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ABSTRACT

It has been shown that electro-optical imaging systems de-
signed by integrating optics and digital processing provide
system-level advantages such as extended depth-of-field and
lower optical component costs. In such imaging systems,
the strength of the optical aberration or blur can dramatically
change with the f-number, and hence different digital filters
in the subsequent digital processing are required to correct
the captured images at different f-numbers. However, imple-
menting such number of filters in hardware requires expensive
computational resources, which in turn increase the overall
system cost. In this paper, we propose a simple image filter-
ing approach which uses a weighted sum of a set of compo-
nent finite impulse response (FIR) filters to effectively apply a
different composite FIR filter for each f-number. The simula-
tion results demonstrate that our approach achieves desirable
image quality for variable f-numbers, while substantiallyre-
ducing the complexity in hardware implementation.

Index Terms— Electro-optical imaging, filter bank, FIR,
sharpening, spherical aberration, extended depth-of-field,
wavefront coding

1. INTRODUCTION

Modern electro-optical imaging systems include imaging op-
tics, sensors, and digital image processors. In traditional
design, these subsystems have been optimized in a sequential
fashion. First, the optical subsystem is designed to maxi-
mize the optical image quality at the focal plane (minimize
blur). Second, the digital image processing system is de-
signed to correct any residual artifacts in the digital image
captured at the sensor. Recent research demonstrates the
advantage of an end-to-end design perspective wherein both
the optics and the digital processing subsystems are designed
jointly [1][2][3][4]. Imaging systems designed in this fashion,
which we call jointly designed imaging system, have superior
system-level qualities such as extended depth-of-field, better
optical sensitivity, and lower component costs [4]. Optical

subsystems produced by this joint design methodology dif-
fer from conventional optical systems in that they typically
contain large optical aberrations and thereby produce blurry
images. Subsequent digital processing is required for such
imaging systems to restore the image to the desirable level of
image quality.

The amount of blur in an optical image is characterized
by the optical system’s point spread function (PSF), which is
a function of the optical aberrations [5]. The optical image
is sampled to create a digital image at the sensor (e.g. CCD)
where the sampling is typically uniform. Assuming the op-
tical system PSF is spatially invariant, the image observation
model of such imaging systems can be represented by

v(m, n) = h(m, n,Φ) ⊛ u(m, n) + η(m, n) (1)

whereh represents the impulse response of the sampled sys-
tem,⊛ the spatial convolution operator,u(m, n) the sampled
original image (i.e. ideal image),v(m, n) the sampled ob-
served image, andη(m, n) the detector noise with variance
σ

2. The impulse responseh depends on the strength of the
optical aberrations, denoted byΦ, which is represented by the
vector of the wavefront aberration coefficients [5]. Typically,
Φ contains the coefficients of defocus and the third-order
or Seidel aberrations, including spherical aberration, coma,
astigmatism, field curvature, and distortion. In this paper, we
will be only focusing on the systems dominated by spherical
aberration withW040 being its coefficient in the wavefront
aberration function [5]. In traditionally designed systems,
the spherical aberration is relatively small (e.g.W040 < 0.5
wave) because it has already been minimized during the opti-
cal design stage. In contrast, in the jointly designed systems
analyzed in this paper, the spherical aberration can be sig-
nificantly larger (e.g.W040 = 7 waves). Subsequently, such
systems require digital sharpening of the observed image to
restore the contrast loss due to aberrated optics. Typically,
the image processing is represented by a spatially invariant
digital filter having a frequency responseR which ideally is
either an inverse filter, or a Wiener filter [6]. The Wiener filter
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Fig. 1. The left graph shows the optical system MTF (dashed
curve), the Wiener filter frequency response (dotted), and
the digital-optical system MTF (solid). The center and right
graphs show the images before and after being processed by
the filter.

frequency response is given by

R(ω, ν) =
Ps(ω, ν)H∗(ω, ν)

Ps(ω, ν)|H(ω, ν)|2 + σ2
(2)

where Ps(ω, ν) is the power spectral density (PSD) of the
unknown image signal [6], andH(ω, ν) is the optical trans-
fer function (OTF). The Wiener filter minimizes the mean-
square-error (MSE) of the estimated signal. The MSE is de-
fined by

Emse(H,R) =

∫
ω

∫
ν

Ps(ω, ν)|H(ω, ν)R(ω, ν) − 1|2

+ σ
2|R(ω, ν)|2dωdν (3)

Fig. 1 shows an example of the electro-optical systems
with strong spherical aberration and compensating image pro-
cessing. The dotted curve in the left graph of Fig. 1 shows the
frequency response of a Wiener filter designed for the mod-
ulation transfer function (MTF) shown as the dashed curve.
The optical MTF of this system is poor (low) relative to tradi-
tional optical systems due to significant spherical aberration.
The center graph in Fig. 1 shows an example of a blurry im-
age produced by the optical system with such a poor MTF.
After applying the Wiener filter, the combined digital-optical
system MTF is shown as the solid line in the left graph of
Fig. 1. This system MTF is improved considerably with re-
stored contrast as evidenced by the processed image in the
right graph of Fig. 1.

