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Chapterr 7 

Evaluationn of cost functions for grey value matching 
off two-dimensional images in radiotherapy 

Nielss Dekker, Lennert S. Ploeger, and Marcel van Herk 

In:In: Medical Physics 30, 778-784 (2003). 

Abstract t 

Inn external beam radiotherapy, portal imaging is applied for verification of the 
patientt setup. Current automatic methods for portal image registration, which 
aree often based on segmentation of anatomical structures, are especially 
successfull for images of the pelvic region. For portal images of more 
complicatedd anatomical structures, e.g., lung, these techniques are less 
successful.. It is desirable to have a method for image registration that is 
applicablee for a wide range of treatment sites. In this study, a registration 
methodd for two-dimensional (2D) registration of portal and reference images 
basedd on intensity values was tested on portal images of various anatomical 
sites.. Tests were performed with and without preprocessing (unsharp mask 
filteringg followed by histogram equalization) for 96 image pairs and six cost 
functions.. The images were obtained from treatments of the rectum, salivary 
gland,, brain, prostate, and lung. To get insight into the behavior of the various 
costt functions, cost function values were computed for each portal image for 
20,0000 transformations of the corresponding reference image, translating the 
referencee image in a range of 1 cm and rotating 0 degrees with respect to 
thee clinical match. The automatic match was defined as the transformation 
associatedd with the global minimum (found by exhaustive search). Without 
preprocessing,, the registration reliability was low (less than 27%). With 
preprocessing,, about 90% of the matches were successful, with a difference 
withh our gold standard (manual registration) of about 1 mm and 1 degree SD. 
Alll tested cost functions performed similarly. However, the number of local 
minimaa using mutual information was larger than for the other tested cost 
functions.. A cost function based on the mean product of the corresponding 
pixell values had the smallest number of local minima. In conclusion, grey 
valuee based registration of portal images is applicable for a wide range of 
treatmentt sites. However, pre-processing of the images is essential. 
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7.1.7.1. Introduction 

Patientt setup in external beam radiotherapy is often verified by means of an 
electronicc portal imaging device (EPID), which takes images of the patient 
usingg the treatment beam [12]. As part of the image analysis procedure to 
determinee the setup error, the projected anatomy in a portal image is matched 
withh the projected anatomy in a reference image [2]. Generally, anatomy 
matchingg is preceded by field edge matching to determine scale, position and 
orientationn of the portal imager relative to the treatment beam. A reference 
imagee is usually either a digitized simulator image or a digitally reconstructed 
radiographh (DRR). 

Inn figure 7.1, a clinical anatomy match is illustrated by combining a portal 
localizationn image [12] and a corresponding reference image into a single 
view.. Because of the higher energy of the treatment beam and the larger 
dimensionss of the focal spot, portal images have a lower contrast and are 
relativelyy noisy and blurred, compared to diagnostic radiographs. To our 
knowledge,, most automatic anatomy matching algorithms for portal images 
thatt are in current clinical use are based on segmentation of anatomical 
featuress from the images [10]. These algorithms have a high failure rate for 
imagess with complicated bone structures, such as lateral images of the pelvis, 
andd for images that contain few rigid bones. Therefore it is often necessary to 
performm manual template matching [4], which is time consuming. One way to 
improvee the accuracy and reliability of image analysis is to perform a full 
three-dimensionall (3D) analysis by registering the 3D CT data with a pair of 
portall images [9,14,17,20]. Because of the complexity of 3D-2D matching, 2D 
imagee analysis is still used on a large scale. Dong etal. [6,7] describe a 
methodd of 2D-2D registration of a pair of portal images by means of cross 
correlation.. The reported accuracy of their method was within 1 mm and 1 
degreee in phantom studies. In this study we test a grey value based 
registrationn method for anatomy matching of portal images with DRRs and 
simulatorr images for 96 clinical image pairs of a number of treatment sites. 
Variouss grey value cost functions are evaluated. A cost function is a measure 
off the correspondence of two images; in this case a portal image and a 
transformedd reference image. A cost function is usable when the 
transformationn that corresponds with the global minimum of the cost function 
iss a clinically acceptable anatomy match. The purpose of this study is to find a 
costt function that is applicable for anatomy matching on a wide range of 
treatmentt sites, i.e., the cost function should work for most clinically used 
portall images. Both accuracy and reliability of the matching procedure are 
investigated. . 
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Figuree 7.1 Images of the pelvic region made for patient setup verification. From left to right: 
ann electronic portal localization image, a DRR reference image, and a "combined image view" 
showingg an anatomy match of this pair of images. 

