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Abstract—Virtual cystoscopy is a developing technique for
bladder cancer screening. In a conventional cystoscopy, an optical
probe is inserted into the bladder and an expert reviews the
appearance of the bladder wall. Physical limitations of the probe
place restrictions on the examination of the bladder wall. In virtual
cystoscopy, a computed tomography (CT) scan of the bladder is
acquired and an expert reviews the appearance of the bladder wall
as shown by the CT. The task of identifying tumors in the bladder
wall has often been done without extensive computational aid to
the expert. We have developed an image processing algorithm
that aids the expert in the detection of bladder tumors. Compared
with an expert observer reading the CT, our algorithm achieves
89% sensitivity, 88% specificity, 48% positive predictive value,
and 98% negative predictive value. Fig. 1. CT scan of the abdomen shows the bladder cavity in black, and the

Index Terms—Anatomical atlas, bladder wall, computer-aided bladder wall in light gray (thin contour around the cavity®f{) Slice through

. . . - - _ anabdomen CT scan for one patienglt) Slice through an abdomen CT scan
?Agggg;'s\}irﬂg:‘gﬁzstgg;uremem' tumor detection, virtual cys for a second patient. The arrows point to wall regions with abnormal thickness.

to the neighboring structures. As a routine exam, conventional
cystoscopy exhibits four major problems. First, it is painful;
UMORS of the bladder constitute 7% of all malignanciesence, many patients refuse the exam [5]. Second, it increases
in men and 4% in women [1]. Every year, bladder tumahe risk of urinary tract infection [6]. Third, it does not easily
is diagnosed in more than 50 000 subjects. If doctors detect iow the diverticula and the bladder neck, especially in males
tumor when it is still small, they can treat it with a resection, qr7]. Fourth, it only shows the inner surface of the bladder wall;
chemotherapeutic agents, or a combination of both. Howevete interior of the wall, and the neighboring structures are not
in 60% of the cases, another bladder tumor will appear [2], [3]isible.
Therefore, the patients need regular monitoring to avoid the re-To observe the interior of the bladder wall and the neigh-
currence of the disease. boring structures, one can acquire a three-dimensional (3-D)
Cystoscopy is the conventional procedure for monitoringcan of the patient's abdomen. Computed tomography (CT) is
the bladder [4]. The clinician inserts a probe into the patientthe preferred modality of acquisition (see Fig. 1). Other modal-
bladder, and orients it to observe on a monitor the surfaceigiés can highlight some useful characteristics, but the images
the bladder cavity. The clinician has to distinguish the surfag@nerally exhibit a lower contrast. From the CT scan, a 3-D
deformations due to tumors, from the surface deformations dyed of voxels (i.e. volume elements) is constructed typically
with an inslice spacing of 0.5 mm and an interslice spacing of
Manuscript received December 4, 2001; revised November 1, 2002. THis® mm. To locate potential tumors in the bladder, the clini-
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same way, the clinician manipulates the probe in the convdamage, the construction of the thickness atlas, and its use to de-
tional cystoscopy, she or he manipulates the computer mouségitt tumors. Section IV presents our experiments on 26 patients.
navigate inside the bladder cavity. Hence, this scan-based teShetion V explains our results and proposes potential improve-
nigque is namedirtual cystoscopyr CT cystoscopyTo con- ments. Finally, Section VI concludes the paper.

struct a surface model of the bladder, the CT scan must be seg-

mented. First, the inner boundary of the bladder is contoured I1l. M ETHOD

in every slice. Then the 3-D surface of the bladder is recon- .

structed from the pile of segmented slices. Various algorithr['hswe manuaI.Iy s”e ggnented dthr? bladder yvaILlntt)TedgT scalrll, and

can automate the contouring of the bladder cavity since the alFn automatically detected the tumors in the bladder wall. Our

regions and the tissue regions appear with very different intemethod was based on five steps: the acquisition of the CT scan,

sities in the CT scan. The air and tissue classification resultstE%ne segmentation of the bladder wall in the scan, the estima-

) . . tion of the thickness of the bladder wall, the construction of a
a 3-D image with only two scalar values. An isosurface extra

tion algorithm, such as the Marching Cubes [9], automaticalﬁq'CkneSS atlas, and the measurement of how much the thickness

triangulates the surface between the two values. Finally, the r,ffers from the atlas. A large difference allowed for the local-

angulated surface, calledn@esh is rendered on the clinician’s ization of a tumor. These five steps are described below.
screen. Using an interactive software (e.g., [10]), the clinicia/i:n
rotates, and cuts the bladder surface, and zooms in the region
of interest. For 26 patients with a history of bladder cancer, we acquired

