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Abstract—Prostate cancer is the most common form of cancer
in men in western countries. The use of efficient focal therapies is
currently hampered by limitations in early prostate cancer detec-
tion. With limited success, several quantitative ultrasound perfu-
sion imaging methods have aimed at detection of microvascular
changes associated to cancer growth. Alternatively, we recently
introduced contrast ultrasound diffusion imaging, hypothesizing
that these complex microvascular changes are better reflected
by diffusion than by perfusion. In this paper we introduce the
analysis of spatial similarity as an indirect estimation of diffusion.
The passage of an intravenously injected contrast-agent bolus is
recorded by transrectal ultrasound imaging, thereby measuring
indicator dilution curves with a pixel resolution. The spatial
similarity among these curves, within a kernel determined by
the ultrasound scanner resolution, is estimated using coherence
analysis. The coherence images generated from four patients
were compared with histology data on a pixel basis. The results
show a receiver operating characteristic curve area of 0.91,
higher than that of any perfusion-related parameter. Although
a method optimization and an extensive validation are required,
these results confirm the promising value of contrast ultrasound
diffusion imaging for prostate cancer detection.

I. INTRODUCTION

Prostate cancer is the most common form of cancer in men

in the USA, accounting for 28% and 11% of all cancer diag-

noses and deaths, respectively [1]. Recently, various efficient

focal treatments have become available [2], but their use is

hampered by limitations in early prostate cancer detection.

Currently, prostate cancer diagnosis is based on one or more

systematic biopsy investigations, which are performed if the

suspect of prostate cancer is raised by noninvasive methods

such as the PSA blood test [3], [4]. A biopsy investigation

commonly involves taking 6 to 12 geometrically distributed

tissue samples from the prostate with a hollow needle [3].

In retrospective, only 24% of the patients undergoing biopsy

investigations are diagnosed with prostate cancer [4]. This is

mainly due to the limited specificity of noninvasive methods.

In addition, the lack of localization makes accurate biopsy

targeting not feasible.

As a result, new noninvasive methods are necessary to

improve early prostate cancer detection. In particular, imaging

methods may provide cancer localization to improve biopsy

targeting and focal treatment guidance. In this perspective, a
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key prognostic indicator for prostate cancer is angiogenesis,

i.e., the formation of a microvascular network that is charac-

terized by an increased microvessel density [5]. Angiogenesis

correlates to cancer aggressiveness and is required for cancer

to grow beyond 1 mm3 [5].

Several methods have aimed at detection of angiogene-

sis by quantitative transrectal ultrasound (TRUS) imaging

of tissue perfusion, i.e., blood flow per tissue volume [3].

These methods use ultrasound contrast agents (UCAs) to

detect microvascular flow [3], [6]. UCAs are dispersions

of gas microbubbles that backscatter acoustic energy when

invested by ultrasound waves [7]. High acoustic pressures

cause microbubble disruption. This effect, which distorts con-

ventional Doppler flow measurements [6], is exploited by

the destruction-replenishment technique [8], [9]. A different

technique uses low pressures for dynamic TRUS imaging after

an intravenous UCA bolus injection. However, only qualitative

results are reported [10], [11].

Up until now, despite improvements in biopsy targeting,

quantitative ultrasound perfusion imaging has not yet proven

sufficiently reliable to replace systematic biopsies [6], [9].

Apart from limitations in flow sensitivity, this may be due

to the complex and contradictory effects of angiogenesis on

perfusion [12]. At first glance, a higher number of microves-

sels would result in an increased perfusion, but this may be

counterbalanced by e.g. an increased interstitial pressure [12].

Recently, we introduced contrast ultrasound diffusion imag-

ing as an alternative to perfusion imaging [13]. In this context,

diffusion describes the intravascular UCA spreading by both

apparent diffusion and convective dispersion, due to multipath

trajectories [14]. In fact, we consider the microvascular archi-

tecture as a distributed network, in which flow can be modeled

as flow through porous media [15]. The structural charac-

teristics of such networks can be characterized by diffusion

[14]. Therefore, we hypothesize that angiogenesis-induced

microvascular changes are correlated with UCA diffusion.

In a previous preliminary study using the bolus injection

technique, we showed that a diffusion-related parameter dif-

ferentiated between cancerous and healthy tissue better than

perfusion-related parameters [13]. By modeling the UCA

transport by the convective-diffusion equation, we obtained a

formalization that enables the extraction of a local diffusion-

related parameter from indicator dilution curves (IDCs) that
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Fig. 1. Contrast-enhanced TRUS of the prostate, featuring the power
modulation (left) and fundamental (right) imaging modes.

can be measured at each pixel.

In this paper, we introduce a new method for an indirect

estimation of UCA diffusion, based on coherence analysis.

Rather than focusing on each IDC individually, this method

exploits the spatial effects of diffusion by considering the simi-

larity among spatially adjacent IDCs as an indirect measure for

diffusion. A coherence-based similarity analysis, independent

of IDC arrival times, is adopted for UCA diffusion imaging.