7.2.7.2. Materials and methods 

7.2.1.. Clinical data 

Thee cost functions were evaluated using pairs of a portal and a reference 
imagee that were registered in the past as part of our standard clinical 
proceduree of patient setup verification [1]. The images were selected at 
randomm from five different treatments sites: rectum, salivary gland, brain, 
prostate,, and lung. We started by doing a preliminary study, selecting just one 
patientt for each of the five treatment sites [5]. This was followed by a 
comprehensivee study, having 9 or 10 patients per treatment site. Of each of 
thee selected patients a pair of anterior-posterior images and a pair of lateral 
imagess was used (Fig. 7.2). As a result, the preliminary study included 10 
pairss of a portal and a reference image; the comprehensive study included 96 
imagee pairs. The portal images were mostly localization images, which 
showedd sufficient anatomy to perform the analysis. These images were 
acquiredd with a liquid-filled ionization chamber EPID (PortalVision Mark II, 
Variann Inc., Palo Alto, CA). With this EPID it is necessary to use a relatively 
highh dose to obtain images that are of adequate quality for our clinical 
verificationn procedure. Typically 3 frames are acquired and averaged to obtain 
aa single portal image, and thereby a dose of up to 20 monitor units is used. 
Thee dose used for portal imaging is limited because usually only about 30 
percentt of the fractions are imaged. This imaging dose is taken into account 
duringg treatment planning. The reference images were sometimes digitized 
simulatorr images (from Varian XimaVision and BBC Dynaray TS simulators) 
butt mostly DRRs. The DRRs were calculated using in-house developed 
softwaree from CT data [22] acquired using a GE HiSpeed CT/i system. Slice 
spacingg ranged from 3 mm (prostate) to 5 mm (lung). The DRRs, portal 
imagess and simulator images had a resolution of 256 x 256 pixels. Each pixel 
wass stored as a 16-bit integer, having about 10 significant bits. The area 
displayedd in the images was typically 21 x 21 cm2, measured in a plane 
thoughh the isocenter. The anatomy matches of the selected pairs of images 
thatt were done in the clinic were taken as "ground truth", i.e., the judgment of 
thee cost functions was based on how much their results deviated from 
previouss clinical results. These clinical matches have a precision of about 1 
mmm SD [8]. 
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Figuree 7.2 Examples of portal images from the five different treatments sites that were 
includedd in the study. From left to right: rectum, prostate, brain, salivary gland, and lung. For 
eachh patient, an anterior-posterior (upper row) and a lateral portal image (lower row) was 
used. . 

7.2.2.. Field edge detection and image preprocessing 

Forr each portal image the radiation field edge was detected automatically 
usingg the method presented by Bijhold et al. [3]. The method consists of two 
phases:: global image segmentation and edge adjustment based on the 
gradientt of the image intensity. From the field edge, a binary mask image was 
createdd with non-zero values inside the field and zero values outside the field. 
Thiss mask image was eroded by 12 pixels to eliminate any influence of the 
radiationn field edge on the automatic matching procedure. The pixels in the 
imagess that correspond to the zero pixels in the mask image were excluded 
fromm the cost function computation. 

