
A METHOD AND SYSTEM FOR GENERATING AN ENTIRELY
WELL-FOCUSED IMAGE OF A LARGE THREE-DIMENSIONAL SCENE
FIELD OF INVENTION The present invention relates
broadly to a method and system for generating an
entirely well-focused image of a three-dimensional
scene and to a computer readable data medium having
stored thereon a computer code means for instructing a
computer to execute a method of generating an entirely
well-focused image of a three-dimensional scene.
BACKGROUND Generating entirely well-focused images in
automatic imaging large threedimensional scene is to
automatically acquire images from the large scene and
produce an all-focused high-resolution image of the
whole scene using many snapshots of portions of the
scene. For example, in unattended automatic optical
imaging of a large three-dimensional scene, a series
of consecutive sections of the scene is to be imaged
and automatic focusing is needed to generate entirely
well-focused images. There are two typical scenarios:
1) In light microscopy: automatic imaging of the whole
or a large portion of specimen slides using light
microscopes, i.e., the so-called high throughput
scanning (HTS), or whole-slide imaging; 2) In
classical photography: unattended continuous scene
capturing and tracking using normal (still/video)
cameras, such as in video surveillance, close-up
photography and vision-guided robotics, where focus is
adjusted automatically, repeatedly and dynamically.In
optical imaging, two important concepts are field of
view (FOV) and depth of field (DOF). Consider the
imaging system is described in an X-Y-Z
three-dimensional coordinates with the Z being the
optical axis and the imaging plane being the X-Y
plane. FOV is the two-dimensional area in the X-Y
plane that an imaging system can see in a 



single shot. DOF is the range of distances that the
imaging system can maintain focus at certain depth
along the optical axis. A singly well-focused image
only contains a single focus. A focused image may have
multiple focuses. In comparison, an entirely
well-focused image (also called allfocused image
(AFI)) is an image whose every portion is
well-focused. Therefore, the optimal focus of each
portion, possibly with different degrees, has to be
found. Finding the optimal focus requires the
evaluation of the degree of focus using a stack of
images, called Z-stack images since they are acquired
at different positions along the Z-axis. These
positions are called nodes herein and they are
determined by using some sampling rates along this
axis. Such techniques are also referred to as extended
focal imaging (EFI) or focus enhancement. The
computation cost increases dramatically if the number
of portions is high. In typical cases, such a number
is in the order of a few hundreds or even thousands.
Figure 1 illustrates conceptually that an image plane
100 is partitioned into 6x4 non-overlapped grids e.g.
102 of the same s\zeNg Ng . Each grid 102 is a portion
on which the focus value is evaluated, called an
evaluation square, and the center of the square called
the evaluation point (EP). Where the scene is large,
it is impossible to capture the entire scene in a
single snapshot due to relatively limited field of
view of the optical imaging system. Hundreds even
thousands of snapshots are needed, each on a small
region of the large scene, called a tile or a section.
These tiles may be overlapped or non-overlapped.
Marcial et al [Marcial Garcia Rojo, Gloria Bueno
Garcia, Carlos Peces Mateos, Jesus Gonzalea Garcia and
Manuel Carbajo Vicente, "Critical Comparison of 3 1
Commerically available Digital Slide Systems in
Pathology," International Journal of Surgical
Pathology, Vol. 14, No.4, pp.285-305, 2006] presented
a review of the existing work in this field. They
compared critically 3 1 commercially available related
systems that are able to perform a whole slide
digitization or assistance in complete slide reviewThe
autofocusing involved for obtaining entirely
well-focused images is a technique which finds
automatically the best focused depth among a curve of
focus 



values FV(Jc) , computed from such a Z-stack of images
bk , k = \,...,K , at different depths indexed by k .
Online direct search methods, such as the
hill-climbing search, the Fibonacci search or the
golden ratio search, are widely used [Dmitry Fedorov,
Bans Sumengen, and B. S. Manjunath, "Multi-focus
Imaging Using Local Estimation and Mosaicking," IEEE
International Conference on Image Processing 2006
(ICIP06), Atlanta, GA USA, Oct 2006] to numerically
solve this nonlinear optimization problem. They are
online search methods as they decide the search
direction just after the comparison of FVs and the
positions where the image to be acquired are decided
online. Both the Fibonacci search method and the
golden ratio search method belong to the so-called
bracketing search methods. They first evaluate two
focus values at the two ends of an interval F and then
only one focus value is evaluated for each subsequent
iteration in a new interval F , a portion of Fp . The
ratio r between the length of F and that of Fp is
fixed. The termination criteria of all three methods,
i.e. hill-climbing search, the Fibonacci search and
the golden ratio search, are the same. All these
methods are based on a unimodal assumption that the
actual focus values of the windowed image have a shape
that peaks at exactly one point and monotonically
decreases away from this point. Should the values
exhibit such a property, they are rather efficient and
can converge to the true peak eventually, likely very
fast. However, FV depends on both the image content
and the imaging system. The content may be from a
scene with multiple layered components. Also, there
could be noise in FVs. Therefore, an actual FV curve
may not be smooth and may have multiple peaks. As a
result, these methods may be trapped into a local
optimum, which depends on the initial conditions for
the searching starting point. Although there are some
variations of the approaches, they basically find
local optimum.Exhaustive search is a method to find
the global optimum. Given a grid, suppose the largest
possible search range T - [ n , Ic 1011x 



] is known. It is then partitioned into intervals
separated by designed nodes. Typically, the
equally-spaced nodes at position kx,...,kNr , are used
such that the interval is T = length{T)l{NY-\) . Each
node corresponds to a certain optical depth and Nt
images are captured at these Nr nodes for this grid.
The optimal focus depth is the one having the maximal
FV among these images. This method will not be trapped
into local maximums and is more robust to noise. The
drawback of this method is that the designing of the
nodes may be inappropriate. Theoretically, one should
follow the Shannon's theorem so that the sampling
interval DT is smaller than a minimum value. To know
such a value, one should know the cut-off frequency of
the three-dimensional specimen along the optical axis
and know the influence of the optical system point
spread function (PSF). However, it is hard to know
them before we have any examination over the scene
(such as a specimen). As a result, either over
sampling or under sampling happens in practice. To
avoid loss of information, the highest sampling rate
will be used. Given a search range T = [ n, 1113x ] ,
the number of nodes Nr is thus the largest. Since one
has to evaluate FV at all nodes, the computation cost
is proportional to Nr . It is large and the whole
search process is slow, compared with the
hill-climbing search and the Fibonacci / the
golden-ratio search. The amount of memory required to
store the images is also large. In practice, one may
only store the current maximum FV and its depth index
and drop those images captured. However, as a result,
one has to capture the images again in case they need
to be retrieved later. Another issue is to make sure
the actual focuses range is within F = [kmin , max ] .
To assure this, the largest depth range along the
Z-axis is chosen. The exhaustive method can find the
global optimum among the examined 



