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Abstract. Ultrasound is becoming an ever increasingly important
modality in medical care. However, underlying physical acquisition principles are prone to image artifacts and result in overall quality variation.
Therefore processing medical ultrasound data remains a challenging task.
We propose a novel distribution-based measure of assessing the confidence
in the signal, which emphasizes uncertainty in attenuated as well as shadow
regions. In contrast to the similar recently proposed method that relies on
image intensities, the new approach makes use of the enveloped-detected
radio-frequency data, facilitating the use of Nakagami speckle statistics.
Employing J-divergence as distance measure for the random-walk based
algorithm, provides a natural measure of similarity, yielding a more reliable estimate of confidence. For evaluation of the model’s performance,
tests are conducted on the application of shadow detection. Additionally,
computed maps are presented for diﬀerent organs such as neck, liver and
prostate, showcasing the properties of the model. The probabilistic approach is shown to have beneficial features for image processing tasks.
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1

Introduction

Ultrasound (US) image processing is still commonly performed in the B-mode
domain. However, proprietary filtering and non-linear compression to obtain Bmode from raw data distort the signal and eﬀectively reduce the information
content in the data in a non-linear fashion, which reduces its suitability for
statistical modeling. A more natural way is to deal with the US characteristics
in a statistical framework using unprocessed, radio frequency (RF) data. As
US imaging is largely driven by patterns referred to as speckle noise, literature
suggests a multitude of diﬀerent models that accommodate the diﬀerent noise
scenarios, e.g. the Rician, generalized K, homodyned K, Rayleigh and Nakagami
distribution. Shankar [13] showed that the envelope detected RF signal follows
the Nakagami distribution [10]. This distribution has been shown to be a very
general model for a multitude of speckle scenarios, often making it the model of
choice as it is in this paper.
We propose a novel method for estimating confidence maps [7] in envelope
detected RF US images, which emphasizes uncertainty in attenuated as well as
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shadow regions. Confidence maps have shown to be useful for a number of applications such as registration, segmentation and shadow detection [7,14]. However,
in contrast to the previously proposed method [7] that relies on B-mode image
intensities, the novel approach makes use of the envelope detected RF data, facilitating the use of Nakagami speckle statistics. The main novelty lies in the
use of a probabilistic distance measure that is used within the random walks
framework originally introduced for segmentation by Grady [5]. The proposed
approach employs J-divergence (JDIV) as the distance measure, which provides
a more natural measure of similarity in US imagery, yielding a more reliable
confidence measure. The use of JDIV for RF US processing was first proposed
by Klein et al. [8] in the context of multi-view reconstruction.
To show-case the advanced performance of the probabilistic confidence maps
we show application on diﬀerent kinds of data as well evaluate performance for
the detection of acoustic shadows in a machine learning approach. Shadowing
is an US specific artifact caused by an abrupt change in acoustic impedance.
A large diﬀerence causes strong reflection and limited transmission of sound
beyond resulting in a shadow. Although considered an artifact, it is useful for
detecting gallstones, calcification, and bone structures [6]. However, for many
applications shadows pose a problem, which includes registration and 3D reconstruction. In particular, multi-view 3D reconstruction of US in the presence of
shadow artifacts requires processing in order to yield useful results, e.g. avoiding
mixing shadow and non-shadow information [7]. Consequently, it is important to
accurately and reliably detect these artifacts for both diagnostic and image processing applications [6]. Karamalis et al. [7] propose the use of confidence maps
for shadow detection based on thresholding. Sheet et al. [14] use confidence
maps together with machine learning to detect necrosis in IVUS imagery. In
Penney et. al. [11] each US scanline is sampled and marked as shadow upon
reaching an empirical threshold. In [9] breast lesions are discriminated from
posterior acoustic shadowing in a machine learning approach by previously extracting multi-scale texture features from a training data set. In Hellier et al. [6]
possible shadow starting points are detected along each scanline and tested for
shadowing by evaluating local patch statistics.
Most of the previously proposed approaches assume that acoustic shadow
features a low SNR. However, the US image area after interfaces, like bone-tissue
and lung-liver interface, contains a broad range of signal amplitudes and noise
(see Fig. 3) because of reverberation, mirroring, and backscattered echo. These
eﬀects complicate shadow detection and necessitate specialized approaches. We
demonstrate that statistical confidence maps embedded in a machine learning
framework allow for a more robust shadow detection.