II. MATERIALS AND METHODS

A. Data acquisition and calibration

The data acquisition was performed at the AMC Uni-

versity Hospital (Amsterdam, The Netherlands). A 2.4 mL

SonoVue R© bolus was injected in an arm vein. TRUS imaging

was then performed with an iU22 ultrasound scanner (Philips

Healthcare, Bothell, WA) equipped with a C8-4v probe. Power

modulation mode was adopted for contrast-specific imaging

[16]. The ultrasound frequency was 3.5 MHz and the mechan-

ical index was 0.06. The acquired ultrasound image sequences

were stored in DICOM (Digital Imaging and Communications

in Medicine) format, suitable for our Matlab R©-based analysis.

An example image is shown in Fig. 1.

To map the image gray level to the UCA concentration, it

is necessary to compensate the gray scale mapping and the

compression function that are performed by the scanner. For

the given compression setting, we estimated the compression

function by comparing Q-Lab R© acoustic quantification results

in single-pixel regions of interest (ROIs) to the image gray

level. This comparison showed a linear relation (R2 = 0.99)

between the acoustic intensity in dB and the gray level, which

implies a logarithmic compression function. We can recon-

struct the backscattered acoustic intensity by compensating

for the gray mapping and this compression function. Since

the backscattered acoustic intensity relates linearly to the

UCA concentration for low concentrations and low mechanical

index [17], we obtain a linear measure for the UCA concen-

tration [13].

B. Diffusion and spatial similarity

We illustrate the effects of diffusion on the spatial IDC

similarity using the Local Density Random Walk (LDRW)

model [13], [18], [19]. This model is a solution of the

convective-diffusion equation in a straight tube, in which

a carrier fluid flows at constant velocity v. For boundary

conditions that imply UCA mass conservation and a rapid

UCA bolus injection, the UCA concentration dynamics C(z, t)
is given as

C(z, t) =
m

A
√

4πDt
exp

(
− (z − vt)2

4Dt

)
. (1)

In (1), t and z represent the time since the bolus injection and

the distance between the injection and measurement positions,

respectively. The parameters D, m and A represent the UCA

diffusion coefficient, the injected UCA dose mass, and the tube

section, respectively.

To show the relation between IDCs measured at different

positions, we derive C(z + Δz, t) as

C(z + Δz, t) = C(z, t) exp

((
v − z

t

)
Δz − Δz2

2t

2D

)
. (2)

From (2), we observe that for large D, C(z, t) ≈ C(z+Δz, t).
On the other hand, for small D, the difference between C(z, t)
and C(z + Δz, t) increases. This example shows the link

between the similarity of spatially adjacent IDCs and the UCA

diffusion coefficient.

Compared to our previous method [13], an indirect analysis

of diffusion by measuring the spatial IDC similarity offers

several advantages. The spatial IDC similarity characterizes lo-

cal microvascular characteristics without making assumptions

about the spatial distribution of the UCA bolus flowing into

the prostate circulation. Also, no IDC fitting is required for this

approach. Furthermore, isolation of the first bolus passage is

not required, reducing the signal-to-noise ratio requirements.

A straightforward similarity measure is provided by the

correlation coefficient between IDCs, which is however in-

fluenced by differences in arrival times. These differences are

rather a measure of perfusion than diffusion.

Alternatively, we have decided to compare the IDCs in the

frequency domain by coherence analysis, which focuses on the

IDC magnitude spectra. Arrival time differences, which are

incorporated in the phase, have no influence on such analysis.

In addition, the frequency range covering the UCA transport

dynamics can be easily isolated.

C. Coherence analysis

For each pixel, the IDC spectrum is compared to the spectra

of neighbor pixels. A spatial kernel determines which pixels

are used for this comparison. The geometry of this kernel

is based on the TRUS spatial resolution and the scale of

microvascular networks for which diffusion can be estimated.

1937 2010 IEEE International Ultrasonics Symposium Proceedings



1.0 mm

0.5 mm

Central pixel

Compared pixel

Other pixel

Fig. 2. Kernel adopted for spatial similarity analysis.

In this method, we only considered the axial resolution,

which is determined by the transmitted pulse length. The

transmitted pulses have a frequency of 3.5 MHz and have

an effective length of two cycles, which provides an axial

resolution of 0.43 mm.

The microvascular scale of interest is given by the smallest

tumor size for which angiogenesis can be detected. Angiogen-

esis is required for tumors to grow beyond 1 mm3 [5].

Based on these constraints, the proposed kernel implements

a ring shape, as indicated by Fig. 2. To prevent the ultrasound

resolution from influencing the result, pixels within a range of

0.5 mm are not compared. The outer radius of 1 mm ensures

a sufficient resolution for the microvascular scale of interest.

The analysis is restricted to the frequency range covering

the UCA transport dynamics. Because this dynamics is limited

to frequencies up to 0.5 Hz [13], frequencies above 0.5 Hz

are discarded. The DC component is also discarded, as it is

strongly affected by scanner settings such as the gain.