images. However it is time-consuming. One way to
address this issue is to enlarge the sampling interval
DT . However, to avoid down-sampling, prior knowledge
is requiredabout the spectrum of the scene along the
optical axis before image acquisition and focus
search. It has also been proposed to use an estimation
of focus surface for neighboring tiles. Reference
[llya Ravkin and Vladimir Temov, "Automated microscopy
system for detection and genetic characterization of
fetal nucleated red blood cells on slides,"
Proceedings of SPIE, Vol. 3260, pp. 180-191,1998]
introduces a microscopy imaging system developed by
Applied Imaging for the detection and genetic
characterization of fetal nucleated red blood cells on
slides. Z-stack images are acquired to evaluate the FV
over a subsampled image or limited to the region of
interest within the whole image hence to find a single
focus for each image (tile). A second order polynomial
function is further developed to predict the focus
surface for the new stage position hence new tile
dynamically to reduce the error due to the tilt of
moving stage, wedging of the slide and cushioning of
the cover slip due to mounting media in their
application .In reference [Volker Hilsenstein, "Robust
Autofocusing for Automated Microscopy imaging of
Fluorescently Labelled Bacteria," Proceedings of the
Digital Imaging Computing: Techniques and Applications
(DICTA 2005), pp. 1-7], Volker Hilsenstein also
notices the possible tilt of stage and proposes to fit
a plane model for the slide to estimate the tilt and
the variability of the focus positions, which
constrains the search range to the locally optimal
range for each field. Although both prior arts have
not discussed how to generate an entirely well-focused
image, their techniques are in any event limited to
predicting focus surfaces by considering structure
factors in the imaging system. In other words, those
techniques have not considered the influence of
factors coming from the scene to be imaged itself,
hence offer little advantage where structural factors
may not be the only or major influence, for example
where the three-dimensional nature of a large scene
with varying depth distribution across the scene
contributes significantly to varying depths of focus
across the scene, or in a calibrated imaging system
where the 



imaging geometry has been corrected. Even in a single
AFI in EFI, there are many evaluation tiles at each of
which a local focus needs to be found. Within a single
AFI, reference [T. T. E. Yeo, S. H. Ong, Jayasooriah
and R. Sinniah, "Autofocusing for tissue microscopy,"
Image and Vision Computing, Vol. 11, No. 10, December
1993, pp. 629-92910] reviews the basic techniques to
find them on each EP, such as Fibonacci search and the
exhaust search.For non-EPs, bi-linear interpolation is
suggested to decide their local focus surfaces. A
recent reference [Dmitry Fedorov, Baris Sumengen, and
B. S. Manjunath, "Multi-focus Imaging Using Local
Estimation and Mosaicking," IEEE International
Conference on Image Processing 2006 (ICIP06), Atlanta,
GA USA, Oct 2006] discusses multi-focus imaging, a
simplified version of EFI and utilizes local
estimation but without involving focus surface
predication for neighboring grids/tiles. Both above
works discuss forming a single AFI, but do not touch
on imaging a large scene. Sharing the same optical
imaging principle, techniques for producing entirely
well-focused images in microscopy are also applicable
to photography, notably, the methods for the
calculation of focus values and finding optimal
depths. More generally, autofocusing is much related
to the technique of "shape from focus" as well as that
of "depth from focus/defocus." A need therefore exists
to provide a method and system for generating an
entirely well-focused image of a large
three-dimensional scene which seek to address at least
one of the above mentioned problems. SUMMARY In
accordance with a first aspect of the present
invention there is provided a method of generating an
entirely well-focused image of a three-dimensional
scene, the method comprising the steps of a) learning
a prediction model including at least a focal depth
probability density function (PDF), h(k), for all
depth values k , from one or more historical tiles of
the scene; b) predicting the possible focal surfaces
in a subsequent tile of the scene by applying the
prediction model; c) for each value of k , 



examining h(k) such that if h(k) is below a first
threshold, no image is acquired at the depth k' for
said one tile; and if h(k) is above or equal to a
first threshold, one or more images are acquired in a
depth range around said value of k for said one tile;
and d) processing the acquired images to generate a
pixel focus map for said subsequent tile. Step c) may
comprise examining h(k) such that if h(k) is below the
first threshold, no image is acquired at the depth k'
for said one tile; and if h(k) is aboveor equal to the
first threshold and below a second threshold, one or
more images are acquired in the depth range around
said value of k for said one tile using a first
sampling rate; and if h(k) is above or equal to the
second threshold, one or more images are acquired in
the depth range around said value of k for said one
tile using a second sampling rate higher than the
first sampling rate. The method may further comprise
updating the prediction model before steps a) to d)
are applied to a next neighboring tile. The method may
comprise the steps of i) for a first tile, acquiring
images at equally spaced values of k and processing
the acquired images to find a pixel focus map for said
first tile; ii) building the PDF based on said pixel
focus map for said first tile; iii) applying steps a)
to d) for n consecutive neighboring tiles; and for a
(n+1)th tile, return to step i) treating the (n+1)th
tile as the first tile. The PDF may be a pre-leamed
model and/or a user defined model. The prediction
model may comprise a structure component and a
probabilistic component. The acquiring of images may
comprise capturing images or reading stored images.
The method may be applied to microscopy or
photography. The learning of the prediction model may
comprise using spatial contextual information. In
accordance with a second aspect of the present
invention there is provided 



a system for generating an entirely well-focused image
of a three-dimensional scene, the system comprising a
learning unit for learning a prediction model
including at least a focal depth probability density
function (PDF), h(k), for all depth values k , from
one or more historical tiles of the scene; a
prediction unit for predicting the possible focal
surfaces in a subsequent tile of the scene by
applyingthe prediction model; a processing unit for,
for each value of k, examining h(k) such that if h(k)
is below a first threshold, no image is acquired at
the depth k' for said one tile; and if h(k) is above
or equal to a first threshold, one or more images are
acquired in a depth range around said value of k for
said one tile; and d) processing the acquired images
to generate a pixel focus map for said subsequent
tile. In accordance with a third aspect of the present
invention there is provided a computer readable data
medium having stored thereon a computer code means for
instructing a computer to execute a method of
generating an entirely well-focused image of a
three-dimensional scene, the method comprising the
steps of a) learning a prediction model including at
least a focal depth probability density function
(PDF), h(k), for all depth values k, from one or more
historical tiles of the scene; b) predicting the
possible focal surfaces in a subsequent tile of the
scene by applying the prediction model; c) for each
value of k , examining h(k) such that if h(k) is below
a first threshold, no image is acquired at the depth
k' for said one tile; and if h(k) is above or equal to
a first threshold, one or more images are acquired in
a depth range around said value of k for said one
tile; and d) processing the acquired images to
generate a pixel focus map for said subsequent tile.
BRIEF DESCRIPTION OF THE DRAWINGS Embodiments of the
invention will be better understood and readily
apparent to one of ordinary skill in the art from the
following written description, by way of example only,
and in conjunction with the drawings, in which: Figure
1 is a schematic drawing illustrating conceptionally
an image plane partition into non-overlapped grids. 



