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Objective. This study examines the tissue differentiation capability of the recently
developed high-resolution ultrasonic transmission tomography (HUTT) system in the
context of differentiating between benign and malignant tissue types in mastecto-
my specimens. Methods. Eight mastectomy patients provided breast specimens
with benign and malignant lesions. The specimens were scanned by the HUTT sys-
tem with a pair of either 8- or 4-MHz transducers. Multiband HUTT images over the
frequency range from 2 to 10 MHz provide characteristic profiles of frequency-
dependent attenuation, termed “multiband profiles,” at individual pixels. These fea-
tures are classified through a novel algorithm of “segment-wise classification” that
identifies the disjoint segments of various tissue types and subsequently classifies
them into respective diagnostic categories using a measure of proximity to the
respective multiband profile templates that have been previously obtained from ref-
erence data. Results. We preformed intraspecimen and interspecimen analyses of
108 slices from 8 mastectomy specimens for which “ground truth” was provided
by pathology reports. The average performance indices for 2-way classification
(malignant versus nonmalignant tissue) in these intraspecimen (interspecimen)
specimen studies were found to be sensitivity of 81.9% (89.6%), specificity of
92.9% (92.1%), and accuracy of 89.2% (89.4%), whereas the indices for the 3-
way classification were moderately lower. Conclusions. The results have shown the
potential of the HUTT technology for reliable differentiation of cancerous lesions
from benign changes and normal tissue in mastectomy specimens using frequency-
dependent ultrasound attenuation profiles. Key words: breast cancers; frequency-
dependent attenuation; mastectomy specimens; multiband profile; soft tissue
differentiation; ultrasonic transmission tomography.
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t is widely recognized that breast cancer represents a
major threat to public health, as the leading cancer
among women that exhibits alarming trends of inci-
dence rates worldwide among all demographic, racial,

ethnic, and age groups. In the United States alone, more
than 250,000 new cases are diagnosed every year,1 and
mortality rates rise to about 40,000 annually despite
progress in surgical, radiologic, and pharmacologic inter-
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ventions. Conventional mammography remains
the recommended imaging modality to detect
and evaluate the extent of breast cancer before
surgery. Unfortunately, the sensitivity of mam-
mography is rather limited for detecting small
lesions, and its specificity is even lower.2,3

Over the last 7 years, we have developed a 
3-dimensional (3D) fixed coordinate sono-
graphic mammography system,4 termed “high-
resolution ultrasonic transmission tomography”
(HUTT), that seeks to improve the early detec-
tion of small malignant lesions and reduce the
number of false-positive (FP) outcomes. The
novel use of submillimeter ultrasound trans-
ducers and the pioneering use of multiband
analysis of the first arrival pulses of the received
signals (called “snippets”) represent the key
innovations of the HUTT system that endow it
with 3D high-resolution and tissue differentia-
tion capabilities.

In the HUTT system, the forward-scattered
ultrasound pulse is received at various azimuthal-
angular positions for different elevations with the
same submillimeter spacing. This gives the
HUTT imaging system submillimeter resolution
in all 3 dimensions in a fixed coordinate system.
The acoustic attenuation of each voxel of tissue
(relative to water) is obtained through proper
analysis of the aforementioned snippets that are
extracted from the received data and is used for
3D imaging as well as tissue classification/differ-
entiation. The latter capability of the HUTT
imaging system relies on the premise that the
pattern of this relative frequency- dependent
attenuation (termed the “multiband profile”
[MBP]) of each individual tissue voxel is charac-
teristic of the respective tissue type. This
premise has been examined and confirmed
with experimental phantoms. Using multi-
band analysis, we obtain a 3D stack of 2-
dimensional (2D) tomographic images with
submillimeter pixel resolution for each frequen-
cy band in the range from 2 to 10 MHz. The 2D
image for each frequency band is based on ultra-
sound attenuation measurements for this band
(relative to water); thus, a set of band images is
obtained for each physical cross section of the
scanned object and can be used to characterize
uniquely the tissue type of each pixel by its
respective MBP.5,6

The goal of this study was to show this tissue
differentiation capability of the HUTT system in
ex vivo human breast tissue using mastectomy
specimens. For this purpose, we analyzed the
HUTT multiband images of 8 mastectomy speci-
mens with the active contour (AC)-unsupervised
clustering (UC) algorithm and classified the result-
ing image segments into 3 tissue types (invasive
carcinoma, benign changes, and normal tissue)
found within these mastectomy specimens,
according to the proximity of their respective MBP
to 1 of the 3 MBP templates of each tissue type.
The proposed tissue differentiation procedure
uses a segmentation/classification method6 that
we have developed to classify each segment in the
HUTT multiband images (corresponding to a spe-
cific tissue type) into 1 of these 3 classes of breast
tissue based on their respective MBPs. The perfor-
mance of 2-way classification into malignant and
nonmalignant tissue types was also examined.
The resulting classification was subsequently
compared with the pathologic evaluation of
coregistered thin slices of the specimens (viewed
as the “ground truth”). 

