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Abstract. Implementation of the Johnson criteria for infrared images is
the probabilities of a discrimination technique. The inputs to the model
are the size of the target, the range to it, and the temperature difference
against the background. The temperature difference is calculated without
taking the background structure into consideration, but it may have a
strong influence on the visibility of the target. We investigated whether a
perceptually based temperature difference should be used as input. Four
different models are discussed: 1. a probability of discrimination model
largely based on the Johnson criteria for infrared images, 2. a peak
signal-to-noise ratio model, 3. a signal-to-clutter ratio model, and 4. two
versions of an image discrimination model based on how human vision
analyzes spatial information. The models differ as to how much they try
to simulate human perception. To test the models, a psychophysical ex-
periment was carried out with ten test persons, measuring contrast
threshold detection in five different infrared backgrounds using a method
based on a two-alternative forced-choice methodology. Predictions of
thresholds in contrast energy were calculated for the different models
and compared to the empirical values. Thresholds depend on the back-
ground, and these can be predicted well by the image discrimination
models, and better than the other models. Future extensions are dis-
cussed. © 2003 Society of Photo-Optical Instrumentation Engineers.
[DOI: 10.1117/1.1531637]

Subject terms: infrared; Johnson; detection; psychophysics; spatial; vision model;
masking.
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1 Introduction

With a camera that detects infrared~IR! radiation and
shows it on a display, it is possible to see objects that
naked eye cannot see. Such cameras sense energy
thermal IR wavelength region and show the temperatur
different objects. The temperature scale is converted in
color scale or a gray scale on a display and in this way
image is obtained. This kind of camera can, for examp
image a human through smoke in a burning house or h
leaking from a house. It is also possible to image obje
when there is no reflected light, for example, at night.

To predict whether a particular camera is suited fo
specific application, for example surveillance of milita
targets by human observers, it is common to anal
whether the targets in question can be detected, recogn
or identified in the specified situation. At least since 19
the so-called Johnson criteria~Johnson1! have been used to
specify the performance when using IR cameras. John
criteria determine 50% discrimination of a target. Johns
divided visual discrimination into four subtasks, namely d
tection, orientation, recognition, and identification. Th
work was intended for image intensifier systems, but w
later extended to include IR camera systems. Johnson
scale models of eight military vehicles and one sold
against a homogeneous background~Holst2!. Observers
were asked to specify the lowest contrast where they co
detect, orient, recognize, or identify the objects. For t
lowest contrast, determined for each category and obje
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bar pattern was shown on a monitor. The bar pattern w
changed in spatial frequency until it was just resolvab
and the number of bar cycles that fitted into the small
dimension of the object was noted~see Fig. 1!. The average
number of cycles across the minimum dimension of all
objects in the different categories is shown in Table 1, tak
from Johnson1 and Holst.2 The detection criterion for 50%
detection at 1.0 cycles is reportedly used for low or m
dium clutter images. Other frequency values have been
ommended for higher clutter levels.

Since Johnson, much work has been done improving
Johnson criteria. The number of cycles per minimum
mension for each task has been changed to today’s in
trial standard,2 where detection is 1.0, recognition 4.0, an
identification 8.0 cycles, respectively. Orientation is not
cluded. Another way to determine the minimum dimensi
has also been introduced. The Johnson criteria with
kind of minimum dimension are called two-dimension
Johnson criteria and are calculated by taking the squ
root of the length and height of the object.

For relating the equivalent number of cycles of t
Johnson criteria to a camera, specific transfer function
measured, i.e., the minimum resolvable temperature dif
ence~MRTD or MRT!. This is a measure of an observer
ability to resolve a four-bar pattern through an IR came
under test.3 MRTD is a sensor parameter that is a functi
and not just a single value.4 The function gives the relation
between the lowest temperature difference in a target
can be resolved on a monitor by an observer at differ
5.00 © 2003 Society of Photo-Optical Instrumentation Engineers
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Brunnström, Schenkman, and Jacobson: Object detection . . .
spatial frequencies of the target~e.g., as cycles/milliradian!.
One apparently proper implementation of the MRT

Johnson criteria, which has been proposed, is based on
probabilities of discrimination~PD! technique.4 The recog-
nition of objects using a target acquisition system is m
eled by the sensor, its MRTD, the Johnson criteria, the
mosphere, and the object characteristics. Th
characteristics provide a model for estimating the proba
ity of object detection, recognition, or identification and
by Driggers et al.4 called probabilities of discrimination. A
typical PD curve will have the probability~e.g., of detec-
tion! plotted as a function of range.