Figure 2 shows a schematic drawing illustrating an
image formation model in a simplified microscope with
one camera lens. Figure 3 shows a graph of point
spread functions (PSFs) in a camera system. Figure 4
shows a graph of focus value curves evaluated at three
different windows. Figure 5 is a graph showing an
example of optimal depth distribution over 16x20 grids
of an image.Figure 6 is a flowchart illustrating an
algorithm for parallel processing auto focusing in
extended focal imaging according to an example
embodiment. Figures 7 (a) and (b) show normalised
histograms where panel (a) is computed based on the
focus depth map based on evaluation points, EP-FDM,
and panel (b) is from the focus depth map based on all
pixels, Px-FDM shows, according to an example
embodiment. Figure 8 shows a graph illustrating a
simulation of a focus depth map of a large scene,
according to an example embodiment. Figure 9 shows a
flowchart illustrating the process steps for a method
of generating an entirely well-focused image of a
three-dimensional scene, according to an example
embodiment. Figure 10 shows a flowchart illustrating
an algorithm of a method of generating an entirely
well-focused image of a three-dimensional scene
according to an example embodiment. Figure 11 shows a
flowchart illustrating an algorithm of a method of
generating an entirely well-focused image of a
three-dimensional scene according to an example
embodiment. Figure 12 shows a flow chart illustrating
a method of generating an entirely well-focused image
of a three-dimensional scene according to an example
embodiment. Figure 13 shows a schematic drawing
illustrating a computer system for 



implementing respective components of a method and
system for generating an entirely well-focused image
of a three-dimensional scene according to an example
embodiment. DETAILED DESCRIPTION The example
embodiments described employ a strategy and consider
these snapshots as information-connected content in a
large context. The present work learns statistical
models from historical tiles and utilizes them to
predict possible depths infocus in the current tile
position of the three-dimensional scene for image
acquisition and automatic focus adjusting. Such an EFI
technique produces very encouraging results. We can
reduce more than over 1/3 time while maintaining good
image quality.The example embodiments can be applied
for example in microscopy applications, virtual
microscopy, digital slide systems, digital microscopy,
whole-slide scanning (WSI), slide scanners and
diagnosis-aided systems using microscopy Generating
entirely well-focused images in automatic imaging
large threedimensional scene in the example
embodiments is to automatically acquire images from
the large scene and produce an all-focused
high-resolution image of the whole scene using many
snapshots of portions of the scene. There are two
typical application scenarios. One is in light
microscopy; the other is in classical photography. In
the former one, so-called whole-slide imaging or high
throughput scanning automatically image the whole or a
large portion of the slide specimen uses light
microscopes under high magnifications. In the later
one, a large continuous scene is captured and tracked,
where focus is adjusted automatically, repeatedly and
dynamically for the whole scene. Some portions of the
description which follows are explicitly or implicitly
presented in terms of algorithms and functional or
symbolic representations of operations on data within
a computer memory. These algorithmic descriptions and
functional or symbolic representations are the means
used by those skilled in the data processing arts to
convey most effectively the substance of their work to
others skilled in the art. An algorithm is here, and
generally, conceived to be a self-consistent sequence 



of steps leading to a desired result. The steps are
those requiring physical manipulations of physical
quantities, such as electrical, magnetic or optical
signals capable of being stored, transferred,
combined, compared, and otherwise manipulated. Unless
specifically stated otherwise, and as apparent from
the following, it will be appreciated that throughout
the present specification, discussions utilizing terms
such as "scanning", "calculating", "determining",
"replacing", "generating", "initializing",
"outputting", or the like, refer to the action and
processes of a computer system, or similar electronic
device, that manipulates and transforms data
represented as physical quantities within the computer
system into other data similarly represented as
physical quantities within the computer system or
other information storage, transmission or display
devices.The present specification also discloses
apparatus for performing the operations of the
methods. Such apparatus may be specially constructed
for the required purposes, or may comprise a general
purpose computer or other device selectively activated
or reconfigured by a computer program stored in the
computer. The algorithms and displays presented herein
are not inherently related to any particular computer
or other apparatus. Various general purpose machines
may be used with programs in accordance with the
teachings herein. Alternatively, the construction of
more specialized apparatus to perform the required
method steps may be appropriate. The structure of a
conventional general purpose computer will appear from
the description below. In addition, the present
specification also implicitly discloses a computer
program, in that it would be apparent to the person
skilled in the art that the individual steps of the
method described herein may be put into effect by
computer code. The computer program is not intended to
be limited to any particular programming language and
implementation thereof. It will be appreciated that a
variety of programming languages and coding thereof
may be used to implement the teachings of the
disclosure contained herein. Moreover, the computer
program is not intended to be limited to any
particular control flow. There are many other variants
of the computer program, which 



can use different control flows without departing from
the spirit or scope of the invention. Furthermore, one
or more of the steps of the computer program may be
performed in parallel rather than sequentially. Such a
computer program may be stored on any computer
readable medium. The computer readable medium may
include storage devices such as magnetic or optical
disks, memory chips, or other storage devices suitable
for interfacing with a general purpose computer. The
computer readable medium may also include a hard-wired
medium such as exemplified in the Internet system, or
wireless medium such as exemplified in the GSM mobile
telephone system. The computer program when loaded and
executed on such a general-purpose computer
effectively results in an apparatus that implements
the steps of the preferred method. The invention may
also be implemented as hardware modules. More
particular, in the hardware sense, a module is a
functional hardware unit designed for use with other
components or modules. For example, a module may be
implemented using discrete electronic components, or
it can form a portion of an entire electronic
circuitsuch as an Application Specific Integrated
Circuit (ASIC). Numerous other possibilities exist.
Those skilled in the art will appreciate that the
system can also be implemented as a combination of
hardware and software modules. Figure 2 shows an image
formation model 200 in a simplified microscope with
only one camera lens L with a focal length / . In the
thin-lens model, the two principal planes of the
optical system coincide. Let p be an object point on a
visible surface in the scene, pf be its focused image
and pd be its detected image by the image detector ID,
such as a CCD. The object distance is u and the image
distance is v . The aperture diameter D, focal length
/ and the distance between the principal plane and the
detection plane s are referred to camera parameters c
(s,f,D) . Denote the optical axis by Z , the scene
surface plane by the X - axis and the Y"-axis and the
detection plane by the X- axis and the Y-axis. We
assume the optical system is circularly symmetric
around the optical axis and use a paraxial geometric
optics model for image formation. According to
geometric 