Materials and Methods

To achieve the tissue differentiation capability,
the segmentation/classification algorithm uses a
multiresolution variant of the established AC
method that avoids the trapping of level-set
functions at local minima7,8 and provides a set of
initial clusters of segments with distinctive
MBPs. To ensure that these are the most compact
clusters, the algorithm subsequently uses UC
(using the agglomerative hierarchical k-means
method9,10) to determine the final set of clusters
of segments that are most compact and have dis-
tinctive MBPs.6

This algorithm was applied to 8 mastectomy
specimens provided by the collaborating breast
surgeon, pathologist, and radiologist at the Los
Angeles County and University of Southern
California Medical Center. We received approval
from the Institutional Review Board to conduct
this pilot study with “redundant” tissue (tumor or
normal tissue that is not required for a full diag-
nostic workup). Once identified, prospective
patients were approached preoperatively to
solicit informed consent for use of the redundant
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tissue. After the mastectomy, the excised tissue
was sent to the pathology laboratory for exami-
nation and diagnosis to allow planning of the
patient’s care. If the collaborating pathologist
determined that leftover tissue was available, it
was used for this work. The study protocol com-
prised the following 4 procedures: 

Preparation of Breast Specimens
The 6 faces of the excised breast tissue sample
(maximum size, 2 × 2 × 2 cm) were inked differ-
entially to mark the 6 orientations of the speci-
men (ie, orange/yellow for lateral/medial,
blue/green for superior/inferior, and black/red
for posterior/anterior). Figure 1A shows an
example of an inked specimen used for this
study. The orange and green sides of the tissue
were used as the landmarks for keeping a consis-
tent orientation of all specimens inside the agar
holders, where the lateral and inferior portions of
the specimen faced toward the left and bottom
sides of the agar holder, respectively.

As shown in Figure 1B, the specimen was
placed, according to the aforementioned orien-
tation rule, inside a hole that was opened in the
center of the agar holder (with diameter a little
greater than that of the specimen so that move-
ment was not possible inside the holder) and
was capped after 3% saline was poured inside
the hole to moisten the specimen during HUTT
imaging. Figure 1C shows the agar holder with
the specimen inside the water tank of the current
HUTT system. The bottom side of the specimen
holder was placed to face toward the receiver
transducer so that the left/bottom portion of the
reconstructed image corresponded to the later-
al/inferior portion of the specimen. This infor-
mation was necessary to determine the 3
translations and 3 rotations that were required
for the subsequent image registration process. 

High-Resolution Ultrasonic Transmission
Tomography and Its Multiband Imaging
The scanning configuration of the current HUTT
system is similar to parallel-beam computed
tomography, using azimuthal, angular, and verti-
cal scans by translational and rotational move-
ments of a pair of transmitting and receiving
transducer elements, where each element has
submillimeter dimensions (ie, 0.4 × 0.4 mm for
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Figure 1. Preparation of breast specimen. A, Surface orienta-
tion. B, Positioning of the specimen inside the agar holder. 
C, Orientation of the agar holder inside the HUTT scanner.
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the 8-MHz transducers and 0.8 × 0.8 mm for the
4-MHz transducers used in this study). A water
bath was used to acoustically couple the transmit-
ted acoustic pulse with the scanned specimen and
the forward-scattered pulse with the receiver. The
tomographic scan for this study had an azimuthal
step of 0.4 mm for the 8-MHz transducers (used to
scan 4 specimens) and 0.4 mm for the 4-MHz
transducers (used to scan the other 4 specimens).
The scans for both pairs of transducers used a ver-
tical elevation step of 1 mm and an angular step of
1.5 degrees over a total of 180°. A computer-con-
trolled pulser was used to excite the transmitting
transducer, operating either at an 8 or 4 MHz cen-
ter frequency (depending on the transducer pair
used), which had sufficient bandwidth to cover
the frequency range from 2 to 10 MHz. From the
received signals at each azimuth, angle, and ele-
vation, the first-arrival pulse (referred to as the
“snippet”) was extracted and processed through
discrete Fourier transform to obtain the frequen-
cy-dependent attenuation values for the specific
“ray path” through the specimen. The discrete
Fourier transform magnitudes of the snippets
(normalized by the respective values of the water-
through snippets) represent the relative attenua-
tion values that form the tomographic sinograms
for each frequency band in the range from 2 to 10
MHz (in 1-MHz band intervals). Application of
the inverse radon transform (implemented
through the established filtered back-projection
algorithm4–6) on each band sinogram yields the
tomographic image at the respective frequency
band. Thus, for each physical slice of the speci-
men, taken every 1 mm in elevation, we obtained
9 multiband images (1 for each 1-MHz frequency
band from 2–10 MHz).

