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ABSTRACT 

 
Recent advances in model observers that predict human perceptual performance now make it possible to optimize 

medical imaging systems for human task performance.  We illustrate the procedure by considering the design of a lens 
for use in an optically coupled digital mammography system. The channelized Hotelling observer is used to model 
human performance, and the channels chosen are differences of Gaussians (DOGs).  The task is detection of a lesion at a 
random but known location in a clustered lumpy background mimicking breast tissue.  The entire system is simulated 
with a Monte Carlo application according to the physics principles, but the main system component under study is the 
lens that couples a fluorescent screen to a CCD detector. The bigger the aperture is, the larger the portion of light is 
coupled to the CDD, but the more severe the aberrations are, so the worse the image blur is. So when changing the stop 
size, the signal (lesion) detectability of human observers associated with this task also changes. The SNR of the 
channelized Hotelling observer is used to quantify this detectability. In this paper, plots of channelized Hotelling SNR 
vs. signal location for various lens apertures and working distances are presented. These plots thus illustrate the tradeoff 
between coupling efficiency and blur in a task-based manner. In this way, the channelized Hotelling SNR is used as a 
merit function for lens design.  
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1. INTRODUCTION 
 

Optical design today is an iterative optimization process, whose optimization criterion is usually to find a local 
minimum of a user-defined merit function. The typical merit function is the weighted sum of the squares of many image 
defects, such as various aberration terms. These terms are only loosely related to the quality of the image. When an 
image is produced for some specific purpose or task, such as a medical image, the only meaningful measure of the image 
quality is the appropriate observer’s performance on that specific task. Recent advances in model observers that predict 
human perceptual performance now make it possible to optimize optical imaging systems, such as imaging lenses, for 
human task performance. The model observer’s performance is considered as the objective measure of the image quality 
in the sense that there are no individual design choices involved, such as the weight coefficients in the merit function for 
lens design.  
 

We illustrate the procedure by investigating the design of a lens for use in a digital mammographic imaging 
system. One type of these imaging systems uses an optical coupling approach between the fluorescent screen and the 
camera without image intensification. Both fiber-optic-coupled and lens-coupled CCD x-ray imaging systems have been 
developed for use in digital mammography and digital radiography1-3. The cascaded imaging chain consists of a 
fluorescent screen, an optical coupling component, and an electronic imaging device, such as a CCD imager.  
 

It is well known that severe limitations are associated with the optical coupling of an x-ray fluorescent screen to 
a digital image-capturing device. In this approach, a second quantum sink occurs at the optical coupling component 
because of the low optical coupling efficiency. In recent years, developments in high-sensitivity image sensors such as 
CCDs and lenses or reflective optics with high numerical aperture have prompted a re-examination of the optical 
coupling approach in digital mammographic imaging. The design criterion of the optical coupling components is mainly 
focused on overcoming the second quantum sink. Designers usually try to open up the aperture as large as possible while 
constraining aberrations under a certain amount. The purpose of this stringent design practice is to improve the image 
quality, but the definition of a good image is rather vague. Although every measure of final images indicates an aspect of 
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the image quality, such as the image blur and the image flux, each designer treats those measures in different ways based 
on their own understanding of the system and experience from previous designs. Even the balancing among different 
measures is not clear or uniform among different designs. 
 

A clear and unified quantitative assessment of image quality is the solution to the above uncertainty. The 
measure of a specific observer’s performance on a specific task can be this definition of image quality. There are 
generally two kinds of tasks: classification and estimation. In our mammographic systems case, images are first used to 
determine the presence of lesions, which belongs to classification category. There also exist several types of observers. 
Human observers like physicians are the most common observers to performance the lesion detection task. Because of 
the limitation of resources, it’s difficult to estimate the human’s performance at a reasonable accuracy. Due to recent 
advances in the studies of human vision systems and signal processing techniques, we can model human observers by a 
channelized Hotelling observer. With some knowledge of the statistics of objects being imaged and imaging systems 
under investigation, the signal-to-noise ratio (SNR) can be computed as the quantitative measure of the channelized 
Hotelling observer’s performance. This figure of merit is thus used as a merit function in optimizing the optical coupling 
component design. All aspects of image qualities are unified in this single SNR. The individual feeling about balance 
between blur and flux can now be clearly quantified.  
 

