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ABSTRACT 

An imaging system produces a degraded measurement of a real- 
valued quantity that varies temporally, spectrally, and spatially. 
When there are multiple measurements of the same scene, it is 
possible to combine the non-redundant information in those mea- 
smments and produce an improved image that has more informa- 
tion than any of the measurements does alone. This type of recon- 
struction is known as image fusion. Depending ou the diversity of 
information in the measurements, it is possible to achieve tempo- 
ral, spectral, spatial, and gray-scale improvements with an image 
fusion algorithm. In this paper, we are proposing an image fusion 
algorithm that produces an image of higher spatial and gray-scale 
information f" multiple measurements. The algorithm estimates 
the spatial and illumination correlation between multiple measure- 
ments, and employs a set-theoretic reconstruction technique. 

1. INTRODUCTION 

An image is a twedimensional projection of a real-valued scene 
q(t; A; x, y, 2) that is a function of time t, spectral wavelength 
A, and space (z, y, 2). During the imaging process, the quantity 
q(t; A; x, y, z )  is degraded in several ways. The degradation may 
occur on the domain (t; A; x, y. z) andlor on the range q. By com- 
bining multiple measurements, image fusion algorithms produce a 
composite (or a set of composites) that has more information than 
any of the individual measurements. With image fusion, we can 
improve resolution and/or extent in the four domains: temporal, 
spectral, spatial, and gray-scale. 

A. Temporal Improvement Frames of a video sequence are 
captured at a certain frame rate, and events that occur faster than 
the hame rate are not visible or else are observed incorrectly. It is 
possible to catch events that are faster than the frame rate when the 
motion can be modeled [ I ]  andlor when there are multiple cameras 
that capture the scene with different time offsets or frame rates [2]. 

B. Spectral Impmvement: Spechal filters are used to sample a 
certain portion of the spectrum. When the purpose is to produce a 
color picture, three different spectral filters usually provide suffi- 
cient visual quality for human viewing. However, in multi-spectral 
and hyper-spectral imagery, high spatial and spectral resolution is 
desirable [3]. 

C. Spnrial Improvement: The result of an imaging process is 
two-dimensional data that is limited in its spatial extent and resolu- 
tion. By combining multiple observations, it is possible to improve 

the spatial information content. The reconstruction algorithm can 
seek three-dimensional or two-dimensional improvement. For in- 
stance, super-resolution reconstruction improves (ZD) spatial res- 
olution by sub-pixel registration of images [4, 51. 

D. Gray-Scale Improvement: Image sensors produce continu- 
ously varying voltages that are proportional to the amount of light 
falling on them. Because of the limited dynamic lange of the seo- 
sors, only a portion of the real dynamic range is captured. This is 
not the only source of information loss in the gray-scale domain, 
however. In order to process this data in the digital domain, the 
continuum of gray-scale values are quantized into a set of discrete 
values. The number of distinct gray levels is kept small for data 
storage and processing efficiency. As a result, a digital image is 
limited in both its gray-scale extent and its gray-scale resolution. 

Recent work by Mann [6], Robertson et al. 171, and Cando- 
cia [SI demonstrate how to improve the dynamic range (gray-scale 
extent) of the image by combining images captured with different 
exposure times. Mann registered the images in range as a weighted 
sum of the pixel intensities. The weights were determined as a 
measure of reliability of the observed data. In Robertson [7] and 
Candocia [SI works, maximum likelihood and least squares esti- 
mation are used, respectively. 

In this paper, we propose a set-theoretic image fusion algo- 
rithm that improves resolution and extent in both the gray-scale 
(range) and spatial domains. Although there has been a consid- 
erable number of super-resolution algorithms proposed, they do 
not consider improving the range (gray-scale extent and resolu- 
tion). However, the observations may provide diverse information 
about range due to changes of illumination in the scene or imaging 
device adjushnents such as exposure time, gain, or white balance, 
which can be used to produce composite images of higher dynamic 
range (gray-scale extent) and tonal fidelity (gray-scale resolution) 
in addition to higher spatial resolution and extent. The proposed 
algorithm can be considered as a generalization of super-resolution 
algorithms. 

