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Abstract. In this article, we describe a system for detecting domi-
nant prostate tumors, based on a combination of features extracted
from a novel multi-parametric quantitative ultrasound elastography
technique. The performance of the system was validated on a data-set
acquired from n = 10 patients undergoing radical prostatectomy. Multi-
frequency steady-state mechanical excitations were applied to each pa-
tient’s prostate through the perineum and prostate tissue displacements
were captured by a transrectal ultrasound system. 3D volumetric data
including absolute value of tissue elasticity, strain and frequency-response
were computed for each patient. Based on the combination of all
extracted features, a random forest classification algorithm was used
to separate cancerous regions from normal tissue, and to compute a
measure of cancer probability. Registered whole mount histopathology
images of the excised prostate gland were used as a ground truth of
cancer distribution for classifier training. An area under receiver operat-
ing characteristic curve of 0.82±0.01 was achieved in a leave-one-patient-
out cross validation. Our results show the potential of multi-parametric
quantitative elastography for prostate cancer detection for the first time
in a clinical setting, and justify further studies to establish whether the
approach can have clinical use.

1 Introduction

Prostate cancer is the most commonly diagnosed cancer among North Ameri-
can men. Even though trans-rectal ultrasound (TRUS) is used to guide prostate
interventions because it can image the prostate, standard TRUS imaging is in-
capable of making a reliable differentiation between malignant and benign tissue
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in the gland. Hence, its use is essentially limited to gland volume measurement
and procedure guidance. An ideal imaging technique should accurately locate
cancer foci in order to guide biopsies and focal therapy.

The use of tissue elasticity as a contrast mechanism to detect prostate tumors
has been suggested in many previous studies, in the area of elastography imag-
ing [1–4]. However, most clinical ultrasound elastography systems are based on
a quasi-static tissue excitation, with major drawbacks such as dependency on
operator skill and lack of reproducibility [5]. Hence, an absolute, quantitative
elastography technique is highly desirable. Furthermore, the majority of tested
real-time elastography systems are shown to have a high rate of false-positives
[2, 6]. One major reason for this poor detection performance is hypothesized to
be the fact that the current clinical elastography systems are only capable of
producing an image that visualizes a single tissue physical parameter, such as
stiffness or compliance, while cancerous tissues are complex and non-uniform
and cannot be characterized using only one parameter.

Multi-parametric imaging is an emerging technology that combines informa-
tion from different techniques, to improve detection rates beyond what can be
achieved using any single imaging method. Brock et al. assessed a combina-
tion approach of ultrasound elastography and contrast enhanced ultrasound and
showed that the multi-parametric approach decreased the false-positive value
of real-time elastography alone from 34.9% to 10.3% [6]. Vibro-elastography -
the multi-frequency tissue response over a wide excitation bandwidth [1, 7], as
well as tissue nonlinear response as a function of applied displacements [3], are
also shown to contain additional information that may increase the accuracy of
cancer detection based on elastography.

In this article, in vivo 3D volumetric data acquired from multi-frequency
quantitative vibro-elastography imaging is analyzed. This is the first report of
such clinical data. We propose a novel set of features that combine the B-mode,
strain, absolute elasticity, along with the frequency-dependent parameters that
reveal tissue relaxation time and visco-elastic properties. A supervised classifica-
tion framework is constructed and used to combine the multi-parametric features
to separate cancerous and normal tissue and compute a cancer probability map.

2 Methods

Absolute Vibro-Elastography: A multi-frequency steady-state mechanical
excitation is applied externally to generate tissue motion. A sequence of nf

frames of RF-data is acquired for each plane in an imaging volume by the ultra-
sound machine, and processed using a speckle tracking algorithm [8] to create a
series of displacements per pixel as a function of time. With a linearity assump-
tion, motion at each pixel has the same temporal frequency content as the input
excitation, and therefore the tissue response can be described using complex
exponentials (phasor: pi = Aiexp(jφi)) at each pixel for each frequency fi. A
single phasor displacement image is generated from nf frames for each plane at
each frequency and any traveling wave inside the tissue could be revealed from
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this image at each plane. Tissue strain could also be computed from this phasor
image. The waves seen in phasor displacement images are only 2D projections
of the actual traveling waves created by the steady state external excitations.
Therefore, 2D phasor images are computed for a series of ne planes creating
a 3D volume. The Local Frequency Estimation (LFE) inversion algorithm [9]
was used here for elasticity computation. This process is repeated for an entire
volume producing NE elastograms from Np planes (NE = Np − ne + 1).