For 26 patients, Sonet al. [11] compare conventional cys-& CT scan of the abdomen. A 12-French Foley catheter was
toscopy, and a combination of transversal CT images and vpserted into the bladder, the residual urine drained, and the
tual cystoscopy. In their study, 10% of 40 bladder lesions webéadder insufflated with approximately 300 cc room air or to tol-
detected by conventional cystoscopy, but undetected by CT iifance. The balloon of the catheter was inflated with 5 cc saline.
ages and virtual cystoscopy. These lesions were all smaller tHénmake urine produced during the scan discernible from the
5 mm. However the cystoscopic exam is not concerned with ddadder wall, two cubic centimeters diatrizoate meglumine and
tecting every small lesion and irregularity. The purpose of a Cy@iatrizoate sodium were instilled through the Foley catheter_into
toscopic exam is to judge whether or not the patient will requig€ bladder. A 3-D CT image of the bladder was then obtained
surgery to remove a tumor. The presence of a single confirm@dh the patient in the supine position. The resolution of the 3-D
tumor is enough to ensure the patient will go for surgery. ~ image wasl x 1 x 1.5 cubic millimeters.

To enhance the tumors in virtual cystoscopy, Schreyex. .
[12] render colored bladder meshes based on the bladder vl Segmentation Method

thickness. First, they threshold the CT scan to segment theTo segment the bladder wall, we thresholded the bladder
bladder cavity. Second, they edit the contour in every slice $§gans, and manually outlined the outer boundary of the bladder
segment the bladder wall. Third, for every voxel on the inngvall. Note that the contrast in CT scans between air and tissue
boundary of the bladder wall, they measure the distance difows for our automated segmentation of the inner boundary
the closest voxel on the outer boundary. This distance locadly the bladder wall. However, the contrast between wall tissue
estimates the bladder wall thickness. Fourth, they triangulaied other tissues is much smaller, and their intensities vary over
the inner surface with the Marching Cubes algorithm, artfle 3-D CT scan. Therefore, a simple thresholding would not
map the thickness values onto the mesh vertices. Finally, tiepresent the bladder wall correctly. Thus, we used a manual
clinician can visualize the inner surface, or the outer surfaggsgmentation for the outer boundary of the bladder wall.
or both. Colors from red to blue represent thicknesses from Owe stored the segmentation results in two sets of black (in-
to 15 mm. tensity 0) and white (intensity 1) images. In the first set, only
Fieldinget al.[13] compare the sensitivity and specificity ofthe bladder cavity appears in white. In the second set, both the
three tumor detection methods on 31 patients. The methods alsdder cavity and the bladder wall appear in white. Fig. 2(a)
conventional cystoscopy, review of axial CT images, and virtuahd (b) shows one slice through the first set Fig. 2(a) and the
cystoscopy. They create surface renderings of the bladders basssbnd set Fig. 2(b). We then applied the Marching Cubes algo-
on the thickness representation of Schresteal.. In a compar- rithm [9] with an intensity of 0.5 on each set of images to create
ison with conventional cystoscopy, they report 83% sensitivity, pair of triangular surface meshes. The mesh extracted from the
36% specificity, 42% positive predictive value, and 71% negérst set of images models the inner surface of the bladder wall;
tive predictive value. while the mesh extracted from the second set of images models
Our contribution is to detect bladder tumors based on a cothe outer surface of the bladder wall. A pair of such meshes are
parison with a normal thickness atlas. During the training, ovendered in Fig. 2(c) and (d). The left mesh models the inner
software needs a set of segmented bladder volumes. For teshilaglder surface, while the right mesh models the outer bladder
anew patient, itinputs a segmented scan of the patient’s bladderface.
and outputs the location of the tumors in the scan, if any. TheThe appearance of the surface is coarse, but its accuracy is
expert’s intervention is limited to the segmentation of the 3-Delow the voxel size. Extracting the isosurface from the CT scan
scan, and the review of the tumor regions the software detectgithout segmentation would create a smoother surface. How-
The remainder of this paper is structured in four sectionsver, noise in the CT scan would create many handles, and the
Section IIl describes the acquisition and segmentation of therface of the bladder would not be correctly defined.

SImage Acquisition
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Fig. 3. Distance from inner mesh vertices to the closest vertex on the outer
mesh gives a thickness map of the bladder wall. For the two patients shown, the
thickness ranges from 0 to 5 mm. We measure a 0-mm thickness when the wall
is not visible in the CT scan. Note a thick spot at the top of the first bladder, and
two thick spots at the center of the second bladder.

of the thickness; it indicates the relative variability of our thick-
ness estimation.