Coherence analysis is then performed as follows. First, the

IDC magnitude spectrum is computed at all pixels, for the

specified frequency range. Then, the correlation coefficient

is computed between the spectrum at the central pixel and

the spectrum at each of the pixels within the ring. These

coefficients are averaged to obtain a coherence measure.

This procedure is repeated for all pixels covering the

prostate, resulting in a coherence image. Prior to display, the

coherence image is filtered using a Gaussian kernel with a

standard deviation of 0.5 mm. This postprocessing step aims

at emphasizing diffusion at the scale where microvascular

networks can be associated with the presence of cancer. An

example of a result image is shown in Fig. 3.

D. In-vivo validation

We evaluated the cancer localization capability of coherence

imaging by comparing the coherence images from four pa-

tients with histology data, obtained after radical prostatectomy

at the AMC University Hospital (Amsterdam, The Nether-

TABLE I
SENSITIVITY, SPECIFICITY, AND ROC CURVE AREA ON PIXEL BASIS OF

THE IDC COHERENCE AS WELL AS SEVERAL HEMODYNAMIC

PARAMETERS EXTRACTED FROM FITTED IDCS.

Parameter Cancerous if Sensitivity Specificity ROC curve area

Coherence ≥ 0.484 80.3 % 86.3 % 0.911

κ ≥ 0.856 s−1 81.6 % 78.3 % 0.882

AUC ≥ 904 62.2 % 87.7 % 0.779

PV ≥ 60.0 75.5 % 94.1 % 0.851

PT ≤ 29.5 s 80.7 % 51.7 % 0.693

AT ≤ 18.7 s 78.5 % 45.3 % 0.625

FWHM ≤ 14.6 s 87.3 % 67.2 % 0.828

WIT ≤ 9.62 s 85.3 % 60.8 % 0.775

lands). After cutting the prostate in slices of 4-mm thickness,

a pathologist marked the presence of cancer [20]. We selected

the slice corresponding to the ultrasound imaging plane and

compared the results.

For each prostate, we selected two ROIs larger than 0.5 cm2,

representing healthy and cancerous tissue. An example is

shown in Fig. 3. We measured the statistical mean and

variance of coherence for each class (healthy and cancerous

tissue) on a pixel basis. We then used Bayes inference to

obtain the optimal threshold for classification, and we derived

the optimal sensitivity and specificity [21]. In addition, we

evaluated the receiver operating characteristic (ROC) curve.

For comparison, this procedure was also performed for the

local diffusion parameter κ [13] and for several perfusion-

related IDC parameters [22], [23] that were obtained after

LDRW model fitting.

III. RESULTS

A higher IDC coherence was observed in all patients in

the presence of cancer. In the four datasets considered in this

study, we obtained an average coherence of 0.601 ± 0.137

in ROIs representing cancerous tissue, and 0.366 ± 0.108 in

ROIs representing healthy tissue. The optimal sensitivity and

specificity, as well as the ROC curve area for cancer detection

on a pixel basis are reported in Table I.

This procedure was repeated for several IDC parameters

that have been proposed in the literature [13], [22], [23]. The

considered parameters are the area under the curve (AUC), the

IDC peak value (PV), the IDC peak time (PT), the contrast

appearance time (AT), the IDC full-width at half maximum

(FWHM) and the wash-in time (WIT = PT-AT).

IV. DISCUSSION AND CONCLUSIONS

In this paper, we present a new method for indirect estima-

tion of diffusion based on the spatial similarity among IDCs.

The similarity is estimated by an IDC coherence analysis

within a spatial kernel that is based on the ultrasound scanner

resolution as well as the size of clinically significant cancer.

In comparison to our previous method [13], coherence-

based diffusion imaging offers several advantages. Coherence

analysis uses spatial information and requires no model fitting.

Therefore, no assumptions are made about the IDC shape or

1938 2010 IEEE International Ultrasonics Symposium Proceedings
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Fig. 3. Coherence image (left), fundamental ultrasound image (center), and histology (right). On the left, the average spatial IDC similarity, measured by
coherence is overlaid on the ultrasound image by color coding. The manually selected white contour represents the prostate boundary. The red and green
polygons in the central image represent the adopted ROIs for cancerous and healthy tissue, respectively.

the UCA spatial distribution entering the prostate circulation.

Moreover, there is no need for isolation of the bolus first pass.

The preliminary validation of this method shows slightly

superior results than those obtained by our previous contrast-

ultrasound diffusion imaging method [13]. In four patients,

both diffusion-related parameters show a better correspon-

dence to the histology than any perfusion-related IDC parame-

ter. A more extensive and improved validation, aimed at a more

accurate match between ultrasound and histology images, is

however necessary. To this end, three-dimensional contrast-

enhanced TRUS may offer new possibilities in the future. This

would enable the investigation of the entire prostate with a

single bolus injection, and improve the spatiotemporal analysis

of UCA diffusion.

In the future, alternative similarity measures will also be

investigated. In addition, the nonuniform ultrasound resolution

will be taken into consideration in the kernel design.
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