The input to a PD model is range, size, and the temp
ture difference between the object and background (DT).
The output can be the probability of detection for differe
ranges,~Fig. 2!. The Johnson detection criterion is defin
for objects with homogeneous backgrounds. This is not
ten the case in practice. The background is often filled w
clutter. As clutter increases, the ability to discern an obj
decreases. The objects have to be larger, and the numb
cycles needed for detection must be increased.

A good model of the visual system should be able
predict how a human observer detects an object in a c
tered environment. This should be more difficult than d
tection of the same object against a homogeneous b
ground.

One way to improve this model is to change the inp
DT so that it takes the background scenery of the im

Fig. 1 The principle behind the Johnson criteria, being based on the
number of cycles, shown by the bar pattern to the left at a distance,
where it will be just resolvable (about 3 m). The images to the right
representing detection, orientation, recognition, and identification,
where the height of each image corresponds to a number of cycles
in the bar pattern.
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into account. This newDT can be called perceptualDT,
~Fig. 3!. The perceptualDT should predict a constant valu
if the range, size, and temperature are kept constant
only the structure of the background is changed. We inv
tigate four different models for computingDT for different
backgrounds with varying clutter, and compare them
threshold data from human observers. The compariso
done by letting the models predict the contrast detect
thresholds of the human observers against different ba
grounds. If this can be shown, it is a matter of calibration
produce the proper output value for predicting the perc
tual DT. The models in the remainder of the article a
mainly discussed in relation to contrast rather than temp
ture differences.

For comparison with an original model, the probabiliti
of discrimination technique is represented with a const
model. That is, whatever the background, it will alwa
give the same temperature difference.

One of the models that may be used for this task i
spatial model of the human visual system, which takes
count of the contrast sensitivity function and of the mas
ing function of human vision~Ahumada and Beard5!.

A third measure of the detection ability of objects of
human observer in a cluttered background is to use a m
sure related to a signal to noise ratio. One such measu
the signal to clutter ratio~SCR! ~see Schmieder and
Weathersby6!. This model was not originally formulated fo
contrast detection, but since it is an attempt to meas
clutter, we wanted to investigate if it could predict contra
detection as well.

A fourth measure is the peak signal to noise ra
~PSNR!, which is a measure of difference that is often us
for benchmarking in image quality studies.

2 Models

The traditional PD techniques take neither background
perceptual considerations into account. The other mod
tested here take these parameters into account in var
degrees.

To find a suitable model for estimating the influence
the background on detection, different approaches are
sible. The resulting models range from being computati
ally noncomplex and nonperceptually based to being m
computationally complex and perceptually based. They
in order of complexity: PD; PSNR; SCR; and two comp
tational variants of one image discrimination model, ima
Table 1 The four Johnson criteria discrimination levels and the corresponding average number of
cycles across the minimum dimension. The table is taken from Holst.2

Discrimination
Level Meaning

Cycles Across Minimum
Dimension

Detection An object is present. 1.0

Orientation The object is approximately symmetrical or
unsymmetrical and its orientation may be
discerned.

2.5

Recognition The class to which the object belongs, e.g., tank,
truck, man.

4.0

Identification The object is discerned with sufficient clarity to
specify the type, e.g., T-52 tank, friendly jeep.

8.0
389Optical Engineering, Vol. 42 No. 2, February 2003
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Fig. 2 A probabilities-of-discrimination model, input and output.
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discrimination model, version 1~IDM1! and image dis-
crimination model, version 2~IDM2!.

2.1 Probabilities of Discrimination

The temperature difference,DT, in the PD technique is
estimated without taking the structure of the backgrou
into account. When images are presented to an obse
these temperature differences are represented by con
against the background on the screen. We assume a b
and white presentation, where warmer regions are show
brighter than cooler areas. In comparison between o
models, we represent the temperature difference calcula
in the PD technique with a model consisting of the contr
of the target against different backgrounds, sometim
called the constant model. This model could be written

M ~ I t ,I b!5C, ~1!

where I t is the image containing the target andI b is the
background image, making up the model responseM ,
which is equal to a constantC.

The constant in the model could, for instance, be se
the average temperature difference or contrast between
signal and the different backgrounds.

2.2 Peak Signal to Noise Ratio

The PSNR, which can be defined as

M ~ I t ,I b!510• log10S 255

MSED
~2!

MSE5
1

MN (
i 51

M

(
j 51

N

@ I t~ i , j !2I b~ i , j !#2

is a common nonperceptual, physical measure for eval
ing the influence of distortion on image quality.I t and I b
are the values for the pixels of the target image and for
background image, respectively. It is an open issue whe
the difference should be computed directly in the pixel v
neering, Vol. 42 No. 2, February 2003
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ues themselves or the more meaningful luminance va
that is the physical measure of what is reaching the hum
eye, which we have used here. PSNR gives the estimat
the difference between the target image and the backgro
image. Since the two images are exactly the same a
from the area of the target, this will be the only part th
affects the result in the calculations. Therefore, the infl
ence of the structure of the background outside the targ
not considered by this model, although they are relevant
most detection tasks, especially those where no images
compared. The computational step for this model is as
lows.

