object recognition. Let an
n  n image xi be represented by an n2  1 vector zi. For a set of
N face images Z = {z1, z2, . . ., zN}, the covariance matrix is deﬁned as

C¼

N
1X
ðzi  zÞðzi  zÞT
N i¼1

ð16Þ

z ¼

N
1X
zi
N i¼1

ð17Þ

Let E = {e1, e2, . . ., er} contain the r eigenvectors corresponding to
r largest eigenvalues. An original image is now represented by projecting Z into the PCA-transformed space

X i ¼ ET ðzi  zÞ

ð18Þ
0

To perform classiﬁcation of a new thermal face image z using
the PCA, we compute a Euclidean distance between a given image
z0 and z in the training set Z:

where g(z) and g(z ) are PCA transformed vector of thermal face image z and z0 , respectively.
In LDA, we deﬁne the between-class scatter matrix SB and the
within-class scatter matrix SW as

SB ¼

c
X
Ni ðzi  zÞðzi  zÞT

ð20Þ

i¼1

SW ¼

c X
X

ðzk  zi Þðzk  zi ÞT

ð21Þ

i¼1 zk 2Z i

where zi denotes the mean of class Zi, z is given in (17), and Ni
denotes the number of images in class Zi. We ﬁnd the optimal
projection Wopt f the LDA as the matrix with orthogonal columns
that maximize the ratio of the determinant of SB to the determinant
of SW of the projected images,

W opt ¼ arg max
w

jW T SB Wj
jW T SW Wj

¼ ½w1 w2    wm 

ð22Þ

Where {wi|i = 1, 2  m} denotes the set of generalized eigenvectors
of SB and SW corresponding to m largest generalized eigenvalues.
For more details on the implementation of the PCA and LDA, see
(Belhumeur et al., 1997).
Monotonicity is checked using the normalized focus measure
graph. Steepness with respect to the degree of blurring is also
important since it indicates whether a focus measure can easily detect the in-focus position. For the purpose of comparison, all focusing performance curves are normalized. We assume that the focus
measures are calculated at several discrete positions with a center
at the in-focus position. Let p0 be the in-focus position and M(p) denote the focusing performance measure at the position p. Then the
ARM is deﬁned as:

"
#1=2
X
1
2 2
ARM ¼
ðp  p0 Þ M ðpÞ
kMk2 p

ð23Þ

This deﬁnition is derived from the resolution used in Heidelberg
uncertainty principle (Subbarao and Tyan, 1998). Lower value of
the ARM provides higher resolution of the focused image. Computational complexities of various focus measures are compared in
terms of execution time in Section 4.2.
3. Focusing on the face in a thermal image using the
morphological gradient operator
The morphological gradient (MOGR) operator ﬁnds the pixels
with sharp transitions in gray level in the image. In comparison
with conventional gradient operators, morphological gradients
are obtained from symmetrical structuring element that tends to
depend less on edge directionality. The MOGR operator uses nonlinear operators such as ‘max’ and ‘min’ for dilation and erosion
operations, respectively. The effect of performing erosion with positive structuring elements on a gray-scale image is that the bright
artifacts in the input image are reduced. Similarly, the general effect of performing dilation on a gray-scale image is that dark artifacts either are reduced or eliminated. Since thermal face images
usually contain a lot of bright and dark artifacts, so one can reduce
the freckles using the morphological operations such as dilation
and erosion. From the property of the difference between dilated
and eroded images, morphological gradient can enhance the
gray-level transitions in the image.
There are two ways to deﬁne the gray-scale dilation and erosion
operators to select a structuring element among non-ﬂat and ﬂat
ones (Gonzalez and Woods, 2010). Flat structuring elements are
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widely used in practice. We adopt the symmetrical, ﬂat structuring
elements of unit value. Then gray-scale dilation I  b of image I by
a structuring element b is deﬁned as

ðI  bÞðx; yÞ ¼ maxfIðx  s; y  tÞg

ð24Þ

ðs;tÞ2b

Similarly, gray-scale erosion IHb is deﬁned as

ðIHbÞðx; yÞ ¼ min fIðx þ s; y þ tÞg

ð25Þ

ðs;tÞ2b

Then a morphological gradient g(x, y) of an image I is given by
the difference of the two