As an illustrative example, Figure 2 shows 4 typ-
ical multiband images (in the 3 customary cross-
sectional views: coronal, sagittal, and axial) of
mastectomy tissue scanned with the 8-MHz
transducer pair that correspond to the frequency
bands of 4 (Figure 2A), 6 (Figure 2B), 8 (Figure
2C), and 10 (Figure 2D) MHz. The crosshairs indi-
cate the sectional plane for the respective view.
As expected, the larger structural features of the
specimen are more evident at the low-frequency
bands, whereas the finer features are more visible
at the higher-frequency bands. 

Tissue Differentiation Algorithm for HUTT
Multiband Images
Our tissue differentiation algorithm extends and
combines 2 existing approaches: the L-level set
AC segmentation method and the agglomerative
hierarchical k-means approach for UC. The AC
method determines algorithmically 2L piece-
wise-constant clusters of segments, where a sin-
gle segment is defined as a group of connected
pixels with homogeneous MBPs demarcated by
a compact and simply connected contour. To
prevent the trapping of the iterative minimiza-
tion AC algorithm in a local minimum (ie, weak
edges in the multiband images), we introduced a
multiresolution approach that applies the level
set functions at successively increasing resolu-
tions of the image data.

To ensure that the clusters defined by the con-
tours of the multiresolution AC method are the
best possible, the resulting AC clusters are subse-
quently rearranged by the UC algorithm that
seeks the most compact set of clusters yielding
the minimum within-cluster distance in the
MBP feature space. The within-cluster distance
of a given cluster is measured by the summation
of Euclidean distances between entire MBPs of
that cluster and their average. The Euclidean
distance is the “ordinary” distance based on
the Pythagorean theorem.9 For example, the
Euclidean distance between two 3D points, A(x1,
y1, z1) and B(x2, y2, z2), is the distance formula:
{(x2 – x1)2 + (y2 – y1)2 + (z2 – z1)2}(1/2). In this study,
we calculated the Euclidean distance, d between
2 N-dimensional MBPs, I and J, using the follow-
ing equation:

(1)

To find the best configuration of multiple AC
clusters in the sense of cluster compactness, a
merging process of neighboring clusters is
repeated until only 1 cluster is left.6 Then the
clusters showing a minimal total within-cluster
distance are assumed to be the final clusters of
the AC-UC method.

For example, if we assume that there exist up to
8 types of tissue in a given set of HUTT multi-
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band images I(x, y, z, fi), where i = 1, 2, . . .; N is the
index of the N-frequency bands used for tissue
differentiation, then we can use a 3-level set in
the AC method that yields 8 initial clusters {A1, A2,
. . ., A8}. The vector of the N-frequency–depen-
dent attenuation values for each pixel consti-
tutes the MBP of the pixel, which represents its
characteristic “signature” used for its classifica-
tion. The Euclidean distances among the MBP
vectors within each cluster Ak are minimized by
the iterative procedures described above. The 8
clusters resulting from the AC method are used
as the initial clusters for the subsequent applica-
tion of the UC method that yields the most com-
pact set of “optimal” clusters {Ã1, Ã2, . . ., ÃK} (K ≤ 8)

in the sense of minimal intracluster and maximal
intercluster distances (via the agglomerative
hierarchical k-means clustering procedure).

Figure 3A shows an illustrative example of 7
optimal clusters {Ã1, Ã2, . . ., Ã7} resulting from the
application of the UC method on the multiband
images shown in Figure 2, A–D. The averaged
MBPs of the 7 optimal clusters are shown in the
color plots of Figure 3B. It is evident that each
cluster consists of several segments (disjoint tis-
sue compartments) that are clearly separated in
all cross-sectional views. A segment Sp is defined
as a group of connected voxels that belong to the
same cluster (ie, tissue type) and satisfy 18 neigh-
borhood connectivity tests in 3D space.6
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Figure 2. Multiband images of breast specimen obtained from HUTT data that were collected with a pair of 8-MHz transducers and
corresponding to 1-MHz frequency bands centered at 4 MHz (A), 6 MHz (B), 8 MHz (C), and 10 MHz (D). Three cross-sectional views
of the 3D volume are shown for each band: sagittal (y-z axis, top left), coronal (x-z axis, top right), and axial (x-y axis, bottom left).
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The characteristic MBP of each segment Sp is
denoted by Op and computed as the average
MBP of the voxels in the central core of Sp,
defined after exclusion of the 1-pixel boundary of
the segment. Each segment is classified by com-
paring its computed MBP with the “template
MBPs” {Tj} of the possible classes (3 different
classes in this study, representing invasive carci-
noma, normal tissue, and benign changes). The
membership of Sp, M(Sp), is decided by the mini-
mum Euclidean distance between its Op and one
of the Tj values:

(2) M (Sp) = min
j

(dpj) j = 1,2,3,

where dpj denotes the Euclidian distance, defined
in Equation 1, between 2 MBPs, Op and Tj.

To evaluate the accuracy of this segment-wise
classification, the membership M(Sp) of each
segment is compared with the ground truth pro-
vided by the pathology report, as described in
following section. 

