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Quantitative radiology: automated measurement of polyp volume 
in computed tomography colonography using Hessian matrix-
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Background: Current measurement of the single longest dimension of a polyp is subjective and has 
variations among radiologists. Our purpose was to develop a computerized measurement of polyp volume in 
computed tomography colonography (CTC).
Methods: We developed a 3D automated scheme for measuring polyp volume at CTC. Our scheme 
consisted of segmentation of colon wall to confine polyp segmentation to the colon wall, extraction of a 
highly polyp-like seed region based on the Hessian matrix, a 3D volume growing technique under the 
minimum surface expansion criterion for segmentation of polyps, and sub-voxel refinement and surface 
smoothing for obtaining a smooth polyp surface. Our database consisted of 30 polyp views (15 polyps) 
in CTC scans from 13 patients. Each patient was scanned in the supine and prone positions. Polyp sizes 
measured in optical colonoscopy (OC) ranged from 6-18 mm with a mean of 10 mm. A radiologist outlined 
polyps in each slice and calculated volumes by summation of volumes in each slice. The measurement study 
was repeated 3 times at least 1 week apart for minimizing a memory effect bias. We used the mean volume of 
the three studies as “gold standard”.
Results: Our measurement scheme yielded a mean polyp volume of 0.38 cc (range, 0.15-1.24 cc), whereas 
a mean “gold standard” manual volume was 0.40 cc (range, 0.15-1.08 cc). The “gold-standard” manual 
and computer volumetric reached excellent agreement (intra-class correlation coefficient =0.80), with no 
statistically significant difference [P (F≤f) =0.42].
Conclusions: We developed an automated scheme for measuring polyp volume at CTC based on Hessian 
matrix-based shape extraction and volume growing. Polyp volumes obtained by our automated scheme 
agreed excellently with “gold standard” manual volumes. Our fully automated scheme can efficiently provide 
accurate polyp volumes for radiologists; thus, it would help radiologists improve the accuracy and efficiency 
of polyp volume measurements in CTC.
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Introduction

Colorectal cancer is the second leading cause of cancer 
deaths in the U.S. (1). Computed tomography colonography 
(CTC), also known as “virtual colonoscopy”, is a technique 
for detecting colorectal neoplasms by use of a CT scan of 
the colon. CTC provides an option for a colorectal cancer 
examination that is less uncomfortable (2,3), less invasive, 
and less costly (4) than for optical colonoscopy (OC) (We 
use the term, OC instead of colonoscopy to distinguish 
it from virtual colonoscopy). Evidence supports CTC as 
a sensitive and specific method for detection of polyps 
(5-11). Accordingly, several national societies including 
the American Cancer Society have endorsed CTC as an 
option for colorectal cancer screening of average risk, 
asymptomatic patients (12).

In CTC screening for the detection of polyps, polyp size 
plays an especially important role in determining malignant 
potential and the need for intervention (5,6,11,13). The 
size is the most important single feature for such diagnosis. 
Current measurement of the single longest linear dimension 
of a polyp, however, is subjective and has variations among 
radiologists. As evidence of the variability of such manual 
linear measurement of polyps at CTC, studies reported 
inter-observer 95% limits of agreement span ranged from 
2.5 to 3.2 mm (14,15). Volume measurement could be 
more clinically informative than longest linear dimension. 
However, manual measurement of polyp volumes at CTC 
suffers from problems of labor intensity and subjectivity. 
As a medical sign frequently occurring in the population, a 
consistent and efficient volume metric for polyps at CTC is 
especially important for informing clinical decisions. 

Researchers have studied polyp volume measurement 
at CTC. Taylor et al. (15) compared manual linear 
measurement and automated polyp measurement with 
actual measurement of colectomy specimen of 20 polyps 
from a patient. They used automated polyp measurement 
software embedded in developmental CTC viewing 
software (Colon CAR 1.3; Medicsight). The software 
requires users to provide seed points opposite each other at 
the perceived junction between the polyp and the colonic 
wall. Jeong et al. (14) compared manual linear measurement 
and automated polyp volume measurement with OC 
polyp size measurement. They used automated polyp 
measurement software embedded in a commercial CTC 
viewing workstation (Extended Brilliance workspace version 
3.0; virtual colonoscopy, Cleveland, OH, USA). Dijkers  
et al. (16) developed an automated segmentation method for 

polyps based on surface evolution from a seed patch under 
geometric criteria with surface normal. They tested their 
method with polyp phantoms. Yao et al. (17) developed 
an automated method for segmenting polyps based on a 
combination of knowledge-guided intensity adjustment, 
fuzzy c-mean clustering, and deformable models.