optics, we have the following relation: If the object
point p is not in focus or the detection plane and the
image plane do not coincide, the detected image is a
blurred circle pd with the same shape of the lens
aperture irrespective of the position of p on the
object plane. Let R be the radius of the blur circle.
From Figure 2, we have 2R s-v (2) D Therefore, 1 j u -
s ONote that R can be either positive (if s v) or
negative (if s <v) [Muraiidhara Subbarao, Tae Choi,
and Arman Nikzad, "Focusing Techniques," Optical
Engineering, Vol. 32, No. 11, pp. 2824-2836, November
1993]. Given D , f , s and starting from the focused
position u , moving the object p closer to or away
from the lens will increase Assume that the light
energy incident on the lens from the point p during
one exposure period of the camera is uniformly
distributed in the blur circle. Thus the circle has a
uniform brightness response inside the circle and
zeros outside. Hence the point spread function (PSF)
of the system is a c {x, y , R ) = . (4 ) The
brightness of the blur circle decreases quadratically
as \R\ increases. In practice, the image of a point
object is not exactly a circle of constant brightness.
A twodimensional Gaussian PSF with a spread s = R/-j2
is often suggested [Muraiidhara Subbarao, Tae Choi,
and Arman Nikzad, "Focusing Techniques," Optical
Engineering, Vol. 32, No. 11, pp. 2824-2836, November
1993] aG(x, y ;s)=--t exp(-* y ) . (5) 



lps Zs Collectively, we denote all the PSFs in a
camera system as a(x,y;R(c,u)) . The PSF 300 of
Gaussian is illustrated in Figure 3 given D, / and s
with varying u. Here, Z-axis refers to the function
value. Since the PSF in the X-Y plane is rotationally
symmetric, we illustrate only the response with
respect to the distance (by the X-axis) away from the
blur circle center. Note, the Y-axis refers to the
shifted variable u such that the origin (0,0) in the
(X.Y)-plane corresponds to the in-focus status. Such a
response will be very sharp in Y-dimension for high
magnification camera systems.Depth of field is the
optical axial resolving power of an objective lens. It
is defined in object space. Another related concept,
depth of focus, is defined in image space. DOF is
determined by the distance from the nearest object
plane in focus with tolerable distortion to that of
the farthest object plane also simultaneously in focus
with tolerable distortion. A widely used criterion for
characterizing the distortion due to defocusing is the
Rayleigh limit which in this context states that, if
we wish to maintain a diffraction limited system, the
maximal path difference may never exceed a quarter
wave length
[http://www.canon.com/camera-museum/camera/digital/fjn
dex.html, 2006-1 2-06]. Table 1 lists out the DOF of
typical lenses in the third column. Note that, the
computation of DOF is solely determined by the
property of the lens, light wavelength and the medium
light passing through. It doesn't depend upon the
scene to be imaged. With increasing magnification and
increasing numerical aperture, a lens has decreasing
depth of field. For high magnification and numerical
aperture lens, it is very short (in the order of
micrometers). The field of view of (FOV) the optical
system is the part of the observable world that is
seen at a snapshot. Given the lens distortion and the
size of the image detector, the FOV diameters decrease
with increasing lens magnifications. The diameters of
4Ox, 6Ox and 10Ox lenses are about 0.55, 0.37 and 0.22
millimeter, respectively. The fourth column of Table 1
tabulates some typical FOV diameters in optical
microscopy. Table 1. Depth of Field and Field of
ViewThe above camera model is a linear and
transitionally-invariant (LTI) optical 



imaging system. For a two-dimensional planar scene
p(x,y;u) positioned at u, given the camera parameters
c  (s,f,D) , and the image on the detection plane is b
(x,y;R(c,u)) a(x,y;R(c,u))(r)p(x,y;u) . (6) Here
a(x,y;R(c,u)) is the PSF of the imaging system and b
(x,y;R(c,u)) is the detected image on the image
detection plane. The symbol (r) denotes the
twodimensional convolution. For a three-dimensional
scene, we can consider it consists of a series of thin
planar objects perpendicular to the optical axis
positioned at u= z , zeD . We also assume that they
are all visible individually. Now the observed image
is the ensemble of all the detected planar scenes,
i.e, b(x,y) = [a(x,y;R(c,z))(r)p(x,y;z)]dz . (7) In
practice, the actual depth range where the scene can
be observed with acceptable blur is constrained by
both a(x,y;R(c,u)) and p(x,y;u) . The former case is
mainly due to the limitation of DOF of the lens, the
camera parameters as well as the working distance u,
whereas in the later case, the constraint is due to
the contrast and the brightness of the scene content.
Denote this range as [u- Au12,u+Au 12] , then the
image which can be observed focused is b(x,y,u,Au)=l
_+ 2 [a(x,y;R(c,z))(r) p(x,y;z)^z . (8) Unlike the
Rayleigh limit used to define the defocus status of a
lens property, there are unique criteria to define the
image focus status. Normally, a focused image is
considered to have the highest contrast among its
defocused counterparts thus has most high frequency
components. Widely used focus measures include the
frequency domain functions, gradient functions,
information content functions and grey levelvariance
[T. T. E. Yeo, S. H. Ong, Jayasooriah and R. Sinniah,
"Autofocusing for tissue microscopy," Image and Vision
Computing, Vol. 1 1 , No. 10, December 1993, pp. 629-
929]. Comparing their performance is beyond the scope
of this specification. But essentially the larger this
measure is, the higher the image contrast, and the
better the 



image focuses. As an example, we choose the energy of
image gradient function for the example embodiments,
IFM : IFMk dxdy . (9) where bk (x,y) , called Z -stack
images, k = l,...,K , is the -th image captured along
the optical axis, corresponding to position u in
Z-axis. The integral is over the entire image area.
Alternatively, a smaller window W of the image can be
used to save computation load. The resultant measure
is an approximation to that over the entire image
area. In numerical implementation, such a measure can
be approximated by a focus value (FV) function: FV(k)
=  (Gl Gy 2) , (x,j ) W. (10) x y where Gx = bk(x + 1,
y) - bk (x, y ) and Gv = bk (x, y + \)~ bk (x, y ) .
Suppose the size of the window W is Ng cNg , the
complexity for this computation is O N ) . The focus
measurement values depend on the imaging system (due
to the PSF), the content of the scene, the imaging
depth, the specific window of a certain size and at a
certain position for FV computation. When fixing other
factors, and changing imaging depth, the FV are
one-dimensional functions of the object depth
positions, called focus value curves. Illustrated in
Figure 4 are three focus value curves 400, 402, 404
evaluated at three different windows. They have
different shape and strength. Curves 400 and 402 have
multiple modes, whereas Curve 404 is unimodal.
Autofocusing is a technique which finds automatically
the best focused depth among a curve of focus values
FV(k) , computed from a stack of images bk ,k=l,...,K
, at different depths indexed by k . Specifically, it
finds the depth index such that = argmax{FF(fc)} ,
(xj) e W. (1 1) k Note that the computation of all FVs
is within the same window W with certain 