To build one normal thickness atlas, we averaged the thick-
ness values across the set of 25 training patients. For every
(d) patient in the set, we mapped a grid of 600 nodes by 600 nodes
Fig. 2. We model the bladder with two meshes extracted from the segmen% the top half anc_j on the bottom half of th? bladder_surface- To
volume. (&) One slice of the CT scan after segmentation of the bladder caviyap these two grids, we used the remeshing algorithm of [14].
(b) Same image where the white area includes the bladder wall. (c) Mesh of i i i
inner surface of the bladder. (d) Mesh of the outer surface of the bladder. Bm “nearly Int.erp(')latEd the. thickness Vaflues of the. bladder
meshes are extracted using the Marching Cubes algorithm on the segmeRtieSh to associate vglues with the new grid .n0des' Finally, for
volume. every node of the grid, we averaged the thickness across the
training patients. The thickness average created the normal

thickness atlas for the set of training patients.

C. Thickness Estimation
The aforementioned procedure would give a correct atlas if
To estimate the bladder wall thickness, we computed foe patient in the training set had tumors. Since this was not the
every vertex of the inner mesh its distance to the closest vergd&e, the tumors would bias our atlas, and decrease the sensi-
of the outer mesh. The mesh discretization resulted in meg#tity of our tumor detection method. To reduce the bias, when
vertices being separated by distances similar to the bladder waile vertex of a training mesh had a thickness value larger than
thickness. In order to form an accurate estimate of the bladdemm, we discarded that value for the atlas computation. We
wall thickness, the triangle meshes were upsampled by a fagtbpse a 5-mm threshold since we were interested in small tu-
of eight by subdividing every triangle of the outer mesh intgors, clinically defined as tumors smaller than 5 mm. Note that
64 coplanar triangles. Fig. 3 shows the thickness map for ti other thickness values for the same training mesh were still
bladder of two patients. Thin regions of the bladder wall aigspected. Fig. 4 shows the average atlases for two patients. The

color-coded in blue, while thick regions are color-coded in redialues of every atlas are colored on the mesh of the testing pa-
tient. We observe that the thickness is 1-mm larger at the top

than at the bottom of the bladder.
D. Atlas Construction To build the standard deviation atlas, we again considered
every node of the grid for every patient in the set of training
Bladder tumors are characterized by a thickening of thgtients. This time, we used both the thickness value, and the
bladder wall. However, the thickness distribution varies ovefeviously computed average to compute the standard devia-
the bladder surface. Our idea was to compare the thick regiafh. To build the coefficent of variation atlas, we only consid-
with a normal thickness majai(as) to distinguish pathological ered the nodes of the standard deviation atlas, and the nodes
thickness from normal thickness. of the average atlas. For every node, we computed the ratio of
To build the atlas, we used a leave one out cross validatidghe standard deviation, and the average. Fig. 5 shows the varia-
We left one patient out of our set of 26 patients, and built th@n atlases for the two patients selected in Fig. 4. The first row
atlas for the other 25 patients. The first patient is called tl#hows the atlases for the standard deviation of the thickness.
testingpatient, while the other patients are called tre@ning Note that our thickness estimation has a slightly larger variation
patients. For every testing patient, we computed one atlas wéhthe bottom than at the top of the bladder. The last row shows
the average, one atlas with the standard deviation, and one ditt@satlases for the coefficient of variation. The images confirm
with the coefficient of thickness variation. The coefficient othat the thickness estimation varies more at the bottom than at
variation is the ratio of the standard deviation over the averatie top of the bladder.
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Fig. 6. Relative thickness difference between the patient bladder and the atlas,
easured by the Z score, indicates the region of abnormal thickteseff) Z

. . . s . . m
Fig. 4. Average thickness atlases show the distribution of the wall thlckne&‘sqre for one patienttdp right) Zoom in the CT scan for this patient. Similarly,

over the bladder surface. The figure shows two atlases computed from adiffertﬂ% bottom row shows Z score and CT scan for a second patient. At the top of

ot ? f bladtdtﬁr stcansf.tﬁotgla(tjlgs?fhlng IC? :ﬁ ﬂ?)att:h;thmkness is 1 mm larggf g ot bladder, the Z score reveals a region of abnormal thickness (red). At the
average at the top of tne bladder than at the bottom. center of the second bladder, the Z score reveals two spots of abnormal thickness

(red).