Our purpose in this study was to develop a 3D automated 
scheme for measuring polyp volume at CTC based on 
Hessian matrix-based shape extraction and volume growing. 
We evaluated its accuracy and efficiency relative to “gold-
standard” volumes determined by manual segmentation.

Materials and methods

The Institutional Review Board (IRB) approved this 
retrospective study. Informed consent for use of cases in this 
study was waived by the IRB because patient data was de-
identified. This study complied with the Health Insurance 
Portability and Accountability Act, met all standards for 
good clinical research according to the NIH’s and local 
IRB’s guidelines.

3D automated scheme for measuring polyp volume

We developed a fully automated scheme for measuring 
polyp volume at CTC. Our scheme consisted of a 
computer-aided detection (CADe) scheme for polyps 
(18-24) and a 3D computerized scheme for segmenting 
polyps to measure their volumes. Recent advancement in 
CADe studies can be found in a review paper (25). A major 
advantage of polyp volume measurement combined with 
CADe of polyps is that radiologists can obtain the volumes 
for computer-detected polyps immediately. Technical 
details of our CADe scheme have been described in refs. (26)  
and (27), and we do not describe the technical details, 
because CADe is not the focus of this paper but automated 
polyp volume measurement. Our CADe scheme first 
segmented the colon in CTC images based on anatomy-
based extraction and colon-based analysis. Once the colon 
was segmented, it detected polyps based on morphologic 
features that characterize polyps. Our automated polyp 
segmentation followed for measurement of volumes of the 
polyps detected by our CADe. Note that a radiologist can 
always obtain the volume of a polyp that he/she identifies 
(i.e., one that our CADe does not detect) by specifying its 
location. 

Our automated measurement scheme for polyp volume 
consisted of segmentation of colon wall, extraction of a 
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highly polyp-like seed region based on the Hessian matrix, a 
3D volume growing technique under the minimum surface 
expansion criterion for segmentation of polyps, and sub-
voxel refinement and surface smoothing for obtaining a 
smooth polyp surface, as shown in Figure 1A. More detailed 
steps of our automated measurement scheme are given in 
Figure 1B. To confine polyp segmentation to colon wall, we 
first segmented the colon wall with uniform thickness by 
using anatomic knowledge-based segmentation (28). The 
anatomy-based segmentation consisted of the following 
steps. The volume outside the body was segmented based 
on CT value thresholding followed by a 3D connectivity 
test (29,30); and the resulting volume is called an “air mask” 
(Figure 2) (see Figure 2F for an illustration). Bone structures 
that correspond to the spine, pelvis, and parts of the ribs 
in the original CTC volume were segmented in the same 
manner. The 3D gradient of CT values was calculated at 
each voxel that does not belong to the volume defined by 
the air mask or the segmented bone structure. Those voxels 
that have gradient and CT values greater than predefined 
threshold values were retained. A connected component 
labeling (29,30) was applied to the retained volumes. The 
connected component that has the largest number of voxels 

was identified as the colon wall and called a “colon-wall 
mask” (The “colon-wall mask” is used for masking colon 
walls. In that sense, it should be called as a non-colon-wall 
mask, but we call it a colon-wall mask by following the 
convention in the field) (see Figure 2B for an illustration).