Pathology Report and Ground Truth of Tissue
Differentiation
On completion of the HUTT scan, the specimen
was fixed with formalin within the agar holder to
minimize geometrical deformations. The patho-
logic procedure involved the following steps for
each specimen: (1) the fixed specimen was serial-
ly sectioned into 2-mm-thick slices and embed-

ded in paraffin; (2) with the microtome, each block
was resectioned into thin slide sections 0.2 mm
apart; (3) with hematoxylin-eosin, the tissue slides
were stained to highlight the cells and stroma in
benign and malignant tissues; (4) the pathologist
examined the stained slides via a microscope
and marked the orientations of the 4 outer
boundaries for the purpose of proper alignment
of neighboring slides (orange/yellow for later-
al/medial, blue/green for superior/inferior, and
black/orange for anterior/posterior); (5) the
pathologist identified via a microscope and inked
the regions of 2 diagnostic types of tissue on the
surface of the slide with different colors (ie,
black/light blue for invasive carcinoma/necrotic
carcinoma and purple for benign changes; pink
eosin stained is the normal tissue); and (6) 2 types
of digital images were taken from the marked slide
(low-resolution images with marked regions using
a conventional digital camera and high-resolution
images without demarcations using an Eclipse
E-600 microscope system (Nikon Instruments,
Inc, Melville, NY) with a Spot 2 camera (1000 ×
1000 air-cooled charge-coupled device array;
Diagnostic Instruments, Inc, Sterling Heights, MI).
The low-resolution images were used to identify
the approximate regions of the 3 tissue types on
the slides and stack them properly in elevation to
generate the 3D ground truth image. The high-
resolution images were used to confirm signifi-
cant lesions in the stained slides.
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Figure 3. Results of tissue classification (color-coded segments of the optimal clusters) and the average MBPs of the various tissue
classes resulting from the AC-UC method. A, Cross-sectional views of the 7 optimal clusters obtained from the AC-UC algorithm. 
B, Average MBPs of the 7 optimal clusters (correspondingly color coded). These 7 clusters represent various grades of the 3 tissue
types in the mastectomy specimens. 
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Figure 4A shows an illustrative example of a
low-resolution image obtained from the
stained slide, where tissue orientations and 3
different regions of interest are marked as
described above. A high-resolution image is
shown in Figure 4B, where the malignant tissue
(increased density and enlarged nuclei), the
benign changes, and the normal tissue (includ-
ing parenchyma and fatty tissue) are visible
inside the blue, green, and red contours,
respectively. Low-resolution images of succes-
sive slides obtained from the anterior to poste-
rior sides of the specimen are shown in Figure

4C, where every pair of neighboring slides was
registered manually by aligning their vertices of
4 boundaries to virtual lines. In these aligned
images, 3 regions were masked and stacked to
form the 3D ground truth image shown in
Figure 4D, where blue, green, and red represent
the voxels belonging to benign changes, nor-
mal tissue, and invasive carcinoma in Figure
4C, respectively. Finally, a multimodal registra-
tion method using mutual information as a
cost function11 was applied to correct a possi-
ble geometric mismatch between the 2 sets of
images.
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Figure 4. Pathologic process to construct the reference standard image of each slice of the specimen. A, Low-resolution image of
marked tissue slides (black/light blue, purple, and pink designate the regions of invasive carcinoma, benign changes, and normal
parenchyma, respectively, and 4 different colors on the boundary are used to indicate the orientation of a sectional slide within the
whole specimen). B, High-resolution microscopic image (blue, green, and red contours indicate exact locations of invasive carcinoma,
benign changes, and normal parenchyma in A). C, Set of aligned marked tissue slides used to construct the ground truth. D, Three-
dimensional stack of the ground truth images obtained from C. Blue, green, and red are used to denote the locations of benign
changes (purple in C), normal parenchyma (pink/white in C), and invasive carcinoma (black/blue in C). 
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From these 2 coregistered sets of images, we
determine whether the membership of each
segment (classification outcome) was correct
(true-positive [TP]) or incorrect (FP). The other
classification outcomes of true- and false-
negative can also be determined from these 2
sets of images. The performance of the classifica-
tion method was finally assessed by computing
the commonly used parameters of sensitivity,
specificity, and accuracy.12

Algorithm Validation 

To validate the efficacy of the proposed tissue dif-
ferentiation algorithm, we used two 3% agar
cylindrical phantoms containing 2 different ani-
mal tissues: subcutaneous porcine fat and
bovine liver parenchyma, which were inserted
artificially in the agar phantoms as “calibration
test objects.” Phantom I had 2 pieces of liver tis-
sue and 1 piece of fat tissue, and phantom II had
2 pieces of fat tissue and 1 piece of liver tissue.
Figure 5A shows the ground truth images of both
phantoms acquired from the optical images
properly coregistered with the HUTT fused
image.