1. Convert the input images to luminanceLi using the
measured gamma functiong of the screen,7

Li5g~Ii!, ~3!
whereI i is one of the input images andi 5o, t, i.e.,
the original or the target image.

2. Calculate the PSNR using Eq.~2!.

2.3 Signal to Clutter Ratio

A way to estimate the influence of the background or
clutter in it is to calculate statistics of the distribution of th
pixels in the image. Schmieder and Weathersby6 suggested
a measure that they called signal to clutter ratio and wh
was defined as follows,

SCR5
umaxI t2meanI bu

clutter
~4!

clutter5S 1

N (
i 51

N

s i
2D 1/2

,

whereI i is the maximum target value,I b is the background
mean, ands i is the standard deviation of the pixels.s i is
calculated over an area, which is twice the size of the a
of the target, and when that double area is divided intoN
search areas. This should give higher weights to clutter
proximately the same size as the target. Both for PSNR
Fig. 3 An improvement of the probabilities-of-discrimination technique by addition of a vision model
that takes care of the effects of the background scenery of the image.



Brunnström, Schenkman, and Jacobson: Object detection . . .
Fig. 4 Block diagram of an image discrimination model.
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SCR, one may discuss if the measure should be calcul
for the pixel values themselves or for the luminance valu
For both of these model values we have used the lumina
values in our calculations, since they represent what
observer may actually see. The computational steps
SCR are analogous to those for PSNR before.

2.4 Image Discrimination Models, IDM1 and IDM2

Image discrimination models are perceptually based mo
for estimating perceived difference between two imag
see e.g., Eriksson and Andre´n,8 Lubin,9 Daly,10 and Watson
and Solomon.11 In many cases the intended application f
such a model has been to measure image distortion.
differences between two images are spread throughou
image. In target detection the only thing that is differe
between the images is the target. Image discrimina
models are also suited for predicting this kind of differen
i.e., the presence of a target in one of the images.5,12–15A
generic model usually contains the computational modu
as shown in Fig. 4.

The screen model takes care of the transformation of
pixel values into corresponding luminances. Many mod
divide the processing into channels of different frequenc
and orientations. The contrast values are then computed
each point in the image. Each spatial frequency is th
adjusted for the human sensitivity for this particular fr
quency, i.e., the contrast sensitivity function~CSF! is used.
The contents of the image, especially if it contains a la
amount of high contrast, have been shown to affect
contrast detection thresholds,16,17 a phenomenon usuall
called masking. The difference is then summed toget
most commonly by Minkowski summation, also called ve
tor summation, which is used to describe distances betw
objects in a multidimensional space. The dimension of
space is selected, usually as the one that provides an
equate fit to the objects described.

In an evaluation among several masking strategies
medical images, Eckstein, Ahumada, and Watson13 found
that models using wide band masking, such that the ma
ing at a particular spatial location was contributed to by
activity in all frequency and orientation channels, p
formed the best in contrast detection tasks. Ahumada
Beard5 proposed the simplifying assumption that t
weighting between the channels in the pooling is the sa
and is normalized to one. This makes the whole proces
d

e

r

s

e
e

,

r

,

n

-

-

independent of frequency and orientation, which makes
computational complexity substantially lower.

The following computations are performed for each
put image. The image data is converted to luminance,
cording to Eq.~3!.

1. The luminance images are converted into contr
images, using

Ci5
Li2LP~Lo!

LP~Lo!
, ~5!

where LP is a lowpass filtering operation impl
mented as a gaussian filter and this is done on
original image only.

2. The contrasts are then adjusted using a model of
contrast sensitivity function~CSF!. In our implemen-
tation we used a model by Barten.18 This givesc,
where
ci5CSF~Ci !. ~6!

3. After the contrasts have been weighted by the C
the detection is predicted by

d85bS(i51

M

(
j51

N Huct~i,j!2cb~i,j!u

F11Scrms

b D 2G1/2J bD 1/2

, ~7!