Our seed region detection scheme relied on shape 
features; we applied a Hessian matrix operator which 
quantifies the local curvature in the 3D image (31). The 
principal curvatures at a point describe the maximum 
and minimum rates that the local surface deviates from a 
plane. Two feature maps can be derived from the principal 
curvatures, which together provide a measurement of the 
local shape and the “degree of the shape” at a point. These 
are known as shape index and curvedness (18,27,31,32), 
defined as:
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where κ1, κ2 represent the maximum and minimum 
curvatures, respectively. Figure 2C,D illustrate a shape index 

Figure 1 Schematic diagram of our automated scheme for measuring polyp volume in CTC. (A) Major steps in our automated measurement 
scheme; (B) detailed steps in our scheme. CTC, computed tomography colonography.
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map and a curvedness map for a polyp shown in Figure 2A, 
respectively. We developed a segmentation technique based 
on region growing (33) to segment the remaining, non-
cap-shape region. The two Hessian matrix-based feature 
maps were used together to extract a cap-shape structure 
that is typical of a bulbous polyp within the colon-wall mask 
(illustrated in Figure 2B). To achieve this, first we applied 
two range threshold operations on each feature map. 
The first range threshold was narrower than the second. 
The narrow range threshold operation resulted in a set 
or sets of very highly polyp-like voxels. The two narrow 
range threshold images were combined by a Boolean 
logical multiplication; the two wide range threshold 
images were similarly combined. We then performed a 
connectivity analysis based on a connected-component 
labeling algorithm (29,30) to allow the narrow range 
threshold region to grow to include any connected wider 
range threshold voxels. Finally, we applied a mathematical 
morphologic erosion filter to the thresholded volume to 

obtain a highly polyp-like seed region (see Figure 2E for an 
illustration). 

For the next step, we developed a segmentation technique 
based on region growing (33) to segment the remaining, 
non-cap-shape region. We call this segmentation step 3D 
volume growing under the minimum surface expansion 
criterion. First we employed the air mask from the colon-
wall segmentation step to distinguish the lumen from non-
lumen. Then, we iteratively expanded the highly polyp-
like seed region within the non-lumen for a predetermined 
number of iterations, k, while tracking the volume. Finally, 
we found the volume in which the surface expansion rate was 
the minimum as a segmented polyp volume (see Figure 2G  
for an illustration): the minimum volume expansion point 
occurs at the x-th iterative expansion when,
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where W is the set of expanded voxels. 
Finally, to obtain a smooth polyp surface, we applied a 

Figure 2 Resulting images from each step in our automated measurement scheme. (A) Original axial CT image of a polyp, which exhibits 
the original pixel size; (B) colon-wall mask obtained from the step of segmentation of colon wall; (C) shape index map from the step of 
extraction of Hessian-based feature maps; (D) curvedness map from the step of extraction of Hessian-based feature maps; (E) highly polyp-
like seed region from the step of extraction of a highly polyp-like seed region based on the feature maps (C) and (D); (F) air mask obtained 
from the step of segmentation of colon wall; (G) polyp region from the step of 3D volume growing; (H) polyp segmentation result obtained 
from the step of 3D volume growing under the minimum surface expansion criterion followed by sub-voxel refinement and surface 
smoothing. The square shows the pixel size (0.7 mm).
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3D sub-voxel refinement technique to the polyp surface 
in images. First, we resampled the images to obtain 
higher resolution images with a resampling factor of X, 
i.e., one original voxel is converted to X3 voxels in the 
resampled images. Next, we applied a smoothing filter 
to the resampled surface of the polyp (see Figure 2H for 
an illustration). Finally, we calculate the volume with 
accounting for the resampling factor.

CTC database

Our database consisted of 30 polyp views (15 polyps) in 
CTC scans from 13 patients; these were obtained from 
a previous multicenter clinical trial in which 15 medical 
institutions participated nationwide (34). This multicenter 
trial included air-contrast barium enema, same-day CTC 
and colonoscopy, and segmental unblinding for each subject, 
followed by robust reconciliation of all lesions utilizing 
the data from all three imaging examinations (thereby 
assuring accuracy of the reported consensus colon findings). 
Table 1 summarizes the characteristics of our database. 
Six hundred fourteen high-risk subjects participating in 
the original trial were scanned in both supine and prone 
positions with a multi-detector-row CT system with 
collimations of 1.0-2.5 mm and reconstruction intervals 
of 1.0-2.5 mm. Each CT slice had a spatial resolution of  
0.5-0.7 mm/pixel. A radiologist experienced in CTC 
(>1,000 cases read) reviewed CTC cases carefully and 
determined the locations of polyps with reference to 
colonoscopy reports. Polyp morphology in our database 

includes pedunculated polyps and sessile polyps. Polyp sizes 
measured in OC ranged from 6-18 mm (average: 10.4 mm). 
Note that optical-colonoscopy-measured polyp sizes may 
not be accurate because it was done by visual assessment 
of size in linear measurement. That motivated CTC 
measurement of polyp volume.