We repeated the analysis described in the previ-
ous section for both agar phantoms. The result-
ing segments of the inserted tissues, Sp, are
shown in Figure 5, B and C. In both phantoms,
about 90% of fat tissue and 92% of liver tissue
were correctly segmented by the proposed
method. The clear separation of the “halo” seg-
ments from the tissue segments reduced mis-
classification along the transition pixels of the
tissue boundaries, resulting in higher TP and
lower FP rates than those obtained from the pre-
vious spectral target detection method.5
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Figure 5. Differentiation of 3 different tissues in agar using the
segment-wise classification. A, Ground truth image of agar
phantom I (left) with 2 pieces of beef liver and a single piece of
pig fat and phantom II (right) with 2 pieces of pig fat and a sin-
gle piece of beef liver. B, Individual segments of interest in phan-
tom I: fat, liver 1, liver 2, and halo, from top left to bottom right,
respectively, corresponding to TP (FP) of 0.91 (0.08) for fat and
TP (FP) of 0.93 (0.04) for liver. C, Individual segments of interest
in phantom II: liver, fat 1, fat 2, and halo, from top left to bot-
tom right, respectively, corresponding to TP (FP) of 0.89 (0.06) for
fat and TP (FP) of 0.91 (0.06) for liver. Note that each image of B
and C consists of 3 different cross-sectional views of a 3D vol-
ume: sagittal (y-z axis, top left), coronal (x-z axis, top right), and
axial (x-y axis, bottom left).

J Ultrasound Med 2008; 27:435–451



Results 

This study reports the tissue classification results
obtained through our novel analysis from 108
HUTT multiband images (mastectomy slices)
from 8 specimens scanned with 2 types of trans-
ducers (4 scanned with a 4-MHz transducer pair
and the other 4 with an 8-MHz transducer pair),
comprising a total of 212 segments for which
ground truth was provided by pathology reports.

Two types of studies were performed: intraspec-
imen studies, in which the classification of the
segments of each specimen was based on the
MBP templates obtained from the same speci-
men, and inter-specimen studies, in which the
classification of the segments of 2 specimens 

(1 for each type of transducer pair) was based on
the MBP templates obtained from the other 6
specimens (3 for each type of transducer pair).
The performance evaluation was performed for
3-way (malignant, benign changes, and normal
tissue) and 2-way (malignant versus nonmalig-
nant) classifications, in which the nonmalignant
class included benign changes and normal tissue.

We begin with an illustrative example from the
intraspecimen study of HUTT-02, scanned with
the 8-MHz transducer pair, which comprised 12
slices and 18 distinct segments. Figure 6 shows
the resulting segment classification for an illus-
trative slice in juxtaposition to the reference
standard from the respective pathology report
(Figure 6, A and B) and the template MBPs of the
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Figure 6. Classification results from the intraspecimen study of
1 specimen (HUTT-02) scanned with the 8-MHz transducer pair.
A, Resulting segments in the 12 slices of HUTT-02 for 3-way
classification (red indicates invasive carcinoma; blue, benign
changes; and green, normal tissue). B, Corresponding ground
truth data from the pathology report. C, Resulting template
MBPs for the 3 classes.
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3 tissue types for HUTT-02 (Figure 6C). It is evi-
dent that the 3 tissue types have distinctive
MBPs, with the relative attenuation values
being generally lowest for the malignant tissue
and highest for the benign changes. Note that
the segment-wise misclassifications are only
between normal tissue and benign changes in
this case (ie, the 2-way malignant/nonmalignant
classification is perfect in this case). The comput-
ed performance indices for the 3-way classifica-
tion in HUTT-02 were sensitivity of 90.3% [80%
(4/[4 + 1]) for normal, 90.9% (10/[10 + 1]) for
benign changes, and 100% (2/[2 + 0]) for invasive
carcinoma], specificity of 92.7% [92.3% (12/[12 +
1]) for normal, 85.7% (6/[6 + 1]) for benign
changes, and 100% (16/[16 + 0]) for invasive car-
cinoma], and accuracy of 92.6% [88.9% ([4 +
12]/[4 + 1 + 12 + 1]) for normal, 88.9% ([10 + 6]/[10
+ 1 + 6 + 1]) for benign changes, and 100% ([2 +
16]/[2 + 0 + 16 + 0]) for invasive carcinoma]. The
computed average performance indices over all 4
specimens scanned with the 8-MHz transducer
pair are given in Table 1 for the intraspecimen
study. Note that the total number of segments in
these 4 specimens is 90 (from 59 slices), and 2 of
these specimens have only 2 types of tissue: inva-
sive carcinoma and normal tissue.

The results of the classification in the interspec-
imen study (applied to HUTT-02 using the tem-
plate MBPs computed as the averages from the
other 3 specimens) are shown in Figure 7 for the
same slices of HUTT-02 shown in Figure 6, along
with the respective template MBPs. The comput-
ed average performance indices for the inter-

specimen study are given in Table 2 for 3- and 
2-way classifications. These results are rather
promising, especially in light of the inevitable
deformation of tissue during the pathologic pro-
cedure, which is expected to lead to some coreg-
istration errors of the HUTT images to the
reference standard diagnostic markings on the
slides (eg, see the irregular boundary and empty
cells in the ground truth images).