position and size. The autofocusing mechanism in the
example embodiments is based on imaging system using
software. The mechanism can be considered as an
extension of Eq.( 1 1) by reducing the window size to
a pixel unit: Given a stack of images bk, and the
focus value of each pixel FV{ik,j k) ,k=I,...,K , we
find the depth index k(i,j) at each pixel position
(/,/) such that FV is maximized among all k [l,K] ,
i.e., k(hj) = gmzx{FV(ik,j k)} . (12) k The
all-focused image is composed by assigning the pixel
of the k(i,j)-\h image b - (/,/) at position (i,j) to
the final image. In practice, the computation could be
very time-consuming for a large image of size such as
1024-by-1280. Instead, the image is partitioned into
MxN small regions (called grids). The optimal focused
depth of each region is found. These depth values of
the whole image is called (optimal) focus depth map
(FDM). Since the map is obtained based on evaluation
points (EP), it is called EP-FDM. Then each region of
the focused image is found by assigning the grid of
the image at that optimal depth and they are combined
to produce a montage as AFI. This algorithm is called
focus enhancement by grid patching [T. T. E. Yeo, S.
H. Ong, Jayasooriah and R. Sinniah, "Autofocusing for
tissue microscopy," Image and Vision Computing, Vol.
11, No. 10, December 1993, pp. 629-929]. In Figure 1,
each grid gy is a square on which the focus value is
evaluated, called an evaluation square. We extract the
(z,/) -th grid of the k(i,j) -th image and assign it
to the center (called the evaluation point (EP)) of
the same grid of the montage image. The computational
cost for the entire AFI using a linear search has a
complexityof 0(K cMcNcNg 2) for this setting. Figure 5
shows an example of optimal depth distribution 500
(Z-axis) over the 16x20 grids (X-Y) of an image. The
depths are not constant and vary from grid to grid.
The resultant image of the above method has a
checkerboard appearance. To 



overcome this problem, interpolation is introduced
using the above depths information on EPs. First,
define interpolation squares using the four nearest EP
as corners. At each pixel c,y) within it, the optimal
depth where the maximum focus value is found by using
bi-linear interpolation. The resultant matrix with
each pixel carrying the optimal depth information is
called a focus-depth map based on all pixels (called
Px-FDM). The final AFI is composed using the following
formula: AFI(x,y) =bFDM(x,y) {x,y) , for \/{x,y) .
(13) When using online search, the grids have to be
processed one by one. Suppose we are processing two
grids A and B in the same time. Based on previous
results, the depth search direction for Grid A is to
increase depth. However, for Grid B it is to decrease
depth. This brings a difficulty to decide which
direction we should search next. Therefore these
online search methods are essentially in sequential
order of grids. The number of grids, MxN , in extended
focal imaging, could be quite large. Suppose the image
size is 1024x1280, the non-overlapped grids have the
same size of 32x32 . We have M = 32 , N= 40 and 1280
grids in total. If we process them sequentially, the
number of images to be acquired and processed is huge.
For example, ProScan II, a newly released motorized
stage of Prior Scientific Inc, acquires 16 frames in
its coarse search and then another 16 images in its
fine search for autofocusing based on a single window
of image [IT. Young, R. Zagers, L.J. van Vliet, J.
Mullikin, F. Boddeke, and H. Netten, "Depth-of-Focus
in Microscopy," in: SCIA'93, Proc. of the 8th
Scandinavian Conference on Image Analysis, Tromso,
Norway, 1993, pp.493-498]. If we only take K= 16
images at different depths for each grid and process
these grids sequentially, the number of images to be
acquired is MxNx K. In this example, it is equal to
20480, much larger than K= 16 . Storing all of these
images in the memory is impossible. However acquiring
20480 images is costly in that one has to move the
lensor the scene physically to change the observed
depth of the scene and each image capturing needs
enough time for light exposure. In view of this, the
naive exhaustive search seems to be more applicable
here 



since it could capture much less images for each grid
as the positions of these images can be designed
beforehand. It is thus expected to be faster than the
above methods. However, when applying sequential
methods, the grids have to be processed one by one and
eventually all of them. Therefore sequential
processing of grids is not appropriate in this
context. To speed up autofocusing in EFI, we introduce
a parallel processing method called PPM. The input of
the algorithm is K depths node positions. For
simplicity, they are assumed to be equally-spaced by
interval DT so that the maximum search range = [ m1n
kmax ] i fully covered, just as the exhaustive search
does. The diagram of this algorithm is summarized in
Figure 6. It consists in six steps. In the first step
ST1, K images are acquired at each of the nodes. Here
acquisition could mean physical capturing an image by
moving the objective lens or the object stage to
specified depth positions and then snapshoot the scene
to allow a pulse of light exposure. It can also be
simulated by reading images from memory. The time cost
for either of them, ta , is around a few hundreds
milliseconds, in our experiments using image reading
from hard disks. The total computational complexity is
O(K cta) . In Step 2 (ST2), each image is partitioned
into MxN non-overlapping grids, each of size Ng c Ng .
The focus values of all the MxNxK grids are computed.
The computational cost is 0(K cM c N ctb) , where t is
the time of a single computation of FV in such a grid.
t is measured in the order of milliseconds in our
experiments. In Step 3 (ST3), for each grid, the focal
depth at which the maximum FV is achieved is found.
These depths are assigned to the grid EP
correspondingly. It yields the focus depth map,
EP-FDM, based on the evaluation points. Time cost for
this step is around tens milliseconds in our
experiments.In Step 4 (ST4), the focus depth of each
pixel of the image is found by bilinear interpolation,
producing the focus depth map Px-FDM at pixel level.
The computation cost for this step is O(M N cN tbl )
for non-overlapping grids, where tb is the 



computation cost for a single bi-linear interpolation,
measured in the order of milliseconds in our
experiments. For each possible depth k , Step 5 (ST5)
finds the pixel set U(k) from pixels of AFI based on
Px-FDM, such that their optimal focus depths are k .
The size of the each set L(U(Jc)) is also found. The
computation for each k is actually the same as the
computation of histogram statistical analysis in two
dimensions with pixel positions returned. For each
depth, its time cost is tmda , about tens milliseconds
in our experiments. The total computation cost is O(K
ctmdex ) for the K possible depths. For each possible
k , Step 6 (ST6) assigns the color of L(U(k)) pixels
of the k - th image to the corresponding pixels of
AFI. The pixel positions are indexed by U(k) . K The
computation cost for this step is O( tassigp x L(U
(k))) , where t is the time for a single color
assignment. On average, the assignment for one single
depth is measured in the order of hundreds of
milliseconds. To have an example, suppose K = 66 ,
image size is 1024-by-1280, partitioned into M x N
non-overlapping grids, each of size Ng cNg with M = 32
, N = 40 , N = 32 , the time costs for the six steps
are tabulated in Table 2. Steps 1, 2 and 5 consume
most of the time of the PPM algorithm. All these steps
cost more time as the total number of images acquired
increases. Hence one could reduce the time by
decreasing this number. One way is to down sample
along the depths. Assuming Case 1 and Case 2 acquire
images from the same scene but the sampling rate of
Case 1 is twice of that of Case 2, except for ST6, all
the other 5 time cost items are reduced. The increase
for ST6 is relatively small compared to the others.
Below, we will refer the method used in Case 1 to
Method 1 and that in Case 2 to Method 2.The example
embodiments are based on statistical learning of focal
depth probability density function (PDF) of spatial
neighbors of the current tile in the same scene. The
results can be used to predict the start point and
ending point, hence the range, of the depths at which
images should be acquired. Also for those depth
positions 