gðx; yÞ ¼ ðI  bÞðx; yÞ  ðIHbÞðx; yÞ

ð26Þ

The morphological gradient is deﬁned as

MOGR ¼

M X
N
X
g 2 ðx; yÞ for gðx; yÞ

T

ð27Þ

x¼1 y¼1

Fig. 1 visually compares edge detection performances of the
MOGR operator and the Sobel operator on a face in a thermal IR
image. The MOGR operator with a 3  3 structuring element and
threshold T = 20 successfully ﬁnds the edges of facial features
regardless of the orientation of the features. Though the gray level
difference is not usually big in thermal imaging, the morphological
gradient enhances the details of facial features with a small
amount of bright and dark artifacts.
4. Experiment results
4.1. Thermal face image database and recognition
We captured 700 thermal IR images to measure temperature
proﬁle of human face from 10 individuals of various ethnicities
including six Asians, two Caucasians, one African, and one Indian
subjects. The imaging sensor used was a LWIR camera (FLIR, ThermoVision A40 M) with the spectral range from 7.5 to 13 lm. The
temperature sensitivity of this camera is 0.08 °C at 30 °C and the

spatial resolution (IFOV) is 1.3 mrad. For each subject, 70 images
were taken at various poses and focal distances, i.e., 10 different
poses at 7 focusing steps. The camera is equipped with motorized
zoom with a maximum focal distance of 3.4 mm and each button
press changes the focal distance by a unit focusing step of 0.1 mm.
For each of face images captured by the thermal IR camera of
size 320  240, a face region is cropped into a subimage of size
112  92, which is the same image size as that of face images in
the popular Olivetti Research Laboratory (ORL) database (Abate
et al., 2007). The Temple University Thermal Face (TUTF) database
consists of such 700 thermal IR images of the cropped face of size
112  92 of 10 subjects. Fig. 2 shows a few cropped face image
samples in the TUTF database captured at different focusing steps.
Due to the lack of visual features in thermal IR images, it is challenging to determine the in-focus position by visual evaluation.
We selected a face recognition engine based on either the PCA
or the LDA for a training data set of 50 images corresponding to
5 poses selected randomly from 10 poses for each of 10 subjects
at each focusing step. The remaining 50 images were used for testing. We selected 40 eigenvectors corresponding to 40 dominant
eigenvalues to build the PCA classiﬁer and used four discriminant
vectors for LDA (Belhumeur et al., 1997). We performed face recognition on the thermal IR face image database and the recognition
accuracy was used as a measure to ﬁnd the ground-truth in-focus
position. Table 1 summarizes face recognition rate and equal error
rate for the images from the TUTF database at different focusing
steps. The ground-truth in-focus position was chosen as the position where the highest recognition accuracy was obtained. The
in-focus images produced the lowest equal error rate on average
as well.
Focusing performance affects face recognition accuracies. Fig. 3
shows Receiver Operating Characteristics (ROC) of face recognition
of in-focus (0) and out-of-focus (1 and +1) images. When in-focus
images were used for recognition, the PCA and LDA face recognition rates were as high as 98% with the EERs of 5.3% and 1.8%,
respectively. The false acceptance rate (FAR) and false rejection
rate (FRR) increased and so did the EER as the focus position shifted

Fig. 1. Edge detection performance of the morphological gradient operator: (a) Original thermal IR face image; (b) Edge detection with the Sobel operator and (c) Edge
detection with the MOGR operator.

(a) -2

(b) -1

(c) 0 (in-focus)

(d) +1

Fig. 2. Sample thermal face images captured at ﬁve different focusing steps.

(e) +2
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Table 1
Face recognition accuracy at different focus positions.
Performance

PCA
LDA

Recognition Rate (%)
Equal Error Rate (%)
Recognition Rate (%)
Equal Error Rate (%)

Focus position
4

3

2

1

0 (in-focus)

+1

+2

92
9.6
90
6.2

96
8.9
94
5.3

96
9.3
92
6.2

92
12.1
92
6.2

98
5.3
98
1.8

94
8.2
98
4.1

84
15.9
96
2.9

from in-focus to out-of-focus positions. When out-of-focus (+1)
images were used for the PCA classiﬁer, the face recognition rate
dropped to 94% and the EER increased to 8.2%. On the other hand,
when out-of-focus (+1) images were used for the LDA classiﬁer, the
face recognition rate remained the same as 98%, but the EER
increased to 4.1%. LDA showed lower EERs and the same high recognition accuracy as the PCA at in-focus position.
4.2. Focusing experiment results
Faundez-Zanuy et al. (2011) studied various focus measures for
focusing the objects in thermal images including human faces.
Their database consists of a set of thermal face images acquired
at different focus positions. The camera position was manually
changed in 1 mm steps on a linear translation stage, up to a total
of 96 positions. They investigated ﬁve popular focus measures for
the focusing performances of individual focus measures with thermal images. It has been reported that the focus measure based on
the Tenengrad operator failed to provide correct focus position by
saying ‘‘We have observed that Tenengrad operator was unable to
provide an accurate peak in some image sets. . .’’ In contrary to the
observations, we found that the Tenengrad focus measure actually