which is a Minkowski sum with parameterb ~here
equal to 2! over all pixels in the region of interest.ct

is the contrast of the target image andcb is the con-
trast of the background image.crms is the rms value
of the contrasts of the background image and is
method used in this model to estimate the mask
effect of the background.5 The parameterb is used to
set the level when the masking sets in; 0.007 h
been used in this work. Two different methods
calculatingcrms have been proposed and will be in
vestigated here.5 In the first method the rms is calcu
lated for the whole image and the same value is th
used for all points in Eq.~7!. We call this method
IDM1. The other method is to square the contra
and then to low-pass filter the squared contrasts. T
will give a local estimate of the rms for each point.
Eq. ~7!, crms is then exchanged forcrms( i , j ). This
method is called IDM2 and is similar to that of Ahu
mada and Beard.19
391Optical Engineering, Vol. 42 No. 2, February 2003



e a
et
If a
ith
h a
his
ion

k-

r
-
lts
t is
ls,

e
e
as
the

he

se
and
ta.
nt.
va
dif

con
of

ned

ese
ow

n,
h-
ta

en-
es,
an
c-

test
ed to
ject
ntil
ce
e it
ere

son

t
the
en-
is

ion.

oto
d,
e-

at
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2.5 Model Predictions

Targets that are barely visible or just noticeable hav
perceived visibility with a just-noticeable-difference s
equal to 1 jnd between the target and the background.
model can predict a constant output for various inputs w
the target contrasts, which are barely visible, then suc
model could be used for predicting target detection. T
could be stated with notation taken from signal detect
theory

dmod8 ~ I t ,I b!51, ~8!

where I t and I b are the intensities for target and bac
ground, respectively.

It is difficult to interpret the performance of a model fo
the deviations ofdmod8 from 1. However, if the target con
trast that givesdmod8 51 is computed, then these resu
could be compared directly with the target contrast tha
obtained experimentally. Furthermore, for most mode
this may only be numerically computed.

A unit conversion parametera has been added to all th
models, so thatdmod8 5a•M . This parameter converts th
output of the model into units of jnd. This parameter h
been estimated, except for the constant model, from
data by

a5102median[log10(m)] , ~9!

wherem is a vector of model responses to input with t
target signal contrast at threshold~see Brunnstro¨m et al.20

for a more detailed discussion of this parameter.
To calculate the inverses of the models, their respon
were computed for several inputs around the threshold,
then a low-order polynomial function was fitted to the da
For all models, except PSNR, a linear model was sufficie
For PSNR, a second-degree polynomial was used. The
ues for the PD model were set to the average contrast
ference between the object and the background.
The performances of the observers were estimated in
trast energy, which is an integral value of the amount
contrast stimulating the eye in time and space. It is defi
as

E5A•t(
i 51

M

(
j 51

N

C~ i , j !2, ~10!
392 Optical Engineering, Vol. 42 No. 2, February 2003
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whereA is the area in the visual angle of one pixel in deg2,
and t is the duration of the presentation is seconds. Th
values may be presented in the unit of decibel Barl
~dBB!, which is defined as

dBB510• log10S E

E0
D

~11!
E051026deg2

•s,

where E0 is the strength of stimuli reported by Watso
Barlow and Robson21 to have the lowest detection thres
old. We chose the unit dBB for the evaluation of the da
and for the presentation of the model predictions.

3 Experiment

The aim of the experiment is to determine the contrast
ergy of an object, placed in different background scen
that an observer can detect with a higher probability th
just guessing. This is usually set to a probability of dete
tion that is at least equal to 50% correct choices of the
person. The test persons in the present study were ask
decide in which of the two presented images that the ob
was. The luminance value of this object was changed u
a 50% detection probability was obtained. This luminan
value is considered to be at the detection threshold, sinc
is detected in half of the presentations. These values w
then used for computing contrast energies for compari
with the models’ predictions.

We note that the term ‘‘detection’’ is used with differen
meanings in different contexts. Here we have chosen
meaning used in psychophysics, which is related to the s
sory threshold concept. In a military context using IR, th
study could be said to be concerned with hot spot detect

3.1 Images

3.1.1 Camera

The camera used was a quantum well infrared ph
~QWIP! detector camera from FLIR Systems, Dandery
Sweden, with a detector chip made at Acreo, Kista, Sw
den. The detector has 3203240 pixels, is Stirling cooled,
and has a spectral range of 8 to 9mm. The image perfor-
mance of the camera has a thermal sensitivity of 0.03 °C
30 °C, and an object temperature range from220 to
Fig. 5 Image 1 ‘‘timber,’’ used in the experiment. The target object is added to the right.
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Fig. 6 Image 2, ‘‘sky,’’ used in the experiment. The target object is added to the right.
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180 °C. In the camera there is a 170-MB PC-card di
where 1000 images can be stored. The image file conta
14-bit image and parameter block with all relevant info
mation at the time of storage. The lens system of the c
era consists of two different lenses, one with a 20-deg
one with a 5-deg field of view. Together with the camera
small gray-scale LCD display of 536.5 cm is used.