where the probabilities are high, a high sampling rate
can be set to acquire more images in these areas. For
those positions with low probabilities, low sampling
rates will be applied. As a result, the sampling rate,
on which the image acquisition nodes are based to
design, is variable and adaptive to local tiles and
local depths. In one example embodiment, the first
step is to learn the focal depth PDF from previously
processed tiles and to update a focal depth prediction
model. The focus depth prediction model consists of a
structure prediction and a probabilistic prediction.
Structure prediction accounts for structure factors
and probabilistic prediction accounts for content
characteristics of the image. Hence by using the
prediction model, subsequent new tiles are able to
determine the possible focal depth range and the
probability of each depth to be focused in the second
step. In the third step, the probability of each depth
is being examined. If it is lower than a threshold
Thjow, then it will be skipped without acquiring any
image. If it is higher than a high threshold Thjiigh,
then determine a small neighbour of this depth with
the starting and ending depth positions and images are
acquired in a high sampling rate to determine sampling
nodes along the depth axis. However, if the
probability is between the two thresholds, then
similarly a small neighbour is determined and a low
sampling rate is used to design nodes. Hence, images
are acquired and being input to the parallel
processing algorithm (PPM) for enhanced focal imaging.
. Two versions of the example embodiment are proposed
to implement large scale scene imaging. In a first
version, dense nodes are only used in the beginning of
the whole scanning procedure. For all those subsequent
tiles, all the nodes are designed based on the
prediction models dynamically updated. This is
applicable to scenes having fewer tiles. However for
more tiles in the procedure of imaging, it is possible
that the estimated sampling nodes may drift from the
optimal positions due to accumulation of errors. This
situation can be handled by a second version that is
using dense sampling in the midst of the procedure.
The dense and equally-spaced nodes are used 



regularly to correct possible drift of estimation due
to accumulation of errors.In the following, we focus
our discussions of automatic all-focus imaging of
large three-dimensional scene on microscopy
applications. In microscopy, such an application is
called high throughput scanning (HTS). It is an
emerging technique which uses modified microscopes and
image-analysis-based software to scan the whole or a
large portion of specimen slides, micro-array plates
or culture chambers rapidly and automatically to large
image areas [e.g. Jeffrey H. Price, "High Throughput
Microscopy: From Images to Data," 3rd IEEE
International Symposium on Biomedical Imaging: Macro
to Nano, ISBI 2006, pp. 247-250]. The example
embodiments are based on the observation that given a
scene, the detectable focused depths are limited to a
certain range along the scene depth direction. The
specific scene content does change the exact range of
the detectable depths, the specific optimal depth of
each pixel as well as the focus degree of the entire
image. We have analyzed the probability density
functions (PDF) of these focused depths based on
images collected at 40 equally-spaced depths positions
(i.e., nodes) of the scene. They are normalised
histograms 700, 702 shown in Figure 7 , where panel
(a) is computed based on the focus depth map based on
evaluation points, EP-FDM, and panel (b) is from the
focus depth map based on all pixels, Px-FDM. In both
panels, the horizontal axis refers to the index of
nodes, or focused surface depth positions and the
vertical axis is the probability. It is observed that,
panel (a) exhibits multiple modes whereas panel (b)
has a single mode. Also some depths have higher
probabilities, while others have lower ones. Notably,
some depths, such as index 0-15 and 35-40 in both (a)
and (b), even do not focus at all. Among all the
depths, the depths at which focused regions occur in
the corresponding images spread only a range about 20
index positions from 15 to 35 in both panels (a) and
(b). Skipping those index ranges with very low
probability will not harm the final result greatly.
Instead, it will speed up the whole imaging process.
Based on this observation, the example embodiments
learn the probability 



density function of focused depths from historical
data of processed neighboring tiles by using spatial
contextual information. We assume such a probability
distribution is true forboth the current tile and its
spatial neighbors. We apply a threshold to the
probability distribution of the neighbors and do not
acquire images from those depths whose probabilities
are less than the threshold. Only the captured images
are processed in the rest of the EFI algorithm. When
we estimate and predict the focus depth in a very
large scene using an optica! imaging system, besides
those factors coming from the scene itself, the
intrinsic system structure factors may also influence
the actual result. For example, one of such factors in
optical microscopy is that the stage carrying the
objects may be slightly slanted or tilted. This may
not be a remarkable problem for small scene imaging
using a single snapshot after system calibration. If
calibration is not perfect, this however has direct
negative impact on the estimation of the focal depth
range in large scene imaging as those small and slow
changes may be accumulated gradually and finally
presenting a large error. In the example embodiments,
a focus depth prediction model 2 contains two terms: a
structure prediction and a probabilistic prediction.
ps accounts for the structure factors due to such as
the tilt of stage and/or the tilt of the slide. pR
accounts for the characteristics of tissue content,
such as the layered property. Normally ps can be
characterized by a plane equation: ps =a x +a2y +a .
(15) It can be estimated by using regression from a
set of focus evaluation points E,(x)Ly) , i(x) =
l,...,I , ) = I,. .., J , on regular grid points.
Supposed the estimated parameters are , , 2 and 3 ,
the prediction model is formulated as p  + + (16)The
focus depth map of a single image tile based on
evaluation points shown in Figure 5 is a typical
experimental result. We find the model has parameters
, = -0.0092 , 2 = -0.0024 and 3 = 47.7327 . Figure 8
is a simulation showing a focus depth map 800 of a
large scene. A global trend is seen and is largely due
to the tilt 