Evaluation

To establish “gold-standard” polyp volumes, an abdominal 
radiologist outlined polyps in each axial CT image 
on a viewing workstation and calculated volumes by 
summation of the volumes obtained by multiplying the 
areas of the manually outlined regions in each slice by 
the reconstruction interval [We do not use the term, slice 
thickness or collimation, because they do not always equal a 
reconstruction interval (or distance between slices)]. High-
quality magnification enabled drawing precise contours. 
The measurement study was repeated 3 times at least  
1 week apart to minimize a memory effect bias. We used the 
mean volume of the three studies as “gold standard”. The 
prone and supine volumes were averaged for polyp-based 
analysis.

We compared computer-estimated volumes obtained 
by using our automated measurement scheme with 
the “gold-standard” manual volumes. To evaluate the 
agreement between the two volumetrics, we used the intra-
class correlation analysis (35,36) and the Bland-Altman  
analysis (37). Statistical significance was analyzed by using 
the F-test. 

Results

Polyp volumes obtained by using our scheme

Figure 3 illustrates three manual outlines drawn by an 
abdominal radiologist in three measurement studies for a 
polyp. The intra-observer variation in polyp outlining is 
larger for the edges of the polyp (A) and (C), compared to 
the middle of the polyp (B). We used an average outline over 
three outlines as “gold standard.” We applied our automated 
measurement scheme to our database containing 30 polyp 
views from 15 polyps in 13 patients. Resulting images from 
each step in our scheme is illustrated in Figure 2. Figure 4 
illustrates the result of automated polyp segmentation for 
supine and prone views of a polyp. There was a difference 
(0.06 cc) in manual volumes for supine and prone views. 
The average computer volume of 0.18 cc is equal to 

Table 1 Our database of polyps in CTC from a multicenter 
clinical trial

Items Numbers/Descriptions

Number of patients 13

Number of polyps 15 (30 views)

CT system Multi-director-row CT system

Collimation 1.0-2.5 mm

Reconstruction intervals 1.0-2.5 mm

Image matrix size 512×512 pixels  

(0.5-0.7 mm/pixel)

Polyp location confirmation With reference to OC reports

Inclusion criteria No fuzzy border; visible on 

supine and prone

CTC, computed tomography colonography; OC, optical 

colonoscopy.
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the average “gold-standard” manual volume of 0.18 cc. 
Relationships between supine and prone volumes for same 
polyps are shown in Figure 5. Both manual and computer 
volumes for supine and prone views agree moderately. 
Figure 6 illustrates the computer contours obtained by 
using our automated scheme and the corresponding “gold-
standard” manual contours. Although they show some 
difference, most of differences are within one pixel. Figure 7  
shows a relationship between “gold-standard” manual 
volumes and computer volumes in the polyp-based analysis. 
The two volumes agree well for smaller polyps. 

Statistical analysis

Our scheme yielded a mean polyp volume of 0.38 cc  
(range, 0.15-1.24 cc), whereas the mean “gold-standard” 
manual volume was 0.40 cc (range, 0.15-1.08 cc), as 
shown in Table 2. Table 3 summarizes the results of 
intra-class correlation analysis for supine vs. prone 
volumes and computer vs. manual volumes. The “gold-
standard” manual and computer volumetrics reached 
excellent agreement [intraclass correlation coefficient 
(ICC) =0.80], with no statistically significant difference  
[P (F≤f) =0.42], as shown in Table 3. The Bland-Altman plot 
of computer and manual polyp volumes is shown in Figure 8.  

The two volumes disagree for larger polyps, although the 
number of samples of large polyps is very small. Table 4 
shows a bias and 95% limits of agreement in the Bland-
Altman analysis. The 95% limits of agreement span was 
relatively large (0.71 cc).