2. MODELING 
 
2.1 Physical system description 
 

The schematic system under investigation is a lens-coupled x-ray mammography imaging system (Fig. 1). The 
x-ray generator is in front of the fluorescent screen, and the objects being imaged are placed between the x-ray source 
and the screen. The imaging unit after the screen consists of a lens and a CCD camera. The lens images the exit surface 
of the screen onto the detector surface of the CCD camera.  
 

The distance between the x-ray generator and the screen is assumed to be large compared to the size of the 
target so that the x-ray source can be safely treated as a point source. Also, the size of the screen is assumed to be small 
compared to this distance so that the x-ray beams from the target onto the screen are approximately parallel. Because the 
peak wavelength is extremely short compared with its broad wavelength range, the x-ray source is essentially completely 
incoherent. All of above approximations guarantee a satisfactory model of the x-ray beams from the source: a group of 
x-ray photons moving in the same direction during the exposure time interval.  
 

X-ray fluorescent screens are usually made of rare-earth-doped polycrystalline materials, in plastic binders. 
These polycrystalline materials can emit visible light upon x-ray excitation. Terbium-doped crystals mainly emit green 
light when activated, which is the wavelength used in this work. The conversion number is random for every absorbed x-
ray photon, while the ensemble average is around a thousand optical photons per x-ray photon. On the other hand, these 
tiny crystal grains serve as scattering centers for visible light propagating inside the screen, so from a single absorption 
position inside the screen, the outgoing photons have random displacement from the position projected on the exit 
surface of the screen. The outgoing directions of visible light photons are also randomly deviated from the unscattered 
direction defined by the absorption position and exit position on the screen surface. The imaging lens thus captures a 
small portion of the outgoing visible light inside its aperture and images it onto the CCD detector surface. The accepted 
portion is so small that the final x-ray to visible light conversion ratio can hardly reach 1! At the same time, the lens 
introduces aberrations that further blur final images on the CCD camera. The larger the aperture is, the more light hits 
the CCD camera, but the more severe the aberrations and thus the more blur in the image. The question is: where is the 
balancing point between these two factors? 
 

The CCD camera can have very low noise and very sensitive response due to the current technology. For this 
paper, we assume an ideal noiseless CCD camera with an identical response function for every pixel. We can always 
take account of the electronic noise of the CCD camera later because this noise has a different physical mechanism and 
thus is independent of the photon noise. 
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Fig 1. Layout of the simulated system 
 
2.2 Mathematical system modeling 
 

The physical descriptions and reasonable approximations form a very good starting point for mathematical 
modeling of the problem. From the start, the x-ray photons generated during the exposure time can be treated as a two-
dimensional (2D) spatial stochastic point process. After passing through any given object being imaged, some of the x-
ray photons are absorbed.  This absorption mechanism acts as a binomial selection on the starting Poisson process, and 
the resulting process is still Poisson. After going through the fluorescent screen, a portion of x-ray photons are absorbed 
and converted into visible light photons. Only the visible light contributes to the final image on the CCD camera, 
because the unabsorbed x-ray photons also pass through the folding mirror that reflects visible light beams. So we 
merely need to consider the group of x-ray photons that are absorbed into the screen. This group is again a binomial 
selection of the original Poisson process, therefore also a Poisson point process. The mean of the process is a continuous 
2D function acting as an object in front of the imaging system considered. Our mathematical model actually starts from 
this object with respect to our imaging system. 
 

The first element encountered in the imaging chain is the fluorescent screen. This screen has two functions: 
amplification and scattering. All of the visible light photons produced by one x-ray photon can be approximately 
considered as first starting out from the same position as the x-ray absorption site, but going into isotropically random 
directions. Then, after being scattered by many tiny crystal grains, most of the visible light photons push their ways up to 
the exit surface of the screen. On this surface, those photons are all randomly displaced from the center position, which 
is the projection of the starting position on the exit surface along the incoming direction of the x-ray photon. The spatial 
part of these two steps can be precisely modeled as a type of random amplification mechanism acting on the starting 