and/or slant of the slide. Random noise is also found.
Then we define the actual structure depth in the
examined specimen t = z-p s . (17) r is a quantity
accounting for tissue content. We consider it as a
random variable with probability distribution h t) .
The example embodiments are based on statistical
learning of focal depth PDF of spatial neighbors of
the current tile in the same scene. We benefit from
the learned results in two ways. First, we can use
them to predict the start point and ending point,
hence the range, of the depths at which images are
acquired. Second, for those depth positions where the
probabilities are high, we can set a high sampling
rate to acquire more images in these areas. For those
positions with low probabilities, low sampling rates
are applied. Consequently, the sampling rate, on which
the image acquisition nodes are based to design, is
variable and adaptive to local tiles and local depths.
Figure 9 summaries the main process steps of the
example embodiments. The first step 900 is to learn
the focal depth PDF from previously processed tiles.
The focal depth prediction model is updated. For
subsequent new tiles, using the prediction model, the
possible focal depth range and the probability of each
depth to be focused are found. This is done in the
second step 902. Next, the probability of each depth
is examined at step 904. If it is lower than a
threshold Thjow (step 906), then it will be skipped
without acquiring any image (step 908). If it is
higher than a high threshold Th_high (step 910), then
determine a small neighbor of this depth with starting
and ending depth positions (step 912) and images are
acquired in a high sampling rate to determine sampling
nodes along the depth axis within the neighbour (step
914). However, if the probability is between the two
thresholds (step 916), then similarly a small neighbor
is determined(step 918) but a low sampling rate is
used to design nodes (step 920). At all the designed
nodes, image are acquired (step 922) and input to the
parallel processing algorithm (PPM) described above
for enhanced focal imaging (step 924). It will be
appreciated that the thresholds used in example
embodiments may differ depending on 



specific applications and requirements. As an example,
Thjow may be in a range from about 1% to 3%, and
Thjiigh may be in a range from about 6% to 10% (or
other ranges such that the acquired images correspond
to a high statistical trust region with a high
confidence level such as e.g. 95%). In the first
embodiment, dense nodes are only used in the beginning
of the whole scanning procedure. For all subsequent
tiles, all the nodes are designed based on the
prediction models dynamically updated. Figure 10 shows
a diagram of the first embodiment. At step 1002, an
initialization processing is performed using dense and
equally-space notes. At step 1004, image acquisition
at design node positions for a current tile is
performed accordingly. At step 1006, a node position
model is built based on a focus map for the current
tile. At step 1008, node position estimation for the
new neighboring tile is performed, based on the built
model from step 1006. At step 1010, image acquisition
at the estimated node positions for the new
neighboring tile is performed. At step 1012, it is
determined whether all tiles have been processed. If
yes, the process terminates at step 1014. If not all
tiles have been processed, the node position
prediction model is updated at step 1016 based on a
focus map obtained for the latest neighboring tile,
and the process loops back to step 1008 for processing
of a new neighboring tile. For more tiles in the
procedure of imaging, it is possible that the
estimated sampling nodes may drift from the optimal
positions due to accumulation of errors. To handle
this situation, in Figure 11, we present a diagram of
the second embodiment where dense sampling rate is
regularly. Models are also dynamically updated. The
dense and equally-spaced nodes are used regularly to
correct possible drift of estimation due to
accumulation of errors. In this figure, the regular
period to use dense sampling is N_p. More particular,
again at step 1102, an initialization processing sets
a dense and equally-spaced nodes sampling, and a
counter is set to zero. At step 1104, image
acquisition at the design node positions for a current
tile is performed. At step 1106, a 



model for node position is built based on a focus map.
At step 1108, node positionprediction for the next
neighboring tile is performed. At step 1110, image
acquisition at the estimated node positions for the
current neighboring tile is performed. At step 1112,
the counter is incremented, and at step 1114 it is
determined whether or not the counter has reached the
regular period to use dense sampling. If yes, the
process loops back to the initialization step 1102. If
note, it is further determined at step 1116, whether
all tiles have been processed. If yes, the process
terminates at step 1118. If not, the node position
prediction model is updated based on a focus map for
the current neighboring tile at step 1120, and the
process loops back to step 1108. It will be
appreciated that the period (N_p) used in example
embodiments may differ depending on specific
applications and requirements. As an example, the N_p
may be in a range from about 2 to 5 . Figure 12 shows
a flow chart 1200 illustrating a method of generating
an entirely well-focused image of a three-dimensional
scene according to an example embodiment. At step
1202, a prediction model including at least a focal
depth probability density function (PDF), h(k), is
learned from one or more historical tiles of the
scene. At step 1204, the possible focal surfaces in a
subsequent tile of the scene are predicted by applying
the prediction model. At step 1206, for each value of
k , h(k) is examined such that if h(k) is below a
first threshold, no image is acquired at the depth k'
for said one tile; and if h(k) is above or equal to a
first threshold, one or more images are acquired in a
depth range around said value of k for said one tile.
At step 1208, the acquired images are processed to
generate a pixel focus map for said subsequent tile.
The techniques in the example embodiments are also
applicable to autofocusing in unattended large
continuous scene photography. In such an application,
the focus depth model is learned from previous
obtained image tiles and the possible focus surface
for the current adjacent image tile is predicted. The
probabilistic model is also applicable. Although the
structure component still exists, it may be too
complicated to be 



modelled in a general sense. The whole focus depths
may thus be treated as random instances issued
applications. Furthermore, pre-learned image
acquisition node positions can be prepared as options
and embedded into the imaging system. Users can choose
a special packagefrom them. Alternatively, the user
can also define a package of such positions such that
the system will focus exactly at these nodes and the
multi-focused image reflects the user's interest.
Potential applications of the current work include:
unattended microscopic imaging systems, high
throughput screening systems, high content screening
systems, intelligent (still/video/movie) cameras,
vision-guided robotic systems as well as automatic
video/photography systems. In all experiments for
evaluating the performance of an example embodiment, a
bright-field light microscopy (Olympus BX51) as the
imaging device is used. The imaging object is a tissue
slide mounted on a motorized stage (Prior Pro Scan)
with two stepper motors for stage movement in the
horizontal plane (X and Y) and one stepper motor for
focusing (Z-axis). The microscope and the stage have
been calibrated. A digital camera is connected to the
eyepiece of the microscope and images are digitized
into 1024-by- 1280 resolution. Each image is
partitioned into 32-by-40 grids of size 32-by-32
without overlap for further processing. The scene is a
histology slide (H&E staining) with a thick tissue
inside. By moving the stage stepwise vertically, we
capture a series of Z-stack images, at nodes with
interval 0.5 micrometers along the Z-axis. In our
experiments, we have used 3 objectives: Olympus PlanCN
40X/0.65 (magnification X40, NA 0.65), Olympus PlanCN
60X/0.80 (magnification X60, NA 0.80), and Olympus
PlanCN 100X/1.25 oil (magnification X100, NA 1.25).
Both air and oil are used as immersion media with this
100X lens. Our implementation, in C program language,
is compiled in a PC with 3.6GHz CPU and 2GB RAM. Two
prior art methods (Method 1 and Method 2) are compared
with a method (Method 3) according to an example
embodiment. Methods 1 and 2 capture a stack of 