2

Method

The proposed approach is based on a modification of the ultrasound confidence
maps proposed by Karamalis et al. [7]. In contrast to the previous approach we do
not use intensity gradients for the graph underlying the random walks algorithm.
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Rather we employ a statistical measure, J-divergence, using the distributional
change as measure. In the following section we at first provide the confidence
map preliminaries before presenting the details on the novel approach.
2.1

Confidence Maps

The confidence/uncertainty estimation problem originally presented in [7] is
modeled as a random walk under ultrasound specific constraints. For this purpose the US image is represented as a weighted connected graph, similar as
described in the work of Grady [5], where each node corresponds to an image
pixel/sample. The weights of the graph Laplacian are given as:
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where eij is an edge connecting node i and j, EH , ED , EV are edges along horizontal, diagonal, and vertical graph directions respectively, EH ⊖ ED ⊖ EV = E,
β = 90 is a algorithmic constant (similar to [5]), ci = |ri | exp(−αxi ), α is the
attenuation coeﬃcient, ri is the (intensity/RF) signal, and xi is the normalized
closest distance from node vi to the virtual transducer elements, which are located in the pixels next to the transducer and function as random walker sources.
The random walks solution [5,7] to the graph Laplacian with the previously defined weights yields the desired confidence estimate, which becomes more apparent when analyzing the weights individually and seems more intuitive when
discussed in terms of potential theory (as described in [5]). The proportionality
of reflected and transmitted acoustic energy is represented by the gradient term
ci − cj , which eﬀectively reduces the potential along possible circuit paths with
increasing magnitude. In [7] the depth dependent attenuation of the model is
integrated into the ci function. The beam-width is modeled with the γ term,
which eﬀectively results in an accumulative increase in circuit resistance with
increasing horizontal/diagonal distance to the originating scanline.
2.2

Probabilistic Graph Distance

In contrast to the originally proposed work Karamalis et al. [7], we do not employ
intensity diﬀerence as edge weight in the graph as specified by the gradient term
ci − cj in Eq. 1. Rather we make use of the statistical information within the
post-beamformed ultrasound data. The distribution of the envelope of the RF
signal I, resulting from backscattered tissue echo, has been shown to be modeled by the Nakagami distribution [13]. Instead of the Nakagami distribution,
the gamma distribution g may be used, since squaring a Nakagami distributed
random variable yields one that is gamma distributed [10]. For the following
we assume the squared envelope-detected RF to follow the Gamma distribution
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with µ, ν the shape and scale parameters respectively. As a first step the Gamma
distribution parameters are estimated from I 2 by means of a sliding window
MLE approach, yielding Gamma image IΓ ∈ R2 . In order to obtain smooth
and denoised maps we employ a variant of Total-Variation (TV) smoothing for
vectorial data. The basic concept of TV regularization for image denoising was
originally proposed by Rudin, Osher and Fatemi with their ROF model [12],
which is an an edge-preserving noise-removal method endowed with a L2 data
fidelity term [3]. Given that IΓ ∈ R2 and the inherent shape and scale coupling,
we use Vectorial Rudin-Osher-Fatemi (VROF) [2] for joint smoothing of shape
and scale. Specifically, this implies the minimization of
'
(
2
inf sup ⟨u, ∇ · p⟩ + ∥IΓ − u∥ ,
(3)
u |p|≤1

with the dual definition of total variation of function u : R2 → R, given by
(
')
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where the dual variable p ∈ Cc1 (R2 , R2×2 ) is a smooth function with compact
support. It should be noted that first term of Eq. 3 corresponds to total variation and the last term is L2 data fidelity. Employing L2 data fidelity serves
as an approximation of a distance measure on the Gamma manifold, which in
turn facilitates eﬃcient estimation. The resulting convex regularization problem
allows for fast solving by using Chambolle’s algorithm [4,2]. In the following we
will denote the VROF smoothed image IΓ as IΓ∗ .
Given the smoothed shape and scale Gamma MLE estimates IΓ∗ , we compute
the JDIV, i.e. the sum of two non-symmetric Kullback-Leibler (KL) distances
with switched arguments. JDIV for two Gamma distribution a, b ∈ g(x|µ, ν) is
given by
DJDIV (a, b)

)

a(x)
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where ψ(.) denotes the digamma function.
Next, we replace the gradient gradient term ci − cj with JDIV between to
Gamma distributions. Solving a family of linear equations based on the graph
Laplacian yields the statistics-based confidence maps, which implies for each
pixel (graph node) the probability for the random walker to arrive there. It
should be noted that compared to the approach of Karamalis et al. [7], we do
not explicitly integrate attenuation. Change due to attenuation is intrinsically
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Fig. 1. Shadow detection pipeline (from left to right): 1) Computation of feature such
as confidence maps and Gamma image 2) Patchwise feature concatenation 3) Classification using Random Forest

encoded in a change of distribution pattern. This independence w.r.t. to attenuation compensation such as provided by US machines (time gain compensation)
suggests increased robustness compared to intensity-based approaches.
2.3

