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Abstract
In obstetrical ultrasound examinations, the appropriate fetal biometry plane is identified
by the presence and absence of key anatomical landmarks within the image. In the 20
to 22 weeks of gestation, the transthalamic plane becomes of particular importance, as it
is the stage at which early signs of trisomy 18 can be detected by the presence of cysts
in the choroid plexus (CP). We propose a method to detect the presence of the CP in 2D
ultrasound images of the fetal brain using an AdaBoost learning algorithm combined
with statistical image representations estimated by the Nakagami distribution. We compared the performance of the detection using four different feature sets: intensity-based
(I), empirically-fit Nakagami (Nµ and Nω parametric image representations, and a combination of all feature sets, NIµω . We found that the Nakagami scale feature, Nω , yielded
the highest CP detection accuracy (87.49%).

1

Introduction

Obstetrical ultrasound (US) examinations form an integral part of standard prenatal monitoring. It serves for the purpose of pregnancy dating, fetal growth monitoring, and detection of abnormalities throughout gestation. In the standard neurosonography examination,
an axial plane (the transthalamic plane) is used for assessing the fetal head, as it is believed
to contain significant anatomical landmarks (Fig. 1), yet it is the most challenging plane to
locate [ISUOG, 2007]. The biometric measurements of the fetal head (namely the biparietal
diameter (BPD) and occipital-frontal diameter (OFD), Fig. 1a) are acquired in this plane and
c 2013. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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regressed to dating formulae to estimate gestational age and assess fetal growth [Hadlock
et al., 1984, Ott, 1994, Chitty et al., 1994, Kurtz et al., 1980, Selbing and Kjessler, 1985, Mul
et al., 1996, Campbell and Newman, 1971, Persson and Weldner, 1986, Hohler, 1984, Jeanty
et al., 1984]. The ultrasonographer identifies the correct transthalamic plane by visually identifying the presence of anatomical landmarks within the image, the most striking of which is
the choroid plexus (CP). In the transthalamic plane, the CP appears as an echogenic glomular region, and displays variations in size and shape across gestational age [Dziegielewska
et al., 2001]. The basic scan is performed at 20 to 22 weeks [ISUOG, 2007] in which the visualization of the CP is of particular importance in determining the presence of cysts (which
are indicative of early signs of trisomy 18) [Turner et al., 2003].
Beyond biometric plane acquisition, the detection of brain structures within US images
may also be applicable in tracking healthy brain development. Neuropathological, MRI,
and US imaging studies have found that brain development follows a predictable timetable
[Dorovini-Zis and Dolman, 1977, Chi et al., 1977, Garel et al., 2003, Cohen-Sacher et al., 2006]
in which the absence and presence of structures may inform on the stage of fetal development, and hence delayed or impaired brain development.

(a) 2D US scan of fetal transthalamic plane

(b) Visible anatomical structures

Figure 1: Fetal head biometry. Typical appearance of the ultrasound image plane used to collect
biometric measurements (HC=head circumference, BPD=biparietal diameter, OFD=occipito-frontal
diameter) from the fetal head (a), and the visible anatomical landmarks in view (b).
Visual detection of anatomical structures in US images depends on the experience of
the ultrasonographer and their knowledge of the anatomy and is complicated by variations
in texture, size, and shape of the structures (Fig. 2a), the presence of similar-looking objects (Fig. 2b), and poor visibility due to low contrast settings (Fig. 2c). Failure to detect
structures and incorrect selection of the transthalamic plane result in erroneous biometric
measurements, ultimately yielding inconsistent results in gestational age estimation.
Another difficulty with the detection of structures in US images is their susceptibility to
speckle scattering. Recent studies have shown that different tissue types can be identified
in US images based on statistical properties of the scattered US signal. The Nakagami distribution is well-suited to estimate the envelope of the radio-frequency (RF) data and has
been applied to segmentation [Destrempes et al., 2009], registration [Wachinger et al., 2012],
and tissue characterization [Shankar et al., 2002, Tsui et al., 2010] problems in US images. In
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(a) Size and shape variations