Discussion

Although we achieved an excellent agreement between 
computer-estimated polyp volumes and “gold-standard” 
manual polyp volumes (ICC =0.80), there is still difference 
with “gold-standard” volumes especially for larger polyps. 
To determine the boundary between the colonic wall and a 
polyp attaching to it is challenging, because the same soft-
tissue of similar or same density constitutes the colonic 
wall and the polyp; thus, there is no distinct boundary 
between them in most cases. To our knowledge, there is no 
consensus as to how the boundary between them should 
be determined in the radiology community. To address 
this issue, the radiology community would need to develop 
robust criteria to determine the boundary and build a 
consensus.

There are a few parameters to adjust in our scheme. We 
adjusted these parameters based on the visual judgment 
with cases in an independent database (completely different 

Figure 3 Illustration of intra-observer variations in outlining a polyp (6 mm by OC) in the sigmoid colon acquired in the prone position. 
The same radiologist outlined the polyp 3 times independently (the three measurement studies were performed at least 1 week apart to 
reduce a memory effect bias). Original pixels are not seen because bi-cubic interpolation was applied to the images. The square shows the 
pixel size (0.7 mm). (A) Axial CT image (slice no. 1) containing the edge of the polyp; (B) middle axial CT image (slice no. 5) containing 
the middle of the polyp; (C) axial CT image (slice no. 9) containing the edge of the polyp. Intra-observer variation is larger for the edges of 
the polyp. The manual volumes for the polyps in the prone view in the three measurement studies were 0.21, 0.12, and 0.12 cc. OC, optical 
colonoscopy.
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Figure 4 Illustration of a difference in the shape of a polyp in the sigmoid (the same polyp shown in Figure 3) acquired in supine and prone 
positions. (A) 3D endoluminal views showing the 3D morphology of the polyp; (B) axial CT images. The image in the prone position was 
rotated to match the appearance of the supine CT image. Original pixels are not seen due to bi-cubic interpolation. The square shows the 
pixel size (0.7 mm); (C) comparison between “gold-standard” manual contours and computer contours obtained by using our automated 
scheme. Manual volumes in supine and prone views were 0.15 cc and 0.21 cc, respectively, whereas computer volumes in supine and prone 
views were 0.17 cc and 0.19 cc, respectively.
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Figure 5 Relationships between supine and prone volumes for same polyps. (A) Manual volumes obtained by a radiologist (ICC =0.39);  
(B) computer volumes obtained by using our automated scheme (ICC =0.45). ICC, intraclass correlation coefficient.
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from the database we used in this study) without reference 
to manual segmentation. Thus, the parameters were 
not optimized. In the future, we will need to optimize 
the parameters by using a larger number of cases with 

reference to “gold-standard” manual segmentation. On the 
other hand, because the parameter adjustment was done 
independently, our scheme is likely to achieve the same or 
similar level of performance that we obtained in this study 

1 pixel

1 pixel

1 pixel

Manual
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Case 1
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Computer

Computer
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Figure 6 Comparisons between “gold-standard” manual contours and computer contours obtained by using our automated scheme. (A) 3D 
endoluminal views showing the 3D morphology of polyps; (B) axial CT images. Original pixels are not seen due to bi-cubic interpolation. 
The square shows the pixel size (0.7 mm); (C) comparisons between manual and computer contours. The cases from the top to the bottom—
manual volume: 0.16 cc, computer volume: 0.15 cc; manual volume: 0.28 cc, computer volume: 0.23 cc; and manual volume: 0.35 cc, 
computer volume: 0.29 cc.
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when we apply our scheme to a different database.
We cannot compare our scheme with other schemes 

in the literature directly because the cases were different 
for each study, but we discuss similarities and differences 
of our scheme with these schemes. Jeong et al. (14) used 
automated polyp measurement software embedded in a 
commercial CTC viewing workstation (Extended Brilliance 
workspace version 3.0; virtual colonoscopy, Cleveland, OH, 
USA) in their study. They did not mention any technical 

details of the automated software, because they could 
not know such information due to commercial software. 
They did not perform volume comparisons, because their 
study purpose was to compare measurements at CTC 
with OC measurement. Taylor et al. (15) used automated 
polyp measurement software embedded in developmental 
CTC viewing software (Colon CAR 1.3; Medicsight) in 
their study. They mentioned the automated software was 
based on fuzzy logic-based region growing, but they did 
not provide any other technical details. The measurement 
software is semi-automated, because it requires users 
to provide two seed points opposite each other at the 
perceived junction between the polyp and the colonic wall. 
As we discussed earlier, determining the junction between 
the polyp and the colonic wall is challenging for fully 
automated measurement schemes such as ours. Dijkers 
et al. (16) developed an automatic polyp segmentation 
method based on surface evolution from a seed patch under 
geometric criteria with surface normal. They tested their 
method with polyp phantoms, but they did not test with 
actual polyps from patients. Their method requires no 
user input. Yao et al. (17) developed an automated method 