2. IMAGINGMODEL 

In this section, we use a more general image acquisition model 
(than the ones used in current super-resolution algorithms) that in- 
cludes the factors that act in the gray-scale domain (such as the 
exposure time, white balance adjustment, saturation) in addition to 
the factors that act in the spatial domain (such as the point spread 
function of the sensors and sampling). The overall model is illus- 
trated in Figure 1. Light coming from the spectrally and spatially 
varying scene q(t; X; x, y, z )  is passed through an optical system to 
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Fig. 1. Imaging model includes effects acting on the gray-scale 
domain as well as on the spatial domain. 

form a two-dimensional real-valued function f(x, y) on a sensor 
amy. It is assumed that the scene is static (time-invariant) during 
the exposure time. A spectral filter captures a certain portion of 
the light spectrum. The sensors may have a nonlinear response to 
the amount of light falling on the sensor surface. This nonlinear- 
ity is usually by an exponential function, which is known as the 
gamma factor. Most commercial cameras have a built-in gamma 
correction circuit that linearizes the relationship between the im- 
pinging light intensity and the image output level. The rest of the 
imaging system converts the signal f (x, y). which is continuous 
in the spatial and gray-scale domains, into a digital image. The 
process can be separated into two parts. The first part is a sensor 
array that converts the continuous signal into a discrete array using 
its discrete sensor elements. Each sensor element is an analog de- 
vice with nonzero physical dimensions and produces a real-valued 
pixel intensity. The second part of the pmcess acts on these pixel 
intensities. The camera may adjust the exposure time and white 
balance (automatically or manually by the user), which affect the 
pixel intensities as gain and offset terms, respectively. The pixel 
intensities are limited to a certain dynamic range and are quan- 
tized to a certain number of hits. The result is a digital image 
z(m1,mz). 

Current super-resolution algorithms tq to reconstmct the sig- 
nal f (2, y) without modeling the processes acting on the gray- 
scale domain of the images. In practice, the signal is reconshucted 
on a discrete grid (n,, n z )  instead of the continuous coordinates 
(x, y), that has a finer resolution than the (m,, m,) grid. Incorpo- 
rating the motion between observations, the super-resolution algo 
rithms model the imaging process as a linear mapping between a 
high-resolution input signal f (n,, nz) and low-resolution obsewa- 
tions ti(m1, m2). This mapping includes motion (of the camera 
or the objects in the scene) and blur (caused by the point spread 
hnction of the sensor elements and the optical system); it can be 
formulated as 

zi(m1,mz) = hi(mi,mz;m,nz)f(ni,~z), (11 

where (n,, nz )  and (ml,  mz) are the discrete coordinates of the 
high- and low-resolution images, respectively, i is the observation 
number, and hi(m1, m2; nl, n,) is the linear mapping that incor- 
porates motion, point spread function (PSF), and downsampling. 

"l.n* 

Details of such modeling can be found in [4,5]. 
The model formulated in (1) assumes that the observations are 

captured under the same illumination conditions and camera set- 
tings. However, this assumption is not always valid. Including the 
effects acting on range (such as exposure time, gain, offset, etc.), 
we can extend the equation given in ( I )  as follows: 

where F[.] is the dynamic range saturation function, Q{.} is the 
gray-scale quantizer, and qi and pi are the illumination gain and 
offset, respectively. In this model, the illumination gain and offset 
are assumed to be spatially uniform. This is a valid assumption 
unless there is non-uniform illumination change within the scene. 
For the case of non-uniform illumination effects, the parameters n, 
and pi can be modeled as functions of the spatial coordinates. 