3.1.2 Scenery

The images should be relevant for military applications a
they therefore had the following properties. 1. The scen
had the edge of woods in the background and a field in
foreground. 2. The edge of the wood should be so dis
that a large object located there, for instance a tank, loo
small in the images. The distance to the edge of the wo
should be from 1 to 4 km. 3. The images must be tak
from ground level to simulate the military use of the
kinds of cameras. 4. There must be varying spatial frequ
cies in the images. 5. The middle of the images must b
a place where it would be realistic to detect an inser
object.

3.1.3 Preparation

The images made from the QWIP camera were prepare
that they could be shown to the observers in the exp
ment. One of the tools used was AGEMA Research 2.1
IR image processing program from FLIR Systems. T
program gives the opportunity to choose which part of
registered temperature information should be shown.

The selection of areas to be presented was done
Adobe Photoshop 5.0. To get a good match between
images, the gray scale sometimes had to be change
a

-

t

-
t

o

o

compensate for the sliding temperature in the camera.
relative temperatureDT was never changed. For furthe
details on the preparation of the images, see Jacobson7

3.1.4 Experimental images

Six images were used in the experiment, five for the exp
ment proper and one for practice. Figures 5–9 show
experimental images. The white dot in the middle of ea
image is the object to be detected. In the images sho
here the dot is given a maximum luminance value.

Image 1, ‘‘timber,’’ and image 2, ‘‘sky,’’ show the sam
view except that image 1, had its center a little bit lower
that the object was placed at the edge of a wood. In im
2, the object was placed in the black sky. Both these ima
have some details in the foreground andDT is 10 °C. In
image 3, ‘‘road,’’ the object was placed on a road just
front of the edge of a wood. This was hypothesized to ma
the object more difficult to detect.DT here was also 10 °C
Image 4, ‘‘house,’’ was the brightest image and the obj
was placed so that it should be very hard to detect.DT is
1.9 °C. Image 5, ‘‘poles,’’ was the only image taken with
5-deg lens and showed power-line poles close to the ob
DT is 3.1 °C.

3.1.5 Object

The gray scale of the object had to be uniform but still
capable of changing. The object should be small, since
task to be solved was detection, and should not involve
higher process of visual or cognitive processing of the
server, such as recognition or identification of objects. D
tection is assumed only to require objects with a sm
Fig. 7 Image 3, ‘‘road,’’ used in the experiment. The target object is added to the right.
393Optical Engineering, Vol. 42 No. 2, February 2003
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Fig. 8 Image 4, ‘‘house,’’ used in the experiment. The target object is added to the right.
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amount of information. If they contain more information,
is possible that other processes would be involved. Th
fore, a small target was used.

The form of the object was a small square of four pix
with a uniform gray scale. This is the smallest spatial obj
that can be resolved by an IR camera in an MRTD t
~where two of the pixels are black and two are white!. In
other words, to present a square object on the screen
would be able to present a spatial cycle, one needs at
four pixels.

3.2 Method

3.2.1 Participants

The experiment included ten test persons, seven men
three women. Their ages ranged from 19 to 31, the med
being 29 years. All of the test persons had normal visi
three of them compensated with lenses.

3.2.2 Experimental setup

The experimental setup was a 17-in CRT display placed
a small computer table, a keyboard, and a head-and-
rest. To simulate a smaller screen measuring 0
30.12 m, cardboard with a hole in the middle was used
the tests. The screen just presented the image, which
3203240 pixels.

The viewing distance was 0.47 m and controlled with
head-and-chin rest~Fig. 10!. The viewing angle was 14.5
deg in height and 19 deg in width. These angles are
same as when looking at a 638-in display at a distance o
0.60 m.
neering, Vol. 42 No. 2, February 2003
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t
t
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The display was an EIZO T563-T with a resolution
6403480 pixels and a screen refresh frequency of 85 H
The active screen size was 0.3230.24 m. The relation be-
tween the gray-scale values~0 to 255! and the luminance
from the display was determined as a gamma function. T
function was measured with a spectrophotometer, Ph
Research Spectrascan PR 702 AM, and is describe
Jacobson.7 The level of the background light, which cam
from a diffuse light source placed behind the observe
was about 1 lux measured in the horizontal direction fro
the middle of the screen. This background light level w
intended to give a comfortably dark, but not too dark, e
vironment. The photo in Fig. 10 gives a much brighter im
pression than it actually was during the experiment.