(b) Similar-looking objects
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(c) Poor contrast and visibility

Figure 2: Challenges of object detection in US images. Choroid plexus is outlined in yellow,
and similar-looking objects are outlined in red.
the current study, we have empirically fit a Nakagami distribution to US image regions and
used the information in an object detection framework. We chose the CP to demonstrate the
performance of a Nakagami-based machine learning approach to the detection of anatomical
landmarks in US images.
Recently, Rahmatullah et al [Rahmatullah et al., 2011] proposed a machine learning technique to detect the presence of key structures for biometric measurements in 2D fetal abdominal US images. They applied the AdaBoost object detection framework which they found
to be robust to size, shape, and position variations of the object of interest. This approach
may hence be suitable for the detection of the choroid plexus.
In the work of Yaqub et al [Yaqub et al., 2012], the CP was detected in a 3D fetal brain
volume using the Random Forest machine learning algorithm. They used voxel intensity
metrics to find the 3D voxel neighbourhood with the highest probability of CP presence.
They used Haar features on intensity images to detect the CP, but they did not incorporate
speckle information to train their classifier.
Traditionally, the AdaBoost-based detection framework has been implemented using
intensity-based features. In this study, we instead used an empirical model of US image formation to account for the speckle within the image and to determine whether the scatter profile of a tissue can be used as a form of tissue characterization. We applied the recently proposed method for local-based estimation of Nakagami parameters [Wachinger et al., 2012].
We compared the performance of features extracted from the statistical parameter plots of
the images to those of intensity images in the detection of an object in an US image.
To the best of our knowledge, the automated detection of the choroid plexus has not been
attempted before on the 2D transthalamic plane. Thus, the contributions of this study are
to:
a) present a method for detecting an anatomical landmark in the standard transthalamic
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fetal brain scan;
b) introduce a novel feature set (Nakagami) in the machine learning framework for object
detection in US images;
c) determine the performance of the Nakagami-based feature sets in comparison with the
currently-used intensity-based US object detection.
In section 2, we discuss the proposed framework, providing details on the Nakagami
distribution image representation, the local feature extraction, and the AdaBoost classification process. We then present results on the validation and object detection experiments in
section 3, followed by a discussion.

2
2.1

Methods
Nakagami Distribution Approximation

Tissue characterization and detection in US images is particularly challenging due to the
presence of speckle and inhomogeneities within the images. In recent years, segmentation
and classification studies have investigated a multitude of distributions for modelling US
scattering for varying amounts of scatterer per resolution cell, with the Rayleigh distribution
being the most commonly applied. The Nakagami distribution (which has the properties of
an incomplete Gamma function) is of particular interest because it benefits from the fact that
by varying its shape parameter [Nakagami, 1960], it is possible to emulate other distributions
that have been used to model US RF data and its ability to distinguish between scatterers of
different concentrations and arrangements within the tissue [Shankar, 2001, Wachinger et al.,
2012]. Previous studies have also shown its ability to accurately model the backscatter characteristics of particular objects in the US image data, and have applied this in segmentation
[Destrempes et al., 2009], tissue classification [Shankar et al., 2002, Tsui et al., 2010], and registration [Wachinger et al., 2012] problems. In this work, we used it for the detection of the
choroid plexus, a glomerular mass comprised of connective tissue.
The Nakagami distribution, N( x |µ, ω ), is an exponential probability distributions defined by two parameters: shape (µ) and scale (ω). The ultrasonic backscattering of tissues is
treated as a random process, and thus many studies have applied different statistical models
to describe the probability density function (PDF) of the envelope of the US image data. The
PDF of the Nakagami distribution for the backscattering envelopes, X, if given by
N( X |µ, ω ) =

 µ 
2µµ
2µ−1
X
exp
− X 2 , ∀ X ∈ R≥0
Γ(µ)ω µ
ω

(1)

where Γ() is the Gamma function. The shape (µ) and scale (ω) parameters associated with
the Nakagami distribution can be calculated as
ω = hX2 i

µ=
where hi represents the statistical mean.