Preprocessingg was applied to both the portal and the reference image: 
unsharpp mask filtering [19] followed by histogram equalization. The unsharp 
maskk filter makes local changes in the image more apparent. It creates a 
blurredd version of the image and subtracts this from the original. The key 
parameterr of this filter is the kernel size used for blurring the image. We chose 
aa square kernel of 15 x 15 pixels, which is about 12x12 mm2 at the 
isocenter;; this kernel size is of the same order of magnitude as the ridges and 
edgess of bone structures and we found that it performed well, based on visual 
inspectionn of the images. Histogram equalization was applied to the region of 
thee portal and reference image inside the field edge to further enhance the 
contrastt of the images, and to make the portal and the reference image more 
comparablee (Fig. 7.3). 

Wee performed tests without and with these preprocessing steps. Before the 
calculationn of the cost functions, the number of bits per pixel was reduced to 8 
bitss to decrease the size of the grey value cross-histogram (described in the 
nextt paragraph). 
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(a) ) (b) ) 
Figuree 7.3 A match of a portal image and a DRR displayed in a combined image view: (a) the 
raww images, and (b) the images after applying unsharp mask filtering followed by histogram 
equalization. . 

7.2.3.. Cost Functions 

Fourr cost functions were tested in the initial study and six in the 
comprehensivee study. For portal image A and transformed reference image 6, 
thee following formulas define these cost functions. In the following equations, 
GA{Ï)GA{Ï) and Ga(i) denote the grey values of pixel /' in image A and B. GA and 

GBGB denote the mean grey value of image A and 6, respectively. The number 
off pixels is n, and the grey value histograms for image A and B are given by 
HHAA and He- The investigated cost functions were computed from a cross-
histogram,, HAB- A cross-histogram counts for each grey value in image A and 
imagee B how often this pair of grey values coincides at the same location in 
bothh images. For mutual information, the use of a cross-histogram was 
essential,, while for the other cost functions the cross-histogram was only used 
forr computational reasons. The following cost functions were tested. 

Forr Mutual information (Ml) we used the formula: 

MIMI = Y,HAB(j,k)/n* log "AB^)
n - + log(n) (7.1) 

Thiss function, also known as relative entropy, has been used for a wide range 
off problems, including multi-modality image registration [16]. As cost function, 
wee used minus Ml. Because it is known that the performance of mutual 
informationn depends strongly on the population of the cross histogram [18], 
wee also varied the bin size of the histograms from 1 to 128 grey levels (i.e., 
fromm 256 to 2 bins). Because the cost functions were computed for images 
havingg 8 bits per pixel, the largest bin size implies that the images were simply 
segmentedd into black and white prior to matching. 

Roott mean square of the pixelwise differences (RMS): 
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RMS=RMS= ^GA(i)-GB(i))2/n (7.2) 
VV i=0 

Thiss cost function puts a relatively large penalty on larger pixel value 
differences,, but does not depend on the absolute pixel value, i.e., it responds 
equallyy to a distinct grey value difference in dark regions and bright regions. 

Thee negated mean pixelwise product (PROD): 
M - l l 

PRODPROD = - £GA(I) * GB(I) I n (7.3) 
i=0 0 

Thiss cost function is similar to a correlation function. It favors high pixel 
values,, so it is expected to respond strongest to bone structures. 

Thee mean absolute pixelwise difference (DIFF): 

DIFFDIFF = ]T \GA(I) -GB(i)\ln (7.4) 
i=0 0 

Thiss cost function is similar to RMS, responding equally to matching pixels 
thatt have a high intensity, and matching pixels with a low intensity. However, 
inn comparison to RMS, less emphasis is put on large differences. 

Normalizedd cross correlation [18]: 
n- ll  _ 

Y,(GA(i)-GA)(GY,(GA(i)-GA)(GBB(i)-G(i)-GBB) ) 
NCCNCC = t

 ,=0
 t (7.5) 

\^(GA(i)-GA)\^(GA(i)-GA)22 j£(GB(i)-GB)2 

''  1=0 V '=0 

Thiss is the classical function for image registration. As cost function we used 
minuss NCC. It was used by Lemieux et al. [15] to register CT data and 
radiographs.. It is similar to PROD, but it makes use of pixel values relative to 
thee average grey level, so it responds equally to higher and lower intensity 
values. . 