In the case of the data obtained with the 4-MHz
transducer pair, the intraspecimen classification
results are illustrated in Figure 8, along with the
resulting template MBPs, for one of those speci-
mens (HUTT-04), and they exhibit similar, albeit
slightly inferior performance relative to the previ-
ous case of the 8-MHz transducer data. The respec-
tive template MBPs exhibit similar general
characteristics as in the previous case (ie, the rela-
tive attenuation values are generally lowest for the
malignant tissue and highest for the benign
changes). However, some differences are observed
in the shape of the MBPs, which are apparently due
to the different bandwidth of the pulse used by the
2 different pairs of transducers (ie, the 8-MHz pair
generates more power at the higher frequencies).

The classification results and the associated
template MBPs of the interspecimen study are
illustrated in Figure 9. Similar observations hold
regarding general classification performance and
the characteristics of the template MBPs as in the
intraspecimen study. It is important to note that
the MBPs of the 3 tissue types extracted from var-
ious specimens exhibit similar patterns (ie, cor-
relation coefficients ≥ 0.76).
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Table 1. Average Performance Indices in the Intraspecimen Study (Total 90 Segments) Using an 8-MHz
Transducer Pair

Parameter 3-Way 2-Way

Sensitivity 83.8
Normal: 75.8 (25/[25+8]) 
Benign changes: 92.3 (36/[36+3]) 83.3 (15/[15+3])
Invasive carcinoma: 83.3 (15/[15+3]) 

Specificity 91.7 
Normal: 93.0 (53/[53+4]) 
Benign changes: 86.3 (44/[44+7]) 95.8 (69/[69+3])
Invasive carcinoma: 95.8 (69/[69+3])

Accuracy 89.6 
Normal: 86.7 ([25+53]/[25+4+53+8]) 
Benign changes: 88.9 ([36+44]/[36+7+44+3]) 93.3 ([15+69]/[15+3+69+3])
Invasive carcinoma: 93.3 ([15+69]/[15+3+69+3])

All values are percentages.
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Table 2. Average Performance Indices in the Interspecimen Study (Total 18 Segments) Using an 8-MHz
Transducer Pair

Parameter 3-Way 2-Way

Sensitivity 81.2 100 
Normal: 80.0 (4/[4+1]) (2/[2+0])
Benign changes: 63.6 (7/[7+4]) 
Invasive carcinoma: 100 (2/[2+0])

Specificity 87.7 
Normal: 69.2 (9/[9+4]) 93.8 
Benign changes: 100 (7/[7+0]) (15/[15+1])
Invasive carcinoma: 93.8 (15/[15+1])

Accuracy 81.5 
Normal: 72.2 ([4+9]/[4+4+9+1]) 94.4 
Benign changes: 77.8 ([7+7]/[7+0+7+4]) ([2+15]/[2+1+15+0])
Invasive carcinoma: 94.4 ([2+15]/[2+1+15+0])

All values are percentages.

A B

Figure 7. Classification results from the interspecimen study
applied to 1 specimen (HUTT-02), using template MBPs
obtained from 3 other specimens (see “Results”), scanned with
the 8-MHz transducer pair. A, Resulting segments in the 12
slices of HUTT-02 for 3-way classification (red indicates invasive
carcinoma; blue, benign changes; and green, normal tissue). 
B, Corresponding ground truth data from the pathology report.
C, Resulting template MBPs for the 3 classes.
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On the basis of the obtained MBPs, the results
of segment-wise classification over the 122 seg-
ments (from 49 slices) of the 4-MHz data yielded
the average performance indices that are given in
Tables 3 and 4 for the intraspecimen and inter-
specimen studies, respectively. Note that the
interspecimen study was limited to specimen
HUTT-04 (comprising 45 segments from 12
slices) using the average template MBPs from the
other 3 specimens. The relatively low sensitivity
in the 3-way classification of the interspecimen
study is due primarily to misclassifications
between benign changes and normal tissue. For
this reason, the sensitivity improves significantly
in the 2-way classification.

Discussion

Ever since ultrasound was introduced into medical
imaging, tissue characterization/differentiation
has been a major goal due to the rich information
that is generated by ultrasound in its interaction
with soft tissues. Because of its potential for
assisting clinical diagnosis, there have been
extensive efforts12–18 to develop computerized
methods for automatic differentiation of benign
from malignant lesions in the hope of improved
cancer detection. These efforts have primarily
used the conventional echo mode of ultrasonic
systems (called B-scan), which uses backscat-
tered information to provide a qualitative map-
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A B

Figure 8. Classification results from the intraspecimen study of
1 specimen (HUTT-04) scanned with the 4-MHz transducer pair.
A, Resulting segments in the 13 slices of HUTT-04 for 3-way
classification (red indicates invasive carcinoma; blue, benign
changes; and green, normal tissue). B, Corresponding ground
truth data from the pathology report. C, Resulting template
MBPs for the 3 classes. 
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ping of tissue borders and geometry based on
acoustic impedance differences (which cause
echoes). Because B-scan images are affected by
incoherent scattering from tissue microstruc-
tures, they contain frequency-dependent
information about small-scale structures (<1
wavelength) that are characteristic of the inves-
tigated tissues.