STANDARD DEVIATION
MM

I2.5

1.9
1.2
0.62
0.0

COEFFICIENT OF VARIATION

MM

I2.5

1.9

averageu over the standard devatien as shown in (1). This

ratio without units characterizes the abnormality of the thick-
nesst. We wanted to find the optimal Z-score threshold for
bladder tumor detection. Regions where the Z score was below
the threshold would not be detected as diseased; regions above
the threshold would be detected as diseased. We evaluated sev-
eral Z score thresholds for some arbitrarily selected cases, and
found thatZ = 2.5 allowed for a good detection of tumors for
those cases

0.62

(2]

l 1.5

20t = — £ 1)

1.5
l” Positive Z scores characterize thickness larger than the
average, while negative Z scores characterize thickness smaller
e than the average. Since tumors create a thickening of the
bladder wall, we only considered the positive Z scores. The
T larger the Z score, the more atypically thick the bladder wall.
Fig. 6 shows the Z score computed for two testing patients.
e Most of the bladder area has a Z score smaller than bioe (
in the figure. The thickness in this area is smaller than or

Fig. 5. Variation of the atlas thickness for the sets of patients used in Fig.@lose to the average thickness. The top of the first bladder (

The first row shows the standard deviation, and the second row the coefficienfof; image exhibits a region with a large Z scoree( in the

variation, i.e., the ratio of the standard deviation over the average. The variatjon .

in the atlas appears slightly higher at the bottom than at the top (the standd@Hre). Since the Z score exceeded 2.5, our software detected

deviation is 0.6 mm larger). this region as diseased. We observe two orange-red spots in

the second bladdebéttom left image Again, our software

detected these regions as diseased since they exceed the 2.5-Z

score threshold. The right column shows one slice through
We used a Z score to compare the bladder wall thickness fbe CT scan for each patient. For every region our software

the testing patient to the normal thickness in the atlas. Thed&tected as diseased, an arrow points to the region in both the

score for a thickness valuss the ratio of its difference to the rendering and the CT slice.

0.75
0.38

E. Measurement of Abnormality
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IV. RESULTS TABLE |
COMPARISON OFTUMOR DETECTION BY AN EXPERT OBSERVER AND

. BY OUR AUTOMATED TUMOR DETECTION
To validate our method, we performed a leave one out cross

validation. We successively picked one bladder scan out of our expert detects | expert detects

set; this bladder scan was our testing data. Our software built a tumor 1o tumor

an atlas based on the other bladder scans; these bladder scans _Software detects a tumor TP =16 FP = 17
software detects no tumor FN =2 TN = 123

were our training data. Our software detected the tumors on the _
or every zone and for every bladder, the expert and the software classify

testing data. Initial readings made by a radiologist experiencgd zone as either diseased or healthy. TP is the number of zones detected as

in radiology of the pelvis served as the ground truth. We, thusiseased by both the expert and the software. FP is the number of zones detected
d th f fw ith th d (gj.healthy by the expert and as diseased by the software. FN is the number of
compared the outputs of our software with the expert rea nes detected as diseased by the expert and as healthy by the software. TN is

scans. The expert reviewed every bladder scan, and detectedtheumber of zones detected as healthy by both the expert and the software.
tumors in the scan. Since we had 26 bladder scans in our set,

we performed this experiment 26 times with a training set of 25 Ideally, a detection software should have a 100% score for

scans, and a testing set of one scan. all these statistics. A 100% sensitivity would indicate that it de-
To compare the location of the tumors detected by the soffs all diseased zones. A 100% specificity would indicate that
ware, with the location of the tumors detected by the expert, W&,ever detects a tumor in a healthy zone. A 100% positive pre-
separated the bladder wall i'n six anatomical zones: the top ZogRtive value would indicate that, when the software detects a
the bottom zone, the anterior zone, the posterior zone, the gfeased zone, the zone is actually diseased. A 100% negative
zone, and the right zone. For every zone, and for every bladggggictive value would indicate that, when the software detects

scan, we compared what the software detected, with what the g-giseased zone for a patient, the patient is actually healthy.
pert detected. If they both detected a tumor, we counted one true

positive. Similarly, if they both detected no tumor, we counted

one true negative. If the software detected a tumor, and the ex- V. DISCUSSION

pert did not, we counted a false positive (FP). Conversely, if

the software detected no tumor, and the expert detected one, wi this section, we comment the results of our validation, we

counted a false negative (FN). discuss the choice of the ground truth, we compare our method
Note that we counted the number of diseased zones, not Y& standard cystoscopy, and we propose applications to other

number of tumors. The detection of several tumors in the safdical problems.