Correlationn ratio [21] (CR), using image A as template and image B as floating 
image,, is defined as follows: 

-5>r(G,( i) |G4i )) = g) 
nn g 

CRCR = \ (7.6) 
Var(GVar(GBB) ) 

Inn this formula, Var denotes the variance and g denotes any grey value in 
imagee A or B. Therefore this function measures the variance in image S for all 
pixelss in image A with the same gray value. As cost function we used minus 
CR.. The CR function has the strongest response when each grey value in one 
imagee corresponds to a single grey value in the other image. 

Thee analysis of the cost functions was done by exhaustive search to allow for 
aa detailed investigation of the behavior of the cost functions. For each 
matchedd pair of portal and reference images the cost function values were 
calculatedd for more than 20,000 transformations (31 x 31 x 21). These 
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transformationss were generated by varying the translation from -1 to +1 cm in 
horizontall and vertical direction from the clinical match, and by varying the 
rotationn from -10 to +10 degrees. The step size was 0.7 mm for translation 
andd 1 degree for rotation. The search range of 1 cm and 10 degrees 
correspondss with the range of expected setup errors in our clinical practice. 
Thee transformation that corresponds to the global minimum of the calculated 
costt function values was selected as the automatic match. This match was 
consideredd successful if the following holds for the difference between the 
clinicall match and the found match: 

^A/^+A^+A^ 22 <4 (7.7) 

wheree Atx and Aty denote the difference in millimeters in horizontal translation 
andd vertical translation, respectively, and A& denotes the difference in 
degreess in rotation. A threshold of 4 mm or 4 degrees was chosen rather 
arbitrarilyy as a clinically acceptable limit on the registration accuracy. In 
addition,, it is expected that registration errors exceeding this threshold will 
easilyy be detected using visual verification methods such as shown in Fig. 7.1. 
Forr each cost function the number of successes was counted, and the 
averagee and the standard deviation of the results of the successful matches 
weree computed to determine the accuracy compared with the ground truth. In 
addition,addition, the number of local minima within the search range was counted. A 
locall minimum of a cost function was defined as a transformation (Atx, Aty, 
A0)A0) that does not have a neighboring transformation with a smaller cost 
functionn value. 

7.3.7.3. Results 

Inn our preliminary study of 10 image pairs, we looked at the effect of 
preprocessingg [5]. We found that when no preprocessing was applied, all 
testedd cost functions performed poorly (Table 7.1). Ml performed best, but still 
hadd 6 failures out of 10. The best results were achieved when both 
preprocessingg steps were combined: unsharp mask filtering followed by 
histogramm equalization. In this case RMS and DIFF were successful for all 10 
imagee pairs. Therefore we decided to use both of these preprocessing steps 
inn our comprehensive study. 

Tablee 7.1 Results of the preliminary study: The number of successful matches (out of 10) for 
eachh of thee cost functions and preprocessing steps. Ml denotes mutual information, RMS 
denotess the root mean square of the pixel difference, PROD denotes the product of the 
pixels,, and DIFF denotes the average absolute pixel difference. 

Noo filter 
Histogramm equalization 
Unsharpp mask 
Unsharpp mask + 
histogramm equalization 

Ml l 
4 4 
4 4 
9 9 
7 7 

RMS S 
1 1 
1 1 
9 9 
10 0 

PROD D 
0 0 
0 0 
5 5 
9 9 

DIFF F 
1 1 
1 1 
4 4 
10 0 

Inn the comprehensive study two more cost functions were included. In this 
study,, the number of successes and the displacement with respect to the 
clinicall match were established. The success rate was between 89 and 92 
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percentt (Table 7.2). The standard deviation of the difference between the 
clinicall match and the resulting minimum of the cost function wass about 1.0 
mmm for translation, and about 1.0 degree for rotation. We found that images of 
patientss with prostate cancer were easiest to match, having a successful 
matchh in 95 to 100 % of the cases (Table 7.3). Images of the lung were more 
difficultt to match automatically. 