System Implementation for Prostate Imaging: The main components of
our prostate imaging system are depicted in Figure 1. A BK ultrasound machine
(BK Medical, Herlev, Denmark) with a 8848 4-12 MHz biplane transducer was
used for imaging the prostate and tissue displacement measurements. Raw In-
phase Quadrature (IQ) data was captured at 42.66 Hz sampling rate and saved
into an external PC through a DALSA Xcelera-CL PX4 Full frame grabber card
(Teledyne DALSA, Waterloo, ON). A previously designed TRUS robot [10] was
used to automatically control the rotation angle of the TRUS transducer and
save location information of each image.

To ensure good wave penetration into the prostate in a noninvasive manner,
we used transperineal excitation similar to the approach used in Magnetic Reso-
nance elastography (MRE) [11]. An electromagnetic exciter in combination with
an Agilent U2761A function generator (Agilent Technologies, Santa Clara, CA)
was used to generate desired excitation frequencies. The excitation frequencies
used for tissue motion generation in this study varied between 58 Hz to 180 Hz.
Since we did not have external access to the image acquisition parameters of

Fig. 1. Main components of the quantitative elastography imaging system with
transperineal excitations and the data acquisition system in the clinical setting
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the BK ultrasound machine, a band-pass sampling algorithm described in [12]
was used here for phase and amplitude reconstruction with sampling frequencies
that are lower than the excitation frequencies.

Patient Data Collection: Ten patients with clinically organ-confined prostate
cancer (median patient age: 61 years, range: 52-70 and median baseline PSA: 6.4
ng/ml, range: 4.6-36.4) undergoing robotic radical prostatectomy at our institu-
tion agreed to participate in this study. For each patient, four to six volumes of
multi-parametric data including time displacements, phasor displacement and
elasticity data were acquired, for a variety of excitation frequencies. One of the
acquired volumes for all patients was at an excitation frequency of 75 Hz and
single frequency features were extracted from it. Data from other frequencies
were used to compute frequency dependent parameters.

Whole-mount histopathology images of the excised prostate were used as
ground truth for cancer detection validation. Each pathology slice was processed
by a pathologist who marked the gland boundary, cancer regions and prostate
anatomical zone boundaries. Approximately 75% of the cancer occurs in the pe-
ripheral zone (PZ). This zone was also segmented on the histopathology slides.
Figure 2(a) shows an example pathology slide, and its corresponding acquired
B-mode and absolute elastography image from one patient.

2.1 Data Analysis

Feature Extraction: To define regions of interests (ROI) for the classifier
data, the acquired images were registered to the pathology images. A slice-to-
surface, particle-filter-based registration technique [13] was used to register the

Histopathology slice Bmode TRUS image Absolute elasticity image 

(a)

    

(b)

Fig. 2. (a) Example pathology images, and their corresponding reconstructed B-Mode
and absolute elastography, (b) example slices of four types of volumetric images avail-
able for feature extraction: B-mode (Bi), displacement phasor magnitude (Ai) and
phase (φi), and absolute elasticity (Ei). (fi = 75Hz)
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Table 1. Table of features

Data type Featues per ROI Index Meaning

Bi μB σB MaxB MinB MedB KurtB SkewB 1-7 Brightness

Ei μE σE MaxE MinE MedE KurtE SkewE 8-14 Stiffness

Ai μA σA MaxA MinA MedA KurtA SkewA 15-21
Strain

φi μφ σφ Maxφ Minφ Medφ Kurtφ Skewφ 22-28

Frequency-response
mφ 29 Relaxation-time
mE 30 Viscosity

stack of equispaced 2D pathology contours to the 3D surface extracted from the
volumetric ultrasound images.