Shadow Classification

For shadow classification we employ Random Forests [1]. Assuming a two class
model C = {c0 = shadow, c1 = no shadow} the posterior probability in terms of
classification is defined by
T
1 *
p(C|θ) =
pt (C|θ),
T t=1

(5)

assuming a forest consisting of T trees and θ ∈ Rn the feature-vector space.
Consequently, the classifier H is obtained as the mode of the posterior
H(θ) = argmax p(C = ck |θ)

(6)

k

The feature space consists of a combination of various patch statistics (e.g. mean,
variance etc.), which are extracted separately from RF data, confidence maps,
and gamma maps. Individual features are then concatenated yielding a feature
vector. See Fig 1 for an illustration for the shadow detection pipeline.

3
3.1

Experiments
Shadow Detection

For testing the performance of the shadow detection in RF ultrasound, numerous data sequences of the Humerus were acquired from five volunteers using
an Ultrasonix MDP machine in combination with a linear transducer L14-5/38
GPS. Each data set was recorded with depth 4 cm and 5 MHz, yielding RF
images of resolution 1304 × 256 pixels and 150 frames. For validation, manual segmentation of the shadow regions was performed in each frame for each
data set by an US expert. Image sequences for segmentation were selected to
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Fig. 2. Shadow detection results: Left box-plot, Right: corresponding table of results

Fig. 3. Shadow prediction for diﬀerent frames and approaches. From left to right: IDC,
JDV and manual ground truth segmentation.

contain various mirroring/reverberation artifact scenarios ranging from low to
high. For comparing the information content and the robustness of the confidence maps, two diﬀerent confidence maps were used as feature vectors. The
other feature components, such as Gamma image, remained identical for all approaches. Patch size for feature estimation was set to 5 × 5. The random forest
consisted of 50 trees. Compared were intensity distance (IDC) confidence map [7]
(α = 2.0, β = 90.0, γ = 0.1) and the proposed approach based on J-divergence
(JDV) (β = 90.0, γ = 0.1) with a patch size of 4 × 25 for Gamma MLE. For performance estimation 10-fold cross validation was conducted. Figure 2 shows the
results for the dice coeﬃcients on shadow classification. The diﬀerence between
dice coeﬃcients is statistically significant. The Mann-Whitney U-test yields
p-values 5.5 · 10−5. The corresponding t-test on logit transformed dice coeﬃcient
yields p-values 3.0 · 10−34 , respectively. In terms of computational complexity
obtained on an average state of the art machine using MATLAB, estimation of
a single patch requires around 8.0 · 10−4 sec and 2 − 10 sec. for an entire image.
VROF smoothing takes around 0.5 − 1.5 sec. for the entire image.
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Fig. 4. Maps for diﬀerent approaches and organs. From left to right: prostate, neck
and liver. From top to bottom: IDC, JDV and the ultrasound image, which was used
to compute the map.

3.2

Estimation for Diﬀerent Organs

In order to assess the performance, confidence maps were computed for diﬀerent
kinds of organs. Cross-sections of organs include prostate, liver and neck. The
corresponding data shows a variety of image scenarios including low to strong
intensity gradients as well as tissue patterns changes. The parameters used for
estimating the maps were equal in all approaches: α = 2.0, β = 90.0, γ = 0.05.
For Gamma MLE, a patch size of of 4 × 25 was chosen, to match the anisotropy
of the underlying RF image.

4

Result and Conclusion

We presented a novel technique for confidence map estimation employing statistical measure as edge weight for the underlying graph. It has shown to outperform
intensity approaches for application such as shadow detection, even in regions
containing severe reverberation and mirroring artifacts. Evaluation on US image
series of the Humerus demonstrates good results that are consistent with manual segmentation, with a comparably lower mean, median and variance in dice
coeﬃcient using the proposed approach. Examples on diﬀerent characteristic organ cross-sections demonstrate the robustness of the proposed approach. Within
the novel approach, confidence consistency and coherence is not based directly
on brightness changes and is therefore more robust and general. Compared to
intensity-based methods, no large brightness gradient is necessary to preserve
consistency, e.g. organs that do not have a strongly pronounced outline or tissue
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parts have a characteristic tissue pattern are captured nicely. This can be seen in
Fig. 4 at muscle tissue next to carotid artery, liver boundary or prostate gland.
For future work diﬀerent statistical distances and models will be investigated.
Specifically, metrics close to the true geodesic distance on the Gamma manifold
are of interest. Additionally, extension to 3D as well as real-time capability will
be investigated.
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