Tablee 7.2 Overview of the performance of the cost functions for 96 image pairs. The success 
ratee counts the automatic matches that are within a sphere of 4 mm and 4 degrees around 
thee clinical match as a success. The mean (standard deviation) of the difference with the 
clinicall match is shown for the image pairs that are counted as a success for all cost functions 
(79%).. In all cases, unsharp mask filtering followed by histogram equalization was used as 
preprocessing.. CR denotes correlation ratio and NCC denotes normalized cross-correlation. 

Successs rate 
Horizontall translation 
(mm) ) 
Verticall translation 
(mm) ) 
Rotationn (degrees) 

Ml l 

92% % 

0.11 (0.9) 

0.11 (1.1) 

-0.11 (0.9) 

RMS S 

91% % 

0.11 (0.9) 

-0.1(1.0) ) 

0.0(0.9) ) 

PROD D 

89% % 

0.00 (0.9) 

-0.2(1.0) ) 

-0.11 (0.9) 

DIFF F 

91% % 

0.11 (1.0) 

-0.11 (1.0) 

-0.11 (0.9) 

CR R 

89% % 

0.11 (0.9) 

0.11 (1.0) 

0.0(1.0) ) 

NCC C 

90% % 

0.00 (0.9) 

0.11 (1.0) 

0.00 (0.9) 

Tablee 7.3 The success rate of the cost functions per treatment site. 

Parotis s 
Rectum m 
Prostate e 
Brain n 
Lung g 

Ml l 
95% % 
90% % 
100% % 
88% % 
85% % 

RMS S 
90% % 
90% % 
95% % 
88% % 
90% % 

PROD D 
90% % 
85% % 
95% % 
94% % 
80% % 

DIFF F 
90% % 
90% % 
95% % 
88% % 
90% % 

CR R 
95% % 
90% % 
95% % 
81% % 
80% % 

NCC C 
90% % 
90% % 
95% % 
81% % 
90% % 

Thee above-mentioned results were based on the global minimum found by 
exhaustivee search. However, for a more sophisticated search algorithm, the 
numberr of local minima is an important characteristic of the cost functions. 
Whenn there are only few local minima, faster optimization algorithms can be 
used.. The PROD cost function has the smallest number of local minima, while 
Mll has by far the most local minima (Table 7.4). Figure 7.4 illustrates the 
differencee on a typical example. Since the position of the global minimum is 
thee same, Ml (Fig. 7.4a) and PROD (Fig. 7.4b) both resulted in the same 
accuracy,, because exhaustive search was used. However, the large number 
off local minima of Ml will probably hamper a faster optimization algorithm. 

Tablee 7.4 Mean and SD of the number of local minima for 20,000 computed cost function 
values,, determined for 96 image pairs and all tested cost functions. 

Mean n 
SD D 

Ml l 
82.5 5 
37.9 9 

RMS S 
15.2 2 
8.4 4 

PROD D 
12.0 0 
8.3 3 

DIFF F 
16.2 2 
8.8 8 

CR R 
42.8 8 
18.9 9 

NCC C 
19.2 2 
9.1 1 
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-1.00 0.0 1.0 -1.0 0.0 1.0 

AXX (cm) 
(a)) Ml (b) PROD 

Figuree 7.4 Typical contour plots for mutual information (Ml) (a) and the mean product of the 
correspondingg pixel values (PROD) (b). Function values are shown for translations along both 
thee X and the Y axis, with respect to the clinical match. Darker areas correspond to lower 
values.. The plots shown here are obtained from the same lateral portal image of a prostate 
patient.. For both cost functions the global minimum corresponds to the clinical anatomy 
match.. Unlike PROD, Ml contains many local minima, thereby hampering most minimization 
algorithms. . 