Poisson point process4. This mechanism can be completely determined by a point spread function )z|R,r(pd

r

r

, where 

R
r

is the primary position, r
r

is the secondary position and z is the absorption depth, and ( )pr k  is the probability 

density function (PDF) of the gain k . Because any well-manufactured screen should give the same response to an 

incoming x-ray photon anywhere not too close to the edges, the point-spread function dp  varies as the difference of its 

arguments, i.e. )z|Rr(p)z|R,r(p dd

r

r

r

r −= . The propagation directions of the visible photons are also randomly 

deviated from the unscattered direction. The angular part of the two steps is described by a set of probability density 

functions on the propagation direction at every position on the exit surface of the screen )z,R,r|ŝ(pr
r

r

, where ŝ is a 
unit vector within the forward hemisphere. The resultant 2D spatial point process right after the screen is no longer a 
Poisson one because the visible photons produced by the same x-ray photon are no longer independent of each other.  

X

absorbed x-ray

photons f (r)
r

V

passed visible

photons g (r )′r
V

output visible

photon f (r)
r

VCCD readout 

random vector

g

fluorescent screen

binomial selection &

random amplification

lens system

binomial selection &

random positioning

CCD array

digitization

X

absorbed x-ray

photons f (r)
r

V

passed visible

photons g (r )′r
V

output visible

photon f (r)
r

VCCD readout 

random vector

g

fluorescent screen

binomial selection &

random amplification

lens system

binomial selection &

random positioning

CCD array

digitization

Proc. of SPIE Vol. 5034     65



 
The angular randomness of the optical photons comes into play with the subsequent imaging lens. This lens 

also acts in two ways: letting a small portion of the visible photons pass though and deviating each passed photon from 
its ideal image point. If the emerging position and the outgoing direction of each photon are known on the exit surface of 
the screen, one will readily know whether this photon will pass the lens and where it hits on the CCD detector surface 
after going out of the lens. In fact, the lens performs deterministically instead of stochastically. Only when the 
propagation direction of a photon is random from a point on the exit surface of the screen can the lens be treated 
statistically. The imaging lens actually translates the angular randomness of incoming photons to the spatial randomness 

of outgoing photons. Therefore, the point-response function ( , | )gp r r z′r r

 of the same lens is different for the incoming 

light beams with different angular spread )z,R,r|ŝ(pr
r

r

. Similarly, the portion of the incoming light that passes 

through the lens and hits the CCD detector varies according to )z,R,r|ŝ(pr
r

r

. This portion equals the probability 

)z|R,r(pass
r

r

that a visible photon generated by an x-ray photon absorbed at position R
r

 and depth z then emitting 

from the point r
r

on the exit surface of the screen can pass through the lens and hit the CCD detector. The first function 
of the lens is again a binomial selection mechanism. Then all the passed photons are displaced according to the point–

response function )z|r,r(pg

rr′ , which is the result of the aberrations of the lens. The shift-invariance is broken because 

the aberrations with the large-aperture lens are highly field dependent. The second function of the lens is thus a special 
type of random amplification mechanism with the deterministic gain equaled one. After the lens, the 2D point process is 
on the detector surface of the CCD camera. 
 

The last component in the imaging system is the CCD camera. With our ideal model, it simply bins the visible 
photons into each pixel without any additional noise. Thus the digital image is a random vector, with the noise 
determined by all of the random processes described above (but without electronic noise). 
 
2.3 Model observer 
 

Mathematical observers can be used to perform any specific task on this mathematically complete description 
of the imaging system. In particular, channelized Hotelling observers are able to predict the human perceptual 
performance in some specific tasks6, such as signal-known-exactly (SKE) classification tasks. When the signal position 
is variable but known to the observer, a plot of the figure of merit (FOM) versus the signal position can be used to 
describe the performance of the observer on this task.  
 

Any mathematical model observer on the classification task is defined by a response function on the image 

vector ( )wλ = g . For linear observers, λ = tw g , where w is a vector template applied on image vectors. In case of 
two-hypothesis classification tasks, or binary classification in other words, mathematical observers compare the response 

with a threshold 0λ to make the decision. Our lesion-detection task is one example of binary classification tasks, with 

one hypothesis as lesion present and the other as lesion absent. We refer to lesions as signals in our study. The signal-

present hypothesis is denoted as 1H , while the signal-absent hypothesis is 0H .  