3.2.3 Experimental procedure

The experimental procedure was a method based on a
alternative forced-choice methodology. The observer w
forced to chose in which of two sequentially presented i
ages the object was located. The presentation time per
age was 0.7 s, with an interstimuli interval of 0.7 and 1.0
between the trials. The contrast of the object was chan
so that the detection threshold could be found. A stairc
procedure was used, which was built up in two steps.
first the object was very bright so that the observer co
see it clearly. From that level the contrast was reduced
large steps. When the contrast was approaching the thr
old value, smaller steps were taken. These steps were t
upward~increased contrast! if the answer was wrong, and
downward ~reduced contrast! if three answers in a row
were right. With this kind of tuning procedure, it is possib
Fig. 9 Image 5, ‘‘poles,’’ used in the experiment. The target object is added to the right.
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Brunnström, Schenkman, and Jacobson: Object detection . . .
to find an observer’s detection threshold. The total num
of steps was 50 for each image series. The order of pre
tation of the five images was randomized for each test p
son. The verbatim instructions to the test persons may
found in Jacobson.7 The observers were given feedback
a wrong answer by a tone signal.

Technically, the contrast changes were controlled
changing the image intensity in gray levels, and the
sponses were also recorded in this unit. The stimulus
always brighter than the background. It was ensured w
test trials that the procedure would not result in pass
through zero contrast and thus start presenting stim
darker than the background.

4 Results

During the experiment all the answers for each test per
and each image sequence were recorded. The proportio
correct answers on each gray level was then calcula
Figure 11 shows the results for one of the test person
one of the scenes. The imposed psychometric functio
also shown.

The contrast detection threshold, i.e., when a test pe
can detect objects with a probability of 50%, correspond
to 75% correct answers was then estimated. Pure gues
will result in 50% correct answers. We are looking for t

Fig. 10 The experimental setup.

Fig. 11 Proportion of correct answers on each gray level for one of
the test persons and one scene, together with the estimated psy-
chometric function.
-
-

i

f
.
t

n

g

midpoint between the baseline of guessing and that of
ways being correct, therefore the 50% probability thresh
corresponds to the midpoint between 50 and 100% cor
answers, i.e., 75%. In Fig. 11 this corresponds to a thre
old of a gray level around 53. The data collected from t
experiment are measurements of the underlying psychom
ric functions of the test persons. These were estimated
fitting cumulative normal distributions to the data.22,23 In
the estimations of the psychometric functions, the first
trials have not been included because they were only u
to enable the test persons to find the object.

In some cases the lowest percent level of correct
swers has been lower than 50%, which is theoretically
reasonable. This was caused by the limited number of tr
used and the way the staircase procedure handles the
ferent levels of contrast of the target during the experime
For example, if a level was only presented once and
response was incorrect, then this gave a percent corre
0%. These values have been kept in the fitting proced
because they will add valuable information about the lo
tion of the threshold. However, the fitting procedure giv
more weight to levels that have a higher number of
sponses, so these levels will influence the resulting thre
old the most. The threshold values were then converted
contrast energy. On a few occasions a threshold was
obtained from the observers and these data points h
been excluded. They comprise a total of four thresholds
of 50.

The detection probabilityPdet can be estimated from
proportion correctPc by

Pdet52Pc21. ~12!

The response in a two-alternative forced-choice method
ways involves a 50% chance of being correct.23 After each
test the test persons were asked what they saw in the
ages. Most of them found it difficult to tell what the image
depicted. It was easy to find different characteristics in
middle of them, e.g., the power-line poles in image
‘‘poles’’ ~Fig. 9!, and the white line in image 3, ‘‘road’

Fig. 12 The white-sided squares show how much of each image six
test persons reported that they used for the detection task. The
black-sided square shows foveal vision extending to about 3 deg of
the view angle.
395Optical Engineering, Vol. 42 No. 2, February 2003
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Brunnström, Schenkman, and Jacobson: Object detection . . .
~Fig. 7!, but nobody saw the house in the left part of ima
4, ‘‘house’’ ~Fig. 8!. Six of the test persons were asked ho
much of each image they used for the task~see Fig. 12!.
The answers resemble the foveal vision, which is abou
deg of the view angle.24 The assumption that only fovea
vision was used is tenable. There was no movement in
images, and the object was always in the center so no
movements were needed.

The gray level thresholds are converted into luminan
using Eq. ~3! Thereafter their contrast against the bac
ground is computed using

C5
Lt2Lb

Lb
, ~13!

whereLt is the luminance of the target andLb is the lumi-
nance of the background. The background luminance
computed as the average value over a square region o
350 pixels, which corresponded to about 3 deg of vis
angle~see Fig. 12!. The contrast energy is then comput
using Eqs.~10! and ~11!, where the area of a pixelA was
0.036 deg2 in our case, and the duration of the stimuli
mentioned before was 0.7 s.

The individual thresholds have been summarized w
the mean and 95% confidence intervals for each image~see
Fig. 13 and Table 2!, based on all the values for all te

Fig. 13 The average thresholds for the test persons. The error bars
represent 95% confidence intervals.

Table 2 The individual thresholds in dBB for each observer at each
scene. Empty cells mark excluded data points.