Inn general, mutual information should perform well without any preprocessing 
forr multi-modality matching [13,16]. Therefore, the performance of the Ml cost 
functionn for our 96 image pairs was also tested without preprocessing. For our 
testt set of 96 image pairs, this resulted in a success rate of only 27 percent. 

AA bin size of 64 for the grey level histograms was chosen for the computation 
off Ml. This was motivated by the observation that the success rate of Ml 
largelyy depended on the bin size. For a bin size of 64, the success rate was at 
itss highest, i.e., 92 % (Table 7.5). The number of local minima decreased for 
largerr bin sizes, but still 82 local minima were found on average for this bin 
size.. The influence of the applied bin size was also investigated for the other 
costt functions but no improvement was observed. 

Tablee 7.5 Influence of histogram bin size on the success rate of Ml for 96 image pairs. The 
imagess were preprocessed using unsharp mask filtering followed by histogram equalization. 

Binn size 

Success s 
rate e 

Mean n 
number r 
off local 
minima a 

1 1 

77% % 

477.2 2 

2 2 

82% % 

366.3 3 

4 4 

84% % 

257.4 4 

8 8 

84% % 

169.6 6 

16 6 

86% % 

113.2 2 

32 2 

90% % 

87.5 5 

64 4 

92% % 

82.5 5 

128 8 

86% % 

75.4 4 
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7.4.7.4. Discussion 

Wee tested several cost functions for grey value matching of portal and 
referencee images. The portal images were made by a liquid-filled ionization 
chamberr EPID, using a relatively high dose of up to 20 monitor units per 
image.. Our hospital is currently in a process of replacing these imaging 
devicess by amorphous silicon (a-Si) detectors. These a-Si detectors offer an 
imagee quality that is good enough for our clinical verification procedure when 
22 to 5 monitor units are used. 

WeWe found a good success rate and accuracy when preprocessing was 
applied.. The success rate of about 90% is reasonable, if one considers that 
ourr previous registration method [10] has a poor success rate for treatment 
sitess other than the pelvic area. There were no systematic differences 
betweenn the clinical matches and the matches found at the minimum of any of 
thee tested cost functions. The cost function that calculates the mean pixelwise 
productt (PROD) performed best. Its number of local minima is smallest, while 
itss accuracy and reliability is comparable to the other tested cost functions. 
WeWe will therefore implement this technique in our clinically used portal image 
analysiss system. However, this technique still fails occasionally. For this 
reason,, manual matching remains necessary as a fallback procedure. 

Goodd results were obtained for most treatmentt sites. The good results for 
imagess of the pelvic region were in accordance with our expectation because 
portall images of this region contain much bone structures. The largest number 
off failures occurred for small radiation fields of the brain, where little 
anatomicall detail is visible. As expected, registration of lateral images (which 
generallyy are noisier because of the larger patient thickness in that direction) 
failedd more often compared to anterior-posterior images, but the difference 
wass fairly small (about 10 percent). The performance of the different cost 
functionss is virtually identical when preprocessing is applied. Apparently, our 
preprocessingg procedure makes the images relatively easy to match for any 
appropriatee cost function. The unsharp mask filter reduces low frequency 
intensityy variations that are caused by the shape of the body; these variations 
aree different in portal and reference images. The subsequent histogram 
equalizationn stretches the image contrast and thereby further improves the 
pixel-valuee correspondence between both images. Nevertheless, the 
correspondencee between the images was not always perfect, for instance due 
too variable anatomy such as gas in the rectum or due to a mark that indicates 
thee isocenter (Fig. 7.1). The results might be further improved by leaving the 
markk out. 