3. JOINT GRAY-SCALE AND SPATIAL DOMAIN 
ENHANCEMENT 

In this section we present a new image fusion algorithm for joint 
gray-scale and spatial enhancement, We deline conshaint sets us- 
ing the quantization bounds of the pixel intensities, and employ a 
projections onto convex sets (POCS)-based algorithm to produce 
an image of higher spatial and gray-scale information content. 

3.1. Constraint Sets from Amplitude Quantization 

As formulated in (2), dynamic range compression and quantization 
introduces quantization error in the pixel intensities of the observa- 
tions. Let 6i (ml , m,) be the gray-scale quantization error at pixel 
(ml, m2) of the ith observation. Then we can rewrite (2) as 

(3) 
Although the exact value of the quantization error cannot be 

determined f" the measurements, the bounds within which it 
lies can be determined when the saturation curve of the camera is 
known. As illustrated in Figure 2, the input intensities are mapped 
by the nonlinear saturation function and then quantized to a certain 
number of bits, typically eight. For each intensity level, there is 
a lower hound TL( . )  and an upper bound Tu(.) within which the 
input intensity lies; and these bounds can be determined from the 
saturation curve. 

We now define constraint sets using the bounds of the gray- 
scale data, and employ a POCS-based algorithm. In the POCS 
technique, each piece of information (arising from the observed 
data or prior knowledge) is associated with a constraint set in the 
solution space; the intersection of these sets represents the space of 
acceptable solutions. By projecting an initial estimate onto these 
constraint sets iteratively, a solution closer to the original signal is 
obtained. In this problem, the constraint sets arise from the quan- 
tization bounds of pixel intensities. Let Tl (I) and T, (I) be the 
lower and upper quantization bounds for a measured pixel inten- 
sity I, and let z(n1,nz) he an estimate of the high-quality image 
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Fig. 2. For each observed intensity level, there is a lower bound 
and an upper bound within which the input intensity lies. It is pos- 
sible to increase the gray-scale extent and resolution when there 
are multiple observations of different range spans. 

f(n1,nz). Then we can write the constraint set on any observed 
pixel zi(m1, mz) as follows: 

(4) 
where ii(m1, mz) is the calculated pixel intensity derived from 
x(n1,nz): 

When there are multiple observations, the intersection of the 
constraint sets may result in liner range resolution and dynamic 
range. (See Figure 2.) In [4], a projections onto convex sets 
(POCS) algorithm for spatial-domain enhancement is presented. 
In that algorithm, bounds on the constraint sets are set to a fixed 
value, which is chosen heuristically, and the gray-scale effects are 
ignored. Here, we show that those bounds should actually be a 
function of observed pixel intensity, that they should be chosen 
using the camera response function. Moreover, the illumination 
changes and the camera settings should also be considered in the 
reconstmction. 

3.2. Projection Operations 

For each pixel in the observations, we can define a constraint set; 
and we project an initial estimate onto these constraint sets iter- 
atively to update the initial estimate. The result is a solution of 
higher resolution in both the gray-scale and spatial domains. 

Theprojectioooperatorshouldupdatex(nl,nz) insuchaway 
that the constraint given in (4) is satisfied. We design the projection 
operator so that it projects the estimate x(n1, n,) onto the bounds 
of the constraint sets. For instance, if ii(m1,mz) is larger than 
the upper bound Tu (z;(ml,mz)), then the projection operator 

npdatestheestimatez(n1,nz) such thatthenew&(ml,mz) (ob- 
tained from the updated z(n1,nz)) is equal to 7’” (s(m1, mz)). 
After some simple algebra, the projection operator onto a con- 
straint set C [z;(ml, mz)] can he found as 

Pc[zi(ml,mz)l [~(n~,nz)l = x(n1,nz) + 

\-I 

w h e r e m z  (ml,mz),n= (nl,nz),z(nl,nz)isanestimateof 
the original scene f(nl,nz), ii(ml, m,) is the calculated inten- 
sity from the estimate s(nl,nz) as given in (9, and &(m; n) is 
the normalized blurring function: 