Many optical systems offer variable f-numbers such as
zoom and aperture settings. Unlike traditionally designedsys-
tems, changing the f-number of an electro-optical system can
change the OTF so dramatically that different sharpening fil-
ters in the subsequent digital processing are required to cor-
rect the captured image at different f-numbers. LetΦi denote
the aberration coefficients of the optical system at a differ-
ent f-number settingi, wherei = 1, 2, . . . ,N. Correspond-
ingly, the OTFH and the filter frequency responseR in (2)
and (3) becomeHi andRi respectively. Because the size of

the digital filters is so large, storing digital filters for all the
possible states is prohibitively expensive for hardware image
processors. We propose an efficient method for minimizing
the hardware complexity while achieving high system per-
formance using a specially optimized filter bank. In Sec. 2
we describe the filter-bank architecture and how we optimize
the filter bank. In Sec. 3 we show some simulated results for
the proposed architecture demonstrating the ability to produce
high-quality images at low hardware complexity. Finally, we
make conclusions in Sec. 4.

2. OPTIMAL FILTER BANK DESIGN

Varying the f-numbers for aberrated electro-optical imaging
systems can induce significant fluctuation in the optical PSF
and hence the MTF. For example, Fig. 2 shows an example
of optical MTFs (Hi(ω, ν), i = 1, 2, 3) for a system contain-
ing significant spherical aberration as the f-number is varied
through three settingsF# 4.3,F# 3.3 andF# 2.8. Variation
in the MTF of this type requires aset of digital filters with
frequency response{Ri(ω, ν)} for each f-number.
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Fig. 2. Optical MTFs for an aberrated system having three
f-numbers.

Storing such a set of filters in the digital processing unit,
three in this example, is prohibitively costly. Instead, wepro-
pose a filter bank approach where the final filter response is
given by a linear combination of finite impulse response (FIR)
filter kernels

Ri(ω, ν) =
K∑

k=1

αikFk(ω, ν) (4)

where the termsα controls the linear weighting of the set of
K filter kernels having a frequency responseFk(ω, ν), k =
1, 2, . . . ,K. The filter responseFk(ω, ν) depends on the set
of filter kernel coefficients in the spatial domain denoted by
{ fk}. The collection of all the filter kernels are independent
of the f-number settings. The weighting termsαik are chosen
depending on the f-number state of the optical system. We



denote the collection of all filter tap kernels and weighting
coefficients in vector notation asf anda respectively.

Ideally, the set of filter kernels require significantly less
computational resources than the naive approach of storing
and implementing a set of filter for each state. The simple
approach is to use a small set of component filter kernels for
a larger set of optical states. Another approach involves using
nested filter kernels. Fig. 3 shows a block diagram example
of such nested filter kernels.
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Fig. 3. The block diagram shows an example of a filter bank
having a nested structure where the different filter kernels
have no overlap in the spatial domain.

In this example, the filter bank consists of three filters
including a basic square filter kernel and two other non-
overlapping concentric ring filters. The relationship between
f-number and PSF size motivates this nested filter structure.
As the f-number gets smaller the size of the PSF increases
due to the optical aberration. Thus, the effective filter size
required to restore the image increases as the f-number de-
creases. Filter kernels designed in this nested fashion mini-
mize the complexity associated with each of the filter kernels
by minimizing the number of multiplications required for
each kernel. Also, if we optimize the weighting coefficients
αik such that certain coefficients are zero, then we can save
circuit power by turning off entire filter kernels. Finally, the
filter bank approach simplifies the hardware implementation
of the filters as the individual filter kernels may be imple-
mented without requiring complicated control circuitry to
swap filter coefficients in and out of memory or to compute
filter coefficients on-the-fly.