For each plane in each volume, four types of images are available for feature ex-
traction: B-mode (Bi), displacement phasor magnitude (Ai) and phase (φi), and
absolute elasticity (Ei). To identify ROIs, regions of interest were specified for
both Class 1 (malignant cancer) and Class 0 (benign lesion) using the pathology
markings which were registered to ultrasound data. A feature vector was created
for each ROI corresponding to a whole tumor or a non-cancerous area. For each
of the four data types (Bi, Ai, φi, Ei), seven statistical parameters of the pixel
intensities within the ROI were calculated and used as features. These included
the mean, standard deviation, maximum, minimum, median, kurtosis and skew-
ness. Before extracting the features, histogram normalization was performed on
the data across the data-set to map the intensities to the same dynamic rage for
all cases. A feature vector with n = 28 components (described in Table 1) was
created per ROI, all calculated from images with excitation at 75 Hz.

In order to leverage the multi-frequency data for each patient, two frequency
dependent features were computed for each ROI and added to the feature vector.
The displacement phasor phase (φi) and elasticity (Ei) frequency-response were
analyzed for the range of frequencies available for each patient.

Assuming linearity, the tissue displacement transfer function could be formu-

lated as: G(jω) ∼= X(jω)
U(jω) = 1

1+Tjω , where X(jω) is the displacement measured at

each pixel, U(jω) is the input displacement from external excitation, and T is a
time-constant. The phase of this transfer function is � G(jω)=arctan(Tω), which
is the same as the computed phasor phase φi at each frequency. Hence, the slope
of a line fitted to the φi frequency-response will be T , an estimate of the tissue
relaxation time. Such analysis was performed for each ROI in our data-set, and
the slope of a line fitted to the φi frequency response was computed (mφ) and
added to the feature vector.

Tissue visco-elastic properties are reported to vary with the input excitation
frequency [1] and the rate of such variations may yield more information about
tissue characteristics. The frequency response of Ei was computed for each ROI
and the slope of a line fitted to the curve (mE), rate of change of elasticity with
frequency, was included as another feature for each ROI. Using the combination
of all described features, we incorporated the texture and intensity features from
one common frequency and also used the multi-frequency content of the data.
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Classification: Binary classification between malignant and benign lesions was
performed using random forests [14] with bootstrapping of features and Gini In-
dex. The following forest parameters were optimized using a grid-search method
with a leave-one-patient-out cross-validation: (i) number of estimators/trees (Ne),
(ii) maximum number of features considered when finding the best binary split
(Maxnf ), (iii) maximum depth of the tree (Maxnt).

To perform classifications consistent with the tissue types in the prostate
gland, features were extracted twice: (i) only from the peripheral zone (PZ)
of the prostate, (ii) from the whole gland (WG), since different regions in the
prostate have inherently different elastic properties [15].

In order to demonstrate the performance of each group of features, four clas-
sification experiments with different feature vectors were performed: (i) multi-
parametric and multi-frequency experiment (n = 30, feature index: 1-30 in Ta-
ble 1), (ii) multi-parametric single-frequency experiment (n = 28, feature index:
1-28), (iii) multi-parametric and multi-frequency experiment without B-Mode
features (n = 23, feature index: 8-30), (iv) single-frequency single-parametric
experiment (n = 7, feature index: 8-14).

3 Results

The classification results in terms of sensitivity, specificity, accuracy and area
under the ROC curve (AUC) for each experiments are presented in Table 2. In
plotting the receiver operating characteristic (ROC) curve, a value of probabil-
ity=0.5 was used as the cutoff between classes.