zone gave the same output as the detection of only one tumor

in this zone. As an automated screening exam, our softwae Results of the Validation

is not intended to accurately locate every tumor, but to detecr_l_able | reports that of the 18 diseased zones detected by the

whether the bladder is diseased or not, and to apprOX|materécl>x(S—Dert our algorithm detected 16 zones and missed the other

g‘:futgﬁ fFZ) Ortgggz:;;Tr?ésb;ki]:n?%?(;ﬂ(r)tﬂg: ?nnsigjcrgg;m.rizosr:ﬁyyo. Of the 140 healthy zones, our software correctly classified
i %%% zones as healthy, and only misclassified 17 as diseased. The

ware skims out the healthy cases, and only sends the suspici ) . 2 o -
cases to the clinician. Theyload of work fo?the clinician caFr)1 by sulting high sensitivity (89%) and specificity (88%) indicate

reduced, or the number of patients can be increased. that our software could be incorporated in a screening proce-

We summed the number of TP occurences together. S'm'Iar(iiure' . . .
. Y v 9 m yNhe low positive predictive value (48%) means that the clini-

we summed the TN occurences, the FP occurences, and the F dst ) health fient tual di d
occurences. Our experiments with 26 patients gave=TIP6, clan needs toreview as many heaithy patients as actual disease

FP = 17, FN = 2, and TN = 123. We report these fig- patients. When our software detected a tumor, the probability

ures in Table I. The meaning of these numbers is the followin€ Patientactually had a tumor was roughly as high as the prob-

Our software correctly detected 16 diseased zones; it incorre )ity the patient was healthy. A method with a higher positive

detected 17 other zones as diseased; it missed two dised¥&gictive value (PPV) would further reduce the work load of

zones; it correctly classified 123 zones as healthy. Note tH8€ clinician. _ o
TP+ FP+ TN = 156, since our data set contained 26 pa- 1he very high negative predictive value (98%) allows the pa-

tients, and every patients had six bladder zones. Based on {§Bt to trustour software when it does not detect a tumor. Nega-

occurences in Table |, we computed the medical statistics féie predictive value is the important clinical figure. Virtual CT
mulated in (2)—(5) cystoscopy, when negative, implies that no tumor is present. The

patient does not need a standard cystoscopy. It may be useful for
T screening the patient population with hematuria.
Sensitivity= ——— = 89% 2 i ialdi
ENSIVIY=p o = 770 ) Compared with the method of Fieldiegal.[13], our method
I T N improved the sensitivity from 83% to 89%. This improvement
Specificity = TN+ FP 88% (3) is too small to change the clinical outcome. Besides, they chose
N o TP conventional cystoscopy as the ground truth, while we chose
Positive Predictive Val = 48% 4 idati
OsSItive Frediclive Value o 5p = 2070 (4)  expert read CT scans as our ground truth. New validation ex-
periments with the same ground truth are needed to accurately

. . TN
Negative Predictive Values ————— =98%.  (5) compare both methods.

TN +FN
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B. Choice of the Ground Truth VI. CONCLUSION

. . Our tumor detection method aligns a bladder wall thickness

An expert performing conventional cystoscopy served as th - .
. . . ., _.._atlas, containing the local mean wall thickness and standard
ground truth in the experiments of [13], while our validation, . . . : o .
deviation, to a subject. It then identifies tumors as the sections

experiments used an expert reading the CT scans. In both cas . .
the tumor detection is biased toward the tumors detected by ?e e patient bladder wall that exceed the mean thickness by

. : . . more than 2.5 standard deviations. Compared with expert-read
expert. The expert may misclassify a zone using either the sco

) o 0 L o
orthe CT scans. These errors will affect the validation. Since ou? scans, our wmor detection exhibits 89% sensitivity, 88%

. 0 0 ) -
validation and the validation of Fieldingt al. use a different specificity, 48% PPV, and 98% negative predictive value. The

high negative predictive value makes our software suitable
ground truth, both methods are not comparable. Neverthel g 9 P

L : or’'bladder cancer screening. Our software accurately detects
our goal is different as we propose a method with an automa%ed . . L .
. . ealthy regions, allowing the clinician to focus on the suspi-
reading of the renderings.

. . . L . |cious bladder scans. It evaluates the bladder neck, a significant
Comparison with expert clinical reading is required to val

. ) ) o advantage over standard cystoscopy. The limitation of our
idate a tumor detection software before its clinical use. How- 9 Y Py

N current implementation is the interactive segmentation, which
ever, such a validation cannot reveal that the software could .d% P 9

. iS.time consuming and susceptible to error. We expect that
better than the expert. The advantage of the software is thaf it 9 P P

o - . . e development of an automated bladder wall segmentation
eliminates the variability on the experience and the fatigue of . R
the expert algorithm would remove this limitation.
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