Nonee of the cost functions worked very well without preprocessing. Good 
resultss of mutual information for registration of unprocessed images were 
reportedd for 3D-3D registration [13]. There are mixed reports on 3D-2D 
registration.. Kim etal. [14] reported successful matching of CT-data and 
megavoltagee radiographs of a chest phantom based on mutual information. 
However,, Penney et al. [18] tested six similarity measures for matching CT-
dataa and fluoroscopy images, and found mutual information to be worse than 
thee other tested measures. They argued that for their 2D-3D registration the 
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2DD cross histogram might be too sparsely populated because there were not 
enoughh pixels involved. This might be the reason why our results show a poor 
performancee for Ml without preprocessing as well. Our poor results when 
matchingg unprocessed images with mutual information might also be due to 
thee poor signal-to-noise ratio and the low sharpness of portal images. This is 
inn line with results of Hadley ef a/. [11]: they found that mutual information 
performedd well when matching digitally reconstructed portal radiographs to 
DRRs,, but the performance was poor when matching clinical portal films. 
Anotherr possible explanation might be that the 2D projection images are not 
optimallyy suited for the Ml cost function, since separate anatomical regions 
aree projected onto the same region, and therefore overlap in the image. As a 
result,, the projection image shows anatomical details in slowly varying 
intensities,, and there is no direct correspondence between grey value and 
anatomy.. Of course, a similar effect occurs in boundary regions for 3D-3D 
registration,, where boundary voxels contain overlapping anatomy, but for 2D-
2DD registration of projection images the effect is much more pronounced, 
sincee virtually all pixels contain overlapping anatomy (see, e.g., Fig. 7.1). In 
addition,addition, because the x-ray energy applied for portal and reference images is 
different,, the relative contrast of bone and soft tissue differs; thereby further 
reducingg the correspondence of grey value regions. The improvement of the 
resultt of Ml for larger bin sizes may partly be explained by the fact that certain 
anatomicall structures are depicted by a large range of pixel intensities. The 
problemm with single intensity value matching by mutual information was also 
discussedd by Roche etal. [21]. 

Thee other cost functions gave surprisingly similar results in terms of accuracy 
andd reliability. It seems that there are subtle differences in the reliability when 
separatingg the performance according to tumor location. However, generally 
thesee differences correspond to one failure more or less and hence are 
irrelevant.. The largest differences are found in the number of local minima. 
Thee cost functions that look at correspondence of grey value regions, Ml and 
CR,, have the largest number of local minima. The cost functions based on 
pixell value differences, DIFF and RMS had a smaller number of local minima, 
whilee the PROD function had the smallest number of local minima. A possible 
advantagee of PROD is that it focuses mostly on the bright details, i.e., the 
bonee structures, which are in a more stable position than dark details, such as 
airr pockets. 

Anatomyy matching based on the calculation of 31 x 31 x 21 cost values takes 
aboutt 5 minutes on a Pentium III 866 MHz personal computer. This is clearly 
unacceptablee for clinical use. The choice of the cost function did not have 
muchh influence on the match speed. We found that the duration of a match 
changedd only a few percents, when the cost function was changed. About 30 
percentt of the time was spent during computation of the result of the cost 
function,function, while much more time was spent doing the image transformations. 
Thiss means that the largest reduction of the computation time can be 
achievedd by reducing the search space. In the future we will therefore 
investigatee which optimization algorithm performs best for this problem. 
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7.5.7.5. Conclusions 

Too obtain good results when matching a portal and a reference image 
automaticallyy by means of a cost function, preprocessing of the images is 
essential.. As preprocessing technique we applied unsharp mask filtering 
followedd by histogram equalization. The cost function that calculates the mean 
pixelwisee product (PROD) performed best. Its number of local minima is 
smallest,, while its accuracy and reliability is comparable to the other tested 
costt functions. The standard deviations of the results are of the same order of 
magnitudee as the inter-clinician variation, i.e., the accuracy of this automatic 
matchingg technique is similar to manual registration. 

Inn conclusion, 2D grey value matching of portal and reference images is 
feasiblee and forms a useful alternative for methods based on segmented 
anatomy.. The processing speed remains to be optimized. 
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