Observer I1 ‘‘timber’’ I2 ‘‘sky’’ I3 ‘‘road’’ I4 ‘‘house’’ I5 ‘‘pylon’’

1 38.01 38.29 57.14 36.66 22.19

2 37.88 40.85 56.50 38.61 20.49

3 38.02 31.47 56.91 37.67 21.03

4 37.77 43.48 56.17 36.07 19.93

5 37.88 34.52 56.95 38.18 20.72

6 38.10 57.02 35.84 15.65

7 38.04 33.31 57.17 34.64 14.90

8 38.11 60.37 18.16

9 37.91 36.43 38.53 17.93

10 37.78 27.23 57.12 38.30 14.72
396 Optical Engineering, Vol. 42 No. 2, February 2003
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persons. However, the number of observers used for e
mean varies for the different images, since the numbe
estimated thresholds for each image were different. T
model responses are estimated as described in Sec. 2
are shown graphically in Fig. 14 and numerically in Tab
3.

The correlation between the contrast energy of the m
els and the average observer were for the models PD, S
PSNR, IDM1, and IDM2 equal to20.40, 20.29, 0.64,
0.91, and 0.97, respectively. This gives the explained v
anceR2 0.17, 0.09, 0.41, 0.83, and 0.95. The models IDM
and IDM2 clearly had a better performance than the oth
did. Interestingly, PSNR also had quite a high correlat
with the empirical data. One may also note that SCR h
the worst performance of all the models, but we want
remind the reader that this model was not originally dev
oped for the present kind of tests. Visual inspection of
data showed that the advantages of the visually based m
els, i.e., IDM1 and IDM2, compared to the physical mod
PSNR, were most apparent at low luminance levels.

5 Discussion

We investigated a number of alternatives that could be s
stituted to replace the traditional way of testing IR came
by the Johnson criteria. To do so, we had to take into c
sideration a number of visual conditions that may exist i
real, natural situation, e.g., in a battlefield. Important co
ditions for detecting a target within an IR scene are
brightness of the target, its contrast to the background
internal structure, and the texture of the background
‘‘clutter’’ ~see e.g., Rotman, Tidhar, and Kowalcyk25!.

We see four different routes that a specification of an
camera could take:

1. using the Johnson criteria~see Fig. 2!

2. using the Johnson criteria together with a visu
model ~see Fig. 3!

3. using a visual model together with a set of identic
images with known characteristics that are tes
against different IR systems

4. using a visual model together with images with var
ing backgrounds.

Route 1 is the common way today of testing IR camer
It supposes that the background is constant. Route 2
handle images with varying backgrounds. Route 3 assu
that the model can predict human observer detection. If
assumption is correct, then the model could be used to

Table 3 Observers average thresholds and model predictions of
thresholds in dBB.

I1 ‘‘timber’’ I2 ‘‘sky’’ I3 ‘‘road’’ I4 ‘‘house’’ I5 ‘‘pylon’’

Observers 37.95 35.70 57.26 37.17 18.57

PD 32.73 32.66 57.32 37.27 28.46

SCR 36.41 28.25 57.35 36.22 18.98

PSNR 36.44 67.14 56.84 31.75 18.57

IDM1 37.33 37.33 37.33 37.33 37.33

IDM2 36.85 75.14 27.65 39.85 39.46



Brunnström, Schenkman, and Jacobson: Object detection . . .
Fig. 14 The average thresholds of the observers (diamonds) and the model predictions (circles) for
each scene (left) and the relation between predicted model value and observer threshold (right). The
line represents perfect correspondence between prediction and outcome. The error bars show the
95% confidence interval around the mean. From top to bottom are shown the models probability of
discrimination, signal to clutter ratio, peak signal to noise ratio, image discrimination model 1 (IDM1)
and image discrimination model 2 (IDM2).
397Optical Engineering, Vol. 42 No. 2, February 2003
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Brunnström, Schenkman, and Jacobson: Object detection . . .
images recorded in similar conditions by different IR sy
tems, or to test the differences between IR systems. Rou
is a variation of route 3, since instead of finding the res
for a number of images, one instead varies the backgro
till a certain criterion is reached.

One main purpose of this study was to examine if
use of different visual models could be of assistance w
specifying and testing IR camera systems. On the wh
the visual models well fulfils the task of simulating hum
behavior in detection experiments. They can thus be u
as an alternative to human observers in testing and de
oping IR camera systems. Threshold data indicating 5
detection probability could be established for nearly all i
ages and test persons. Another result of the experiment,
to its design, was that the test persons probably only us
small part of each image to fulfil the detection task. The
small parts appear to coincide with human foveal vision

The often-used PD technique does not take the ba
ground scenery of the image into consideration. The
technique was changed by transforming the inputDT into a
perceptualDT calculated by the vision model. Other mo
els such as PSNR and SCR were also studied.