Figure 7 Relationship between “gold-standard” manual volumes 
and computer volumes obtained by using our automated scheme. 
Our computer volumes achieved an excellent agreement (ICC 
=0.80) with the “gold-standard” manual volumes. The two 
volumes agree well for smaller polyps. ICC, intraclass correlation 
coefficient.
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Table 2 Comparison of the mean computer and manual 
volumes

Volumetry method Mean
Standard 

deviation

Computer volume 0.38 cc (range, 0.15-1.24 cc) 0.28

Manual volume 0.40 cc (range, 0.15-1.08 cc) 0.27

Table 3 Results of intra-class correlation analysis. None of the 
agreements received statistical significance (P>0.05)

Volumetry ICC F P (F≤f)

Computer supine vs. prone volume 0.39 0.94 0.45

Manual supine vs. prone volume 0.45 1.08 0.45

Computer vs. manual volume 0.80 0.89 0.42

ICC, intraclass correlation coefficient.

Figure 8 Bland-Altman plot of computer and manual polyp 
volumes. The two volumes disagree for larger polyps.

Table 4 Bias and 95% limits of agreement in Bland-Altman 
analysis for computer and manual polyp volumes

Bias
95% limits of 

agreement (lower)

95% limits of 

agreement (upper)

Computer 

vs. manual 

volume

−0.02 −0.37 0.34
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for segmenting polyps based on fuzzy c-mean clustering 
and deformable models. Their scheme requires no user 
input; thus, it is fully automated. Our scheme is also a fully 
automated polyp volume measurement scheme that requires 
no user input. In our scheme, Hessian-feature-based 
extraction of a highly polyp-like seed region, 3D volume-
growing-based segmentation of polyps under the minimum 
surface expansion criterion, and sub-voxel refinement 
were developed for accurately determining polyp volume. 
In particular, detection of a highly polyp-like seed region 
improved the robustness of volume growing substantially. 
None of the above conventional schemes used Hessian-
based seed region identification or 3D volume growing 
under the minimum surface expansion criterion. 

Our database used in this study does not contain “flat” 
lesions (38,39), but only polypoid and sessile lesions. Flat 
lesions may be defined as the height of a lesion less than  
3 mm or the height less than one-half the width as seen on 
2D views or a long axis as seen on 3D views. We will need 
to test our automated polyp volume measurement scheme 
with flat lesions for complete testing. To our knowledge, 
there is no study to test a polyp size measurement scheme 
on flat lesions in literature.

Some practices and tasks in radiology as well as other 
clinical medicine areas have been qualitative and subjective. 
We define quantitative radiology as efforts to make 
practices and tasks in radiology more quantitate, objective, 
and evidence-based. We believe that quantitative radiology 
is one major trend and direction that radiology would go. 
We have developed automated liver volume measurement 
schemes in CT (40,41) and MRI (42) as a mean for 
quantitative liver volume assessment in quantitative 
radiology. Our automated liver volumetry schemes in CT 
and MRI agreed with “gold-standard” manual volumetry 
excellently. In this study, we developed an automated 
polyp volume measurement scheme in CTC. Quantitative 
liver volumetry can be considered as an organ volumetry, 
whereas quantitative polyp volumetry can be considered as a 
lesion volumetry. We plan to expand quantitative radiology 
areas to include other major organs and lesions in addition 
to quantitative liver and polyp volumetry.

Conclusions

We developed an automated scheme for measuring polyp 
volume at CTC. Our automated polyp volumetrics agreed 
excellently with “gold standard” manual volumetrics 
(ICC =0.80 with no statistical significant difference). Our 

automated scheme can efficiently provide accurate polyp 
volumes for radiologists; thus, it would help radiologists 
improve the accuracy and efficiency of polyp volume 
measurements at CTC.
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