“ l l W  

4. IMPLEMENTATION 

In this section we sununatize our implementation of the algorithm. 
Given a set of images, we estimate the motion and illumination pa- 
rameters, register the images in spatial position range and range to 
obtain an initial estimate, and then project the initial estimate onto 
the constraint sets (defined for each pixel in the observations) it- 
eratively. In our implementation we used the six-patameter a h e  
motion model. To determine the affine parameters, we use the Har- 
ris comer detector [9] to select a set of points in the reference im- 
age. We then lind the correspondence points in the second image 
using normalized cross correlation with qwuter-pixel accuracy. A 
least-mean-square estimate of the afline parameters can be deter- 
mined from the motion vectors determined at these points. Once 
the affine parameters are determined, the images are spatially reg- 
istered and the illumination parameters q; and @; are estimated, 
again using minimum least-mean-square estimation. The initial 
estimate is obtained by bilinearly interpolating one nf the obser- 
vations, and then extending the dynamic range by registering the 
other images in range. To perform range registrations, the images 
are first spatially registered (by warping on to the reference image 
using the affine parameters), and then registered in range by taking 
a weighted sum of the pixels. The weight function is chosen to be 
a Gaussian-like function; its mean is set to the middle point ofthe 
dynamic range, which is a result of the relative reliability of the 
midrange intensities [7]. 

5. EXPERIMENTAL RESULTS 

We provide the results of an experiment to demonsmte the pro- 
posed method. We caphued a video sequence using a Sony DCR- 
TRV20 digital camcorder. While capturing the sequence, we in- 
creased the exposure time manually. We used three images from 
the sequence in the reconstruction. h e  images are given in 
figures 3(a), 3@), and 3(c). The image in Figure 3(a) was c a p  
w e d  with a relatively short exposure time. In Figure 3(a) the low- 
contrast details in the lighter regions can be seen better, while in 
Figure 3(c) the tonal fidelity is higher for the darker regions. 
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Fig. 3. Images from the first sequence. (a) First image. (b) Second 
image. (c) Third image. (d) Corners detected in the third image. 

Fig. 4. Reconstmcted image 

We applied the proposed algorithm to these images. The cor- 
ners detected for the reference images are depicted in Figure 3(d). 
The correspondence points are found using normalized cross cor- 
relation with quarter-pixel accuracy, a block size of8 pixels, and a 
search range of IO pixels. The PSF is taken as a 7 x 7 Gaussian 
window with a standard deviation of one. Once the initial esti- 
mates are obtained, they are projected onto the constraint sets iter- 
atively. The number ofiterations is set to seven. The reconstructed 
image is given in Figure 4. It have higher dynamic ranges than 
any of the observations does by itself. (The pixel intensity range 
is given as a side bar.) The low-contrast regions also become more 
clear in the reconstructed images. After getting the high-dynamic- 
range image, certain portion of its range can be chosen for display 
purposes. In Figure 5, we show zoomed regions from these im- 
ages. They are also scaled in intensity to range [O - 2551. Close 
examination of these figures shows that the spatial resolution has 
also been improved during the reconstruction. 

6. CONCLUSIONS 

In this paper, we proposed an image fusion algorithm that im- 
proves resolution and extent in both the gray-scale and spatial do- 

Fig. 5. Zoomed regions. (a) First image. (b) Second image. (c) 
Third image. (d) Reconstructed image scaled to intensity range 
[O-2551. 

mains. (Here we did not demonstrate increasing spatial extent, 
which is relatively straightfonvard.) We included the gray-scale 
effects of the image acquisition process and proposed a projec- 
tions onto convex sets based reconsttuction algorithm. The con- 
straint sets are obtained from the gray-scale quantization infoma- 
tion. Including the range effects, the algorithm can be considered 
as a generalization of spatial super-resolution algorithms. 
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