Early efforts for differentiation between benign
and malignant lesions in the human breast using
conventional B-scan imaging were made by
Golub et al,14 who reported that some parame-
ters extracted from the power spectrum of
backscattered echoes can achieve sensitivity of
86% and specificity of 84% in diagnosing breast
carcinoma in vivo. Chen et al15 used 7 morpho-

logic features accounting for the shape, contour,
and size of the lesions with multilayer artificial
neural networks to achieve good performance
over 271 lesions that was quantified by a 0.954 ±
0.005 area under the receiver operating charac-
teristic curve. Gefen et al16 presented 10 useful
features (8 features computed from the radio fre-
quency signals, the age of the patient, and the
radiologist’s prebiopsy assessment) to achieve a
performance that was quantified by a 0.96 ± 0.03
area under the receiver operating characteristic
curve.

Our approach is entirely different from these
previous studies using echo mode B-scans12–18

because it uses characteristic frequency-
dependent attenuation signatures (MBPs) of
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Figure 9. Classification results from the interspecimen study
applied to 1 specimen (HUTT-04), using template MBPs
obtained from 3 other specimens (see “Results”), scanned with
the 4-MHz transducer pair. A, Resulting segments in the 13
slices of HUTT-04 for 3-way classification (red indicates invasive
carcinoma; blue, benign changes; and green, normal tissue). 
B, Corresponding ground truth data from the pathology report.
C, Resulting template MBPs for the 3 classes.
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individual pixels that are obtained from multi-
band tomographic HUTT images in the trans-
mission mode. These MBPs comprise “relative
attenuation indices” at various frequency bands
obtained from broadband analysis of the received
first-arrival snippet and represent measures of
acoustic attenuation through each specific tissue
type at various frequency bands. The working
hypothesis is that these MBPs are distinctive for
each tissue diagnostic category and can be used
for reliable diagnostic differentiation.

The results of our initial study indicate that the
MBP of invasive carcinoma has much lower
attenuation than that of either normal parenchy-
ma or benign changes and increases more slow-
ly with increasing frequency, supporting the
hypothesis that it can be used to discriminate

invasive carcinoma from either normal tissue or
benign changes on the basis of the respective
MBPs in the frequency range from 2 to 10 MHz.
This finding agrees with the results of d’Astous
and Foster,17 who reported that normal tissue
had higher attenuation and backscatter coeffi-
cients than other types of infiltrating carcinomas.

The performance measures of the proposed
approach (ie, the indices of sensitivity, specificity,
and accuracy shown in Tables 1–4) are compa-
rable with those of previous work14–18 using 
B-mode scans. Nonetheless, the performance
measures reported in this study may not be
directly comparable with those of previous stud-
ies because the latter were typically executed via
inspection of echo signals or multiple image fea-
tures in small patches of the B-scan images.12,14–18
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Table 3. Average Performance Indices in the Intraspecimen Study (Total 122 Segments) Using a 4-MHz
Transducer Pair

Parameter 3-Way 2-Way

Sensitivity 76.5
Normal: 48.8 (20/[20+21]) 80.6
Benign changes: 100 (19/[19+0]) (50/[50+12])
Invasive carcinoma: 80.6 (50/[50+12])

Specificity 87.3
Normal: 91.4 (74/[74+7]) 90.0
Benign changes: 80.0 (83/[83+20]) (54/[54+6])
Invasive carcinoma: 90.0 (54/[54+6])

Accuracy 82.0
Normal: 77.0 ([20+74]/[20+7+74+21]) 85.2
Benign changes: 83.6 ([19+83]/[19+20+83+0]) ([50+54]/[50+6+54+12])
Invasive carcinoma: 85.2 ([50+54]/[50+6+54+12])

All values are percentages.

Table 4. Average Performance Indices in the Interspecimen Study (Total 45 Segments) Using a 4-MHz
Transducer Pair

Parameter 3-Way 2-Way

Sensitivity 66.4
Normal: 20.0 (2/[2+8]) 79.2
Benign changes: 100 (11/[11+0]) (19/[19+5])
Invasive carcinoma: 79.2 (19/[19+5])

Specificity 86.2
Normal: 88.6 (31/[31+4]) 90.5
Benign changes: 79.4 (27/[27+7]) (19/[19+2])
Invasive carcinoma: 90.5 (19/[19+2])

Accuracy 80.7
Normal: 73.3 ([2+31]/[2+4+31+8]) 84.4
Benign changes: 84.4 ([11+27]/[11+7+27+0]) ([19+19]/[19+2+19+5])
Invasive carcinoma: 84.4 ([19+19]/[19+2+19+5])

All values are percentages.