With this improvement of the PD technique, the value
the Johnson detection criterion can be set at 1 and be i
pendent of the clutter ratio of the background. However
is important to point out that this is a specific case. Fo
more general improvement, the range and the size of
object must also be modified into perceptual data. The
sion model chosen must be expanded by adding, for
ample, an atmospheric model.

It was possible to complement and improve the PD te
nique by a vision model. Thus, a new way of looking at t
problem of detecting objects in IR images was created.
IR detection task is a complicated matter containing ma
parameters, ranging from the atmosphere and the cam
resolution to complex perceptual processes in the hum
brain. Besides the fact that the PD does not function v
well in the case of images with clutter, other problems ha
to be investigated. One of these is MRTD. The measu
ment of MRTD has disadvantages, since the method is
pendent on the observer’s subjective decision criterion,
the bar pattern stimulus is theoretically and practically u
suitable for focal plane array cameras.26 Since IR light is
not visible to the human eye, how to show the IR image
to be decided by the camera manufacturer and the oper
A common way to show the image is to have a gray sc
represent the different temperatures, where black repres
cold and white represents warm. An image displayed in
way resembles a common black and white photo, exc
that some parts seem to be inverted. An IR image is so
what similar to images produced by x-ray detectors or e
tron microscopes. These kinds of images also have an
natural character and can be displayed in many ways.

An IR image can be shown to the observer in ma
ways, since the created image is not natural. This gives
operator plenty of room to choose how the image should
presented. Finding the optimal way to present an image
detection task is very hard. This is another area where
sion models might be useful.

We note that the present experiment has some simi
ties to the concept of minimum findable threshold diffe
ences~MFTD!.27 Differently sized squares with differen
398 Optical Engineering, Vol. 42 No. 2, February 2003
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intensities were randomly placed in images and the obs
ers were asked to detect these squares. In the presen
periment, the object had the same size, and was alw
located at the center of the image. MFTD was proposed
a means of characterizing thermal imaging performance
der scene clutter limited conditions.

One way of improving the vision model for IR image
would be to simulate human perception of contrast reso
tion for different background luminances, since a high
contrast is needed for darker images. The model sho
then be able to predict scenes like image 2, ‘‘sky,’’ bett
However, a vision model improved in these ways wou
still be specialized for detection tasks. To expand the mo
to encompass also recognition and identification, m
changes have to be made. For recognition and detection
objects need to be larger. It is not sufficient to use virtu
objects like four squares; the objects have to be real. T
should also be able to change in luminance and size. N
images are also needed where the background is close
that large objects can fit in a natural way. An expand
model should no longer look just at the masking effects
the background; it should also look at the masking effe
of the objects and see how they mask each other. To
this new model, more psychophysical experiments
needed in which the tasks of the test persons are base
recognition or identification. The tests should include d
ferent backgrounds and objects of different types, sizes,
luminances.

There has been proposals that it should be possibl
use undersampled IR images.28 It should thus be possible to
see ‘‘beyond’’ the Nyquist frequency and still get a reaso
able image quality. Instead of using measures like MRT
Wittenstein28 suggests one could use minimum temperat
difference perceived~MTDP!. Undersampled images ma
provide information, albeit distorted primarily by aliasin
All four bars in a test pattern are not required to be
solved. Wittenstein28 proposed that one should replace t
modulation transfer function with average modulation
optimum phase. A development of a spatial model, tak
into account the less stringent ideas of undersampling, m
make the resulting model more realistic.

For models of the perception of medical images, th
has been much progress done in recent years. For a rev
see Eckstein.29 These images have many similarities to
images. They are intended for an observer to detect st
tures in images that have been made through nonvis
radiation. They are made by x-rays and not by IR radiati
Among the successful approaches is the close linkag
classical signal detection theory. There is also a connec
for some of the models in the present study to statist
detection theory and to signal detection theory, but it is
as explicit as for the theories of image quality in medic
images. One missing aspect in our models is the exp
modeling of the internal noise that the observer has w
he or she is looking at the image. We believe that elabo
tion of models for IR images would benefit from an assim
lation of the experiences of what has been learned reg
ing image quality and object detection in medical pictur

6 Conclusions

The main result of this study is that the influence of t
background on the contrast detection of IR images can
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Brunnström, Schenkman, and Jacobson: Object detection . . .
predicted well with models, taking into account the hum
contrast sensitivity function and masking. These mod
perform well for these images, compared to models ba
on purely physical considerations. This would make it p
sible to improve the currently used PD technique, which
based on the Johnson criteria, but does not consider
influence of the background on detection.

The current study was done under several simplify
assumptions in order to have a controlled experiment. F
ther investigations and developments are needed be
these models can be of practical use.
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