Unlike traditional filter banks, the filter kernels compris-
ing the filter bank need not be orthogonal. Of course, in the
case of nested filter banks, the kernels are naturally orthogo-
nal in the spatial domain due to their non-overlapping prop-
erty. Designing filter bank kernels requires non-convex op-
timization. We design our filter bank kernels according to a
minimum MSE criterion over the collection of optical states

according to

min
f ,a

N∑
i=1

Emse(Hi,Ri(a, f )) (5)

where Emse represents the MSE given by (3). We imple-
ment the filter bank optimization by implicitly constraining
the filter geometry by way of construction of the filter tap co-
efficient variablesf depending on the filter bank properties
(e.g. non-overlapping property for the nested filter bank).For
spherical aberration dominant systems, the rotational symme-
try in the filter kernels can also be exploited to largely reduce
the dimension of the parameters to be optimized. The cost
function of (5) is non-convex because of the interaction be-
tween the weighting termsa and the filter tap coefficientsf .
Consequently, we rely on an optimization routine in Matlab
called “fminsearch”. This function applies a simplex search
method proposed in [7]. While slow, this optimization ap-
proach provides reasonable performance as we will demon-
strate in our next section.

3. EXPERIMENTAL RESULTS

We demonstrate the effectiveness of the filter bank approach
to correcting variable f-number aberrated optics for the exam-
ple shown in Fig. 2. In this example, the nested filter bank is
comprised of three filter kernels: a 7× 7 square center filter, a
9×9 nested square annulus filter, and an 11×11 nested square
annulus filter. We optimize both the filter kernel coefficients
f and the state weighting variablesa based on the cost func-
tion of (5). We use a very simple model for the PSD function
used in (2) based on the adjacent pixel correlation model with
correlation coefficient 0.85 as suggested in [6]. The signal-to-
noise-ratio (SNR) is assumed to be 40 dB. TheF# 4.3 state
has the smallest aperture among the three, suffers from the
least amount of spherical aberration, and therefore requires
the smallest size composite filter using only one filter kernel.
At the other extreme,F# 2.8 suffers from the most spherical
aberration, and therefore requires the largest size composite
filter using all three filters kernels.

Fig. 4 shows the frequency responses of the FIR Wiener
filters optimized for f-numbers:F# 4.3,F# 3.3 andF# 2.8,
respectively designed using (2), and the effective frequency
responses (Ri(ω, ν), i = 1, 2, 3) of the composite FIR filters
constructed using the set of nested component filters. When
the aperture is set toF# 4.3, the two outer component fil-
ters are turned off and only the 7× 7 center filter is applied.
This provides considerable power consumption efficiency in
hardware when in theF# 4.3 aperture setting. AtF# 2.8, all
three components filters are used. As shown in Fig. 4, the
composite FIR filter responses using the filter bank are nearly
identical to those of the FIR Wiener filters, but requiring sig-
nificantly less computational resources.

Fig. 5 shows the simulated images before and after ap-
plying the optimized composite FIR filters shown in Fig. 4
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Fig. 4. The diagram shows the composite FIR filter responses
for three f-numbers. The composite FIR filters achieve nearly
identical performance to the FIR Wiener filters.

for the three f-number settings. The significant difference of
the optical blur for different f-numbers can be observed in the
top row of Fig. 5, and correspondingly, the images restored
by the optimized composite filters are shown in the bottom
row, where all three processed images exhibit significantly
improved sharpness at the same level.
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Fig. 5. The diagram shows simulated results with the images
before and after being processed by the composite FIR filters
for three f-numbers.

Table 1 compares the MSE values for the FIR Wiener
filters separately designed for the three f-numbers, the com-
posite FIR filters comprised of the optimized filter bank ker-
nels, and the single IIR Wiener filter optimized for the three
f-numbers. The table shows that the MSEs of the compos-
ite FIR filters are very close to the separately designed FIR
Wiener filters, whereas the single IIR Wiener filter produces
slightly lower MSE than the composite FIR filter forF# 3.3
and significantly higher MSEs for the other two f-numbers.

Table 1. MSE values produced by different filtering ap-
proaches for three f-numbers.

F# 4.3 F# 3.3 F# 2.8
Separate FIR Wiener filters 6.5E-5 9.9E-5 1.6E-4

Composite FIR filters 9.4E-5 1.7E-4 1.8E-4
Single IIR Wiener filter 1.5E-3 1.6E-4 1.2E-3

4. CONCLUSIONS

We have presented a low-complexity filter bank approach to
compensate for aberrations resulting from different f-numbers
in a jointly designed electro-optical imaging system. We ap-
ply our approach to the example of a strongly aberrated op-
tical system having variable f-numbers. We demonstrate the
effectiveness of our approach by showing that the composite
FIR filters achieve the nearly identical performance to the sep-
arately designed FIR Wiener filters for each f-number, while
requiring significantly less computational resources in hard-
ware than the naive approach. It is, however, beyond the
scope of this paper to evaluate the hardware complexity for
the proposed approach in detail.
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