performed well for thermal images. The contradictory result came
from the fact that they used a wrong Tenengrad operator formula
with a missing minus sign described in Eq. (8) of Huang and Jing,
2007. We ﬁrst tested the ﬁve focus measures using the thermal
face database from Faundez-Zanuy et al. (2011) with a correct formulation of the Tenengrad focus measure. Fig. 4(a) shows the performance of the ﬁve focus measures applied to a set of 96 thermal
face images taken at each focusing step. The zero focusing point
shows the ground-truth in-focus step. The Tenengrad operator also
shows reasonably good focusing results. Fig. 4(b) shows the focusing performances of the other four focus measures and the
proposed MOGR focus measure. As mentioned in (Huang and Jing,
2007), desirable focus measures are required to show a large
variation in focus measure value for different focusing positions.
In Fig. 4(b), the MOGR operator shows a peak focus measure value
at in-focus position while the focus measure decreases quickly as
the focus position moves from in-focus position to out-ofpositions. When we compared the focusing performances of all
ten focus metrics in terms of the ARM, the MOGR operator showed
the smallest ARM of 9.02 steps and the Tenengrad operator showed
the second smallest value of 12.40 steps.
We repeated the same experiment to the 100 images at each
focusing position in the TUTF database. Fig. 5 shows the average
normalized focus measures at each focus position. Fig. 5(a) compares the average normalized focus measures of the ﬁve focus
measures, EOG, Tenengrad, EOL, SML, and Crete. Fig. 5(b) shows
the comparison results of the other ﬁve focus measures, NVAR,
XSML, HISE, SFIL, and MOGR. Focus measure EOG failed to satisfy
the monotonicity requirement of focus metrics. And also, most of
focus measures did not show a peak at the in-focus position, therefore they lack the capability of ﬁnding the in-focus position. Only

Fig. 3. ROC curves for each focusing position: (a) PCA and (b) LDA.

Fig. 4. Performance comparisons of 10 different focus measures.
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0.9
0.8
EOG
Tenengrad
EOL
SML
Crete

0.7
0.6
0.5
-4

-3

-1

-2

0

0.9
0.8
NVAR
XSML
HISE
SFIL
MOGR

0.7
0.6

1

2

0.5
-4

-3

Focusing Position

-2

-1

0

1

2

Focusing Position

Fig. 5. Performance comparisons of 10 different focus measures.

Table 2
Summary of performances of 10 focus measures.
Focus measures

EOG

Tenengrad

EOL

SML

Crete

NVAR

XSML

HISE

SFIL

MOGR

In-focus (offset)
Average ARM (step)
Monotonicity
Average computation time (ms/image)

4
3.58
N
0.58

1
1.66
Y
1.12

1
1.77
Y
0.80

1
1.91
Y
0.81

1
1.94
Y
1.52

+1
2.44
Y
0.23

1
1.89
Y
1.61

1
1.98
Y
0.23

1
1.89
Y
8.94

0
1.34
Y
3.11

MOGR could successfully ﬁnd the in-focus position. In Table 2,
MOGR operator showed the lowest ARM steps of 1.34 on average.
Therefore, MOGR is most preferred for thermal face recognition
since the focus measure shows a large variation in terms of focus
measure as well as zero offset. All the experiments were conducted
on a computer with Intel Core i7 2.93 GHz processor, 4 GB RAM,
Microsoft Windows 7 Professional K using a 32-bit MATLAB
7.13.0.564 (R2011b).
5. Conclusion
This paper evaluates the performance of widely used focus
measures in terms of face recognition accuracies as well as sharpness in thermal IR imaging. Some focus measures, working properly for visible images, tend to underperform or even fail to ﬁnd
in-focus position in thermal IR imaging. Focusing quality signiﬁcantly inﬂuences the performance of face recognition. The MOGR
focus measure successfully ﬁnds in-focus position with highest
face recognition accuracy and also satisﬁes the requirements of
monotonicity and a large variation in focus measure along with
low ARM with respect to the degree of blurring. Experiment results
reveal that the nonlinear operations such as ‘max’ and ‘min’ used in
the morphological gradient work better than the other focus measures for face recognition in thermal imaging, where intensity contrast is low and strong edge components of an object do not exist.
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