Comparison of Results in Each Prostate Region: For each of the exper-
iments with different feature groups, the classification algorithms were tested
once on ROIs extracted from the PZ, and once on ROIs from the WG. Results
suggest that limiting the analysis to the PZ would consistently lead to better
results in terms of AUC, specificity and accuracy (AUC changes from 0.79±0.01
to 0.82± 0.01 in experiment (i)).

Comparison of Results for Different Feature Groups: Comparing the re-
sults of the multi-frequency multi-parametric experiment with single-frequency
single-parameter elasticity imaging shows ≈ 10% improvement in AUC and
specificity in the PZ. Single-frequency single-parameter experiments represent
the traditional single parameter elasticity imaging. Comparison between the re-
sults of experiment (i) and (ii) shows 4% improvement in an AUC and 7% im-
provement in the specificity in the PZ, when multi-frequency features are added
to the feature vector. Without using features from B-Mode, the multi-frequency
multi-parametric elasticity imaging could yield an AUC of 0.77 (compare the
results of experiments (i), (iii)).
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Table 2. Classification results. n: number of features, f-index: feature index, Zone:
prostate region features extracted from, NROI : number of ROIs extracted, Param.: [Ne,
Maxnf , Maxnt] for random forest, AUC: area under ROC curve. Results corresponding
to PZ are colored in gray for easier comparison.

Random forest classification results

Ex n f-index Zone NROI Param. Accuracy Sensitivity Specificity AUC

i 30
1-30

PZ 164 [19, 19, 2] 0.72±0.01 0.61±0.02 0.82±0.04 0.82±0.01
WG 231 [18, 14, 2] 0.67±0.01 0.63±0.03 0.74±0.02 0.79±0.01

ii 28
1-28

PZ 164 [17, 18, 2] 0.69±0.02 0.62±0.02 0.75±0.03 0.78±0.01
WG 231 [17, 19, 2] 0.66±0.01 0.61±0.03 0.72±0.02 0.77±0.01

iii 23
8-30

PZ 164 [16, 17, 2] 0.65±0.02 0.61±0.02 0.72±0.03 0.77±0.01
WG 231 [13, 4, 7] 0.64±0.02 0.60±0.04 0.68±0.02 0.75±0.02

iv 7
8-14

PZ 164 [19, 2, 2] 0.64±0.01 0.63±0.01 0.69±0.01 0.73±0.02
WG 231 [18, 3, 2] 0.64±0.02 0.64±0.01 0.63±0.01 0.70±0.02

4 Discussions and Conclusions

Previous reports on the clinical application of elastography for prostate can-
cer detection all confirm its usefulness, but also agree on the fact that single
parametric elasticity imaging alone is not sufficiently accurate to enable guid-
ance for diagnosis and treatment. In the published clinical studies with whole
mount histopathology validation, Brock et al., reported an overall sensitivity
and specificity of 49% and 73.6% using shear-wave elastography [2]. Salomon
et al. reported sensitivity and specificity of 75.4% and 76.6%, using quasi-static
elastography [16]. We show that the combination of all features (experiment
(i)) provides sensitivity of 61% and specificity of 82% and has a more efficient
cancer detection performance than each method individually.

Nodular prostatic hyperplasia was observed inside the prostate transition zone
for 80% of the cases. It causes changes in the tissue mechanical properties and
could contribute to some of the false positive detections outside the PZ. Hence,
the elasticity reconstruction is expected to perform better in the PZ region,
leading to more accurate results.

Feature importance analysis from random forest classification shows that
Kurtφ, KurtA, KurtE have the highest importance rank in the classification
results. Kurtosis is a measure of “peakedness”of the distribution of the param-
eters in each ROI. Such results reveal that a dominant tumor typically has a
consistent intensity contrast with respect to the surrounding healthy tissue in
elasticity and displacement phasor images.

A multi-parametric cancer detection framework based on quantitative vibro-
elastography imaging was proposed in this paper. A unique set of features were
computed based on the acquired data from 10 patients in a feasibility clinical
study, and their detection performance was compared with traditional single pa-
rameter elastography. Promising detection results justify further clinical studies
to prove the clinical usability of the system.
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