On the other hand, the evaluation of the tissue
differentiation results in this study was based on
the reference standard provided by the patholog-
ic diagnoses and must be viewed with the
caveat of the huge difference in the thickness of
the tissue volume that each method probes.
Specifically, the pathologic slides are only a few
micrometers thick, but the “virtual slice” volume
probed and characterized by HUTT multiband
analysis is on the order of 1 mm (≈2 orders of
magnitude difference). There are also other rea-
sons that suggest caution in interpreting these
results (eg, the small number of specimens ana-
lyzed so far and the possible deformation of tis-
sue during the pathologic processing that
degrades subsequent coregistration of the 2 sets
of images).

To mitigate the likely “edge effects” along the
boundary of the individual segments, we exclud-
ed from the analysis the “border zone” of each
segment, which is defined as the 1-pixel-wide
outer boundary of each segment (provided that
the segment was at least 3 pixels wide in each
dimension; otherwise, the segment was disre-
garded).

The obtained performance measures for 2-way
classification can be averaged over the 2 sets of
experiments (4- and 8-MHz transducer pairs) to
yield the following rounded values of perfor-
mance indices: 82% (90%) sensitivity, 93% (92%)
specificity, and 89% (89%) accuracy in the

intraspecimen (interspecimen) studies. The
rounded average indices for 3-way classification
are 80% (74%) sensitivity, 90% (87%) specificity,
and 86% (81%) accuracy. These results show the
potential utility of the proposed approach in the
context of sonographic mammography that is
based on the fact that distinctive MBPs were
observed over the frequency range from 2 to 10
MHz (and subranges within) for these 3 diag-
noses in mastectomy tissue. This utility may be
leveraged by the potential high-resolution 3D
imaging capability of HUTT for early detection of
breast cancer.

One of the issues that remain unexplored is the
effect of segment geometry and size on the
obtained classification result. It is expected that
larger segments will yield more reliable MBPs
and allow higher sensitivity, specificity, and
accuracy of classification. For example, Figures
10 and 11 show illustrative examples of pixel-
wise classification where each segment Sp was
defined as a single pixel (belonging to individual
clusters), and its raw MBP was used as Op in
Equation 2 to determine the membership of Sp.
The performance measures obtained from this
pixel-wise classification method were approxi-
mately 15% to 20% lower than those of the previ-
ous segment-wise classification; namely, 66%
(57%) sensitivity, 70% (68%) specificity, and 69%
(60%) accuracy in the intraspecimen (interspec-
imen) studies, although the pixel-wise classifica-
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Figure 10. Differentiation of benign changes, normal tissue, and invasive carcinoma using pixel-wise classification. A, Diagnostic map
(ground truth) from pathologic review of breast tissue slides. B, High-resolution ultrasonic transmission tomographic classification.
Note that green, red, and blue represent the voxels of benign, normal, and invasive carcinoma, respectively.
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tion may produce a core of consistent results
in terms of detection of benign or malignant
lesions. Nonetheless the performance of pixel-
wise classification is likely to be affected by the
expected variation of MBP measurements at sin-
gle pixels. On the other hand, the segment-wise
classification is expected to be more robust
because the average MBP will be less variable
than the MBPs of individual pixels (in addition to
the aforementioned exclusion of the border
zones that further reduces variability). It is also
expected that the overall geometry/anatomy of
the segment will affect its average MBP to some
extent but not as drastically as to lead to serious
deterioration of the classification performance.
This issue will be explored in the near future.

If the reliability and consistency of these perfor-
mance indices become confirmed in broader
future studies, then this approach may have con-
siderable clinical utility. For instance, segment-
wise sensitivity of 88% (the interspecimen
average of 2-way classification in this study) in
the detection of a malignancy implies that the
probability of failing to detect at least 1 of 2
malignant segments (of a minimum size of a
couple of millimeters) in a specimen or patient is
less than 2%. Likewise, the probability of falsely
detecting a malignancy in 2 segments of a speci-
men or patient is less than 1% (ie, for specificity
>90%). Note that in an actual clinical setting,
there will be many segments in general, even if

there is only 1 lesion, because the segments are
defined on 2D slices of the 3D lesion and, there-
fore, are likely to appear on multiple slices when
the lesion exceeds a minimum 3D size on the
order of a few millimeters.

The initial results presented offer the promise
of a general new approach for reliable tissue
differentiation using ultrasonic transmission
tomography in various clinical applications,
although much additional work is needed to val-
idate the efficacy of this approach with larger sets
of samples and to show its potential utility in
vivo. In future work, additional tissue types will
be examined, including lesions of primary clini-
cal interest ex vivo and in vivo. 
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