image sections at equally-spaced depth positions along
the optical axis for each tile: Method 1 uses the full
Z position range and the highest sampling rate. The
resultant enhanced focal images are treated as the
ground truth for accuracy analysis later. Method 2
doubles the sampling interval of that of Method 1. It
is a method often used for multi-scale autofocusing.
In Method 3 according to an example embodiment, Thjow
and Th_high are set to the same 1% and N_p is 2.A
series of experiments were conducted and the PDF of
the focused depths was analyzed. It was found, that
these PDFs are unimodal and their energy concentrates
around the peak. For spatial neighboring grids and
tiles, such PDFs are very similar. Such observations
confirmed that one can utilise those PDFs from
neighboring context to estimate that of the current
tile, in a method according to an example embodiment.
It was found that compared to Method 1, Method 2 can
save 9-20% computational time with the quality of the
final AFIs reduced by 0.08~0.4%; whereas Method 3
according to an example embodiment can save 47-80%
time yet with the quality degraded by 0.03-0.2%. Such
degradation is considered acceptable as visually no
significant difference can be perceived. In an
exemplar experiment, a histological specimen was
processed using an airimmersion objective lens of
40X/0.65 (magnification X40, NA 0.65), in a computing
environment with 3.6GHz CPU and 2GB RAM. There are 80
equal-spaced nodes for Method 1 (hence 40 for Method
2). To generate an AFI for each tile, Methods 1 and 2
use 39.74 and 31.73 seconds, respectively. The quality
of AFI for Method 2 goes down by 0.14%. Method 3
according to an example embodiment uses the same time
as that of Method 1 for the full range tile and only
20.96 seconds for the estimated tile. Method 3 has an
overall image error of 0.19%. This demonstrates the
potential of the example embodiment. It will be
appreciated that the overall time saving achieved by
the example embodiment will depend on the period
chosen for performing the full range tile processing
to reduce or minimise accumulated errors. The method
and system of the example embodiment can be
implemented on 



a computer system 1300, schematically shown in Figure
13. It may be implemented as software, such as a
computer program being executed within the computer
system 1300, and instructing the computer system 1300
to conduct the method of the example embodiment. The
computer system 1300 comprises a computer module 1302,
input modules such as a keyboard 1304 and mouse 1306
and a plurality of output devices such as a display
1308, and printer 1310.The computer module 1302 is
connected to a computer network 1312 via a suitable
transceiver device 1314, to enable access to e.g. the
Internet or other network systems such as Local Area
Network (LAN) or Wide Area Network (WAN). The computer
module 1302 in the example includes a processor 1318,
a Random Access Memory (RAM) 1320 and a Read Only
Memory (ROM) 1322. The computer module 1302 also
includes a number of Input/Output (I/O) interfaces,
for example I/O interface 1324 to the display 1308,
and I/O interface 1326 to the keyboard 1304. The
components of the computer module 1302 typically
communicate via an interconnected bus 1328 and in a
manner known to the person skilled in the relevant
art. The application program is typically supplied to
the user of the computer system 1300 encoded on a data
storage medium such as a CD-ROM or flash memory
carrier and read utilising a corresponding data
storage medium drive of a data storage device 1330.
The application program is read and controlled in its
execution by the processor 1318. Intermediate storage
of program data maybe accomplished using RAM 1320. It
will be appreciated by a person skilled in the art
that numerous variations and/or modifications may be
made to the present invention as shown in the specific
embodiments without departing from the spirit or scope
of the invention as broadly described. The present
embodiments are, therefore, to be considered in all
respects to 



be illustrative and not restrictive.CLAIMS 1. A method
of generating an entirely well-focused image of a
threedimensional scene, the method comprising the
steps of: a) learning a prediction model including at
least a focal depth probability density function
(PDF), h(k), for all depth values k , from one or more
historical tiles of the scene; b) predicting the
possible focal surfaces in a subsequent tile of the
scene by applying the prediction model; c) for each
value of k , examining h(k) such that if h(k) is below
a first threshold, no image is acquired at the depth
k1 for said one tile; and if h(k) is above or equal to
a first threshold, one or more images are acquired in
a depth range around said value of k for said one
tile; and d) processing the acquired images to
generate a pixel focus map for said subsequent tile.
2. The method as claimed in claim 1, wherein step c)
comprises examining h(k) such that if h(k) is below
the first threshold, no image is acquired at the depth
k' for said one tile; and if h(k) is above or equal to
the first threshold and below a second threshold, one
or more images are acquired in the depth range around
said value of k for said one tile using a first
sampling rate; and if h(k) is above or equal to the
second threshold, one or more images are acquired in
the depth range around said value of k for said one
tile using a second sampling rate higher than the
first sampling rate. 3. The method as claimed in any
one of the preceding claims, further comprising
updating the prediction model before steps a) to d)
are applied to a next 



neighboring tile. 4. The method as claimed in any one
of the preceding claims, comprising the steps ofi) for
a first tile, acquiring images at equally spaced
values of k and processing the acquired images to find
a pixel focus map for said first tile; ii) building
the PDF based on said pixel focus map for said first
tile; iii) applying steps a) to d) for n consecutive
neighboring tiles; and for a (n+1 )th tile, return to
step i) treating the (n+1 )th tile as the first tile.
5. The method as claimed in any one of claims 1 to 4,
wherein the PDF is a pre-learned model and/or a user
defined model. 6. The method as claimed in any one of
the preceding claims, wherein the prediction model
comprises a structure component and a probabilistic
component. 7. The method as claimed in any one of the
preceding claims, wherein the acquiring of images
comprises capturing images or reading stored images.
8. The method as claimed in any one of the preceding
claims, wherein the method is applied to microscopy or
photography. 9. The method as claimed in any one of
the preceding claims, wherein the learning of the
prediction model comprises using spatial contextual
information. 10. A system for generating an entirely
well-focused image of a threedimensional scene, the
system comprising: a learning unit for learning a
prediction model including at least a focal depth
probability density function (PDF), h(k), for all
depth values k , from one or more historical tiles of
the scene; a prediction unit for predicting the
possible focal surfaces in a subsequent tile of the
scene by applying the prediction model; a processing
unit for, for each value of k, examining h(k) such
that if h(k) is below a first threshold, no image is
acquired at the depth k' 



for said one tile; and if h(k) is above or equal to a
first threshold, one or more images are acquired in a
depth range around said value of k for said one tile;
andd) processing the acquired images to generate a
pixel focus map for said subsequent tile. 11. A
computer readable data medium having stored thereon a
computer code means for instructing a computer to
execute a method of generating an entirely
well-focused image of a three-dimensional scene, the
method comprising the steps of: a) learning a
prediction model including at least a focal depth
probability density function (PDF), h(k), for all
depth values k , from one or more historical tiles of
the scene; b) predicting the possible focal surfaces
in a subsequent tile of the scene by applying the
prediction model; c) for each value of k , examining
h(k) such that if h(k) is below a first threshold, no
image is acquired at the depth k' for said one tile;
and if h(k) is above or equal to a first threshold,
one or more images are acquired in a depth range
around said value of k for said one tile; and d)
processing the acquired images to generate a pixel
focus map for said subsequent tile. 