 
The signal-to-noise ratio (SNR) is one measure of observer’s performance, given in terms of the mean and the 

variance of λ under both hypotheses. It is defined as 

( )
2

1 02

2 21
1 02

| |H H
SNR

λ λ
σ σ

 −  =
+

, 

where 1σ  and 0σ  are the variances of λ  under the signal-present and signal-absent hypotheses respectively. For linear 

observers, the SNR is  
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where ,1gK  and ,0gK  are the covariance matrices of the image vector under both hypotheses respectively.  

 
The Hotelling observer is the ideal linear observer in the sense of maximum signal-to-noise ratio (SNR) among 

all linear observers. Its template is 1
Hotelling

−= ∆gw K g , where 1 0| |H H∆ = −g g g . Therefore the Hotelling 

observer’s signal-to-noise ratio is as follows 
2SNR −= ∆ ∆t 1g K g , 

where 1 1
,1 ,02 2= +g gK K K . 

 
The notion of channels in the human visual system has been studied intensively in vision science for many 

years6-8. The application of the channelized observers to medical image-quality assessment began not as long ago9. A 
channelized Hotelling observer performs a classification task after first reducing the image to a smaller set of channel 

response variables, defined by the transformation = tu T g , where the column vectors of the matrix T each represent 
the spatial profile of a channel. If we postulate that the channel responses are transformed into a scalar observer response 
variable via Hotelling strategy, then the formula for observer SNR is given as 

( ) 12
chSNR

−
= ∆ ∆t t tg T T KT T g . 

 
The whole image is composed of both the signal and background in the signal-present case and only 

background in the signal-absent case, together with the fore-mentioned complicated noises. We consider a SKE situation 
where the signal profile is a deterministic 2D function. The background in mammography is usually a complex texture 
that can be satisfactorily modeled by a mathematical 2D function called a clustered lumpy background10. Because the 
objects being imaged will be from more than one patient, the background is random. When considering the random 
background, the group of x-ray interactions in our system model is not a Poisson random process but a doubly stochastic 

Poisson random process with random mean. The ensemble average taken in the chSNR formula should be done over 

both the Poisson process conditioned on a given background and the random backgrounds themselves. With all the 
knowledge on the object, the imaging system and the model of the observer, the measure of the image quality is written 
as 

( ) 12
s sSNR

−
= t t tg T T KT T g , 

where sg is the mean image vector of the signal and K is the overall covariance matrix of the image ensemble. The 

mean image vector is as follows 
2 2( ) ( ) ( , ) 1,...,i

s i tg d r h r d R s R p r R i N′ ′ ′= =∫∫ ∫∫
r r

r r

 

where i
sg is the ith element of sg . The signal profile is ( )s R

r

 on the exit surface of the screen. The response function of 

the ith pixel ( )ih r′r  is a small rectangular function centered at the pixel on the CCD detector plane. We will explain the 

total point-response function ( , )tp r R′
r

r

later in this section. The overall covariance matrix K is the sum of three 

separate terms, including the contributions from Poisson statistics of the x-ray photons, the random acceptance of the 
optical photons into the image and the object randomness.  
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where xα is the x-ray absorption of the fluorescent screen and d is the screen thickness. The ensemble mean background 

is ( )b R
r

, and the covariance function of the background is 1 2( , )bK R R
r r

. From the expression of the clustered lumpy 

background, we have the analytical form of the two moments of the background used in the SNR calculation. The 

function ( , )Q R z
r

involves the first and the second moments of the random gain k of the screen. The function is defined 

as 
2

2
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k k
Q R z

k

−=
r

. Though we don’t know the probability density function of k , we do have the knowledge of the 

average gain and the variance of gain if we know the Swank factor. Both the total point spread function ),( Rrpt

r

r′ and 

the point spread function )|,( zRrpt

r

r′  conditioned on the absorption depth are derived from the mathematical 

description of the system: 
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With all the necessary expressions and parameters at hand, the simulation can be done to evaluate the SNR of the 
system. 
 
2.4 Numerical calculation 
 

We should not get lost in the messy expression above. Instead, the formula shows a separation in the system 
information and the object variation. The system is all encapsulated into the total point spread function and the 
Q function, while objects express themselves in the ensemble mean and the covariance functions of backgrounds and 
deterministic signals.  
 

A Monte Carlo application is used to compute the SNR numerically. Because of the shift-variant property of 
the lens imaging process, we don’t use an approximate point response function to model the lens. Instead, a numerical 
ray-tracing code is exploited in the Monte Carlo simulation to actually trace rays through the lens. Both the passing 
probability of a visible light photon and the aberration on the image plane are precisely taken into account by the ray-
tracing code. 
  

3. RESULTS 
 

The system being investigated is a small-view mammography imaging system. The signal is chosen as a small 
Gaussian blob with the peak value at 10% of the mean background. The standard deviation of the Gaussian signal profile 
is 0.5 millimeter. The x-ray absorption coefficient of the screen is 0.13 mm-1, and the screen is 84 microns thick. The 
CCD pixel is square and 50 microns on a side. The detector array of the CCD camera is 128 by 128 without gaps 
between adjacent pixels. The screen being imaged is larger than the camera’s field of view so that the edge effects from 
the screen can be neglected. The lens being modeled is deliberately a poor design so that we can compare the effect of 
aberrations with the effect of the aperture.  
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A plot of SNR vs. signal position at different aperture sizes is presented in Fig. 2. The bigger the aperture, the 
larger portion of light is coupled onto the CCD, but the more severe the aberrations are, so the worse the image blur. 
When the aperture is opened up, the SNR first increases because of the increased portion of light that gets through the 
lenses. When the aperture is opened further, more aberrations are added to the images and the images are blurred by a 
wider point response function. The effect of the aberrations manifests itself by slowing down the increment of SNR until 
it reaches a maximum. Then with even larger aperture, the SNR begins to decrease. Although we cannot open the 
aperture further in this design, the plot illustrates the existence of the maximum SNR. It shows the tradeoff between 
coupling efficiency and blur in an objective, task-based manner. 
 

A plot of SNR vs. signal position at different working distances is presented in Fig.3. Sometimes lenses may be 
used in the conjugate position other than its designed one. We investigate the working distance effect in task-based 
manner as well. The lens aperture is at an object-space numerical aperture of 0.055, when the magnification is –0.10. 
Then the screen is imaged at different magnifications but fixed aperture size. The shorter the working distance become, 
the larger is the magnification. However, the aberration is worsened because the lens is used away from its designed 
position. We find in the Fig. 3 below that the observer’s performance decreases significantly with the increased deviation 
from the designed conjugate position of the lenses. 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
4. DISCUSSION AND CONCLUSIONS 

 
To the authors’ knowledge, this paper is the first to use a perception-based detectability measure as a figure of 

merit for lens design.  This system-evaluation technique explicitly connects the optical coupling efficiency with the 
aberration-based blur in an objective, task-based manner, independent of the designer’s experiences. Based on this 
criterion, we can investigate the tradeoff between the aberrations and the light loss in optically coupled mammographic 
imaging systems. 
 

Design of optical imaging systems can be done based on objectively defined signal-to-noise ratio of the model 
observers instead of the subjectively built merit functions. In stringent design requirements like medical imaging, the 
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Fig 2. SNR vs. signal positions at different aperture sizes.
The signal positions are measured on the exit surface of
the screen. The aperture sizes are measured in terms of
numerical apertures in object space: NA = 0.055 is plotted
in solid line, 0.45 in dotted line, 0.35 in dashed line and
0.010 in dash-dotted line. 

Fig 3. SNR vs. signal positions at different working distances. 
The signal positions are measured on the exit surface of the 
screen. The working distances are measured in terms of the 
magnifications: M = -0.1 is plotted in solid line, -0.11 in 
dotted line, -0.12 in dashed line, -0.13 in dash-dotted line and 
–0.14 in dash-dot-dotted line. 
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observers’ performance is a good tool for evaluating the system quality for some task. There are several object models 
and observer models suitable for mammographic imaging systems in tumor detection tasks, and they can serve as a good 
starting place to apply task-based design techniques.   
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