ω2
h( X 2 − ω )2 i

(2)

(3)
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The Nakagami distribution benefits from the fact that it can emulate other statistical distributions (and thus different scattering conditions) by varying its shape parameter. Values
of µ ranging from 0 and 1 correspond with PDFs ranging from the pre-Rayleigh to Rayleigh
distributions, and values of µ > 1 reflect the PDFs of post-Rayleigh and Rician distributions
[Tsui et al., 2005]. This allows the Nakagami distribution to be sensitive to scatterers of varying concentrations, cross-sections, and spacing within the tissues [Shankar, 2000, Tsui and
Wang, 2004, Tsui et al., 2005]. We propose the application of the Nakagami MLE techniques
to an object detection task in 2D medical US images.

Figure 3: Estimation of 2D Nakagami envelope Empirically-fitted histograms and Nakagami
parameters for rectangular regions inside the choroid plexus (in yellow) and in a background region
(in blue). The choroid plexus is outlined by a white dotted line.

2.1.1

Statistics of US Data

In obstetrics, the biometric US images are typical B-mode scans which undergo a signal processing pipeline that converts them from their raw radio-frequency (RF) format into the digital 2D images, such that they are optimized for human visualization. Firstly, as the RF data is
measured by the transducer, the Hilbert transform is performed to detect the envelope that
outlines the original signal whilst removing noisy high-frequency oscillations. The dynamic
range of the envelope data is then reduced using logarithmic compression (i.e. a non-linear
intensity mapping). Finally, some image filters (which are proprietary and specific to the
manufacturer of the US equipment) are applied to convert and place the RF scan lines in
the correct geometric arrangement within the image (in this case, the Cartesian coordinate
system), correcting for transducer geometry. In addition to these changes, the operator may
change various parameters (e.g. time-gain compensation) to improve the visibility of the
structures, according to individual preferences. This pipeline of operations results in a loss
of information, which is inherently detrimental to image processing [Wachinger et al., 2012].
In this work, we decided to mitigate the effect of the log-compression by decompressing the
log-compressed image, L xy , using an exponential operator:


L xy
Dxy = exp
−1
(4)
c
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where Dxy is the decompressed image and c is equivalent to the degree of compression. It is
accepted that the compression parameter does not affect the estimation of the Nakagami parameters, and that uncompressing the envelope makes the parameters more sensitive in distinguishing between scatterers of different concentrations within a tissue [Tsui et al., 2005].
2.1.2

Parameter Estimation

The parameters of the generalized Nakagami distribution can be acquired using maximum
likelihood estimation (MLE) methods. In this work, we estimated the 2D envelope of the
RF data as opposed to the 1D envelope; this allows for the inclusion of lateral information
of the local region of the US data [Wachinger et al., 2012]. We generated statistical representations of the US image by performing the Nakagami MLE on the pixels of a sliding
rectangular n × n subwindow and assigning the Nakagami parameters to the center pixel
of the subwindow. The subwindow was shifted across the entire image to produce the Nµ
and Nω image representations. Figure 3 shows the MLE fits for a rectangular region within
the choroid plexus and for a background region. The variation in the distribution parameters is indicative of the speckle statistics characteristic to the different tissues within the fetal
brain, as it corresponds to the inhomogeneities of the tissues. The size of speckle is related
to the sound wavelength, λ, and it has been found to occur in the range of approximately
0.1 ≤ λ ≤ 1.0mm [Wachinger et al., 2012], so the subwindow size n must be selected to accommodate for this. However, larger subwindows that will provide more reliable parameter
estimation will compromise the detection of finer details within the image. Examples of the
statistical image representations are shown in figure 4.

(a) Nµ image representation

(b) Nω image representation

Figure 4: Nakagami image representations Nakagami µ (a) and ω (b) parameter plots for a
2D fetal brain US image. Colour bars represent the absolute values of the µ and ω parameters,
respectively.

2.2

Local Feature Extraction

The objective of this study was to detect the rectangular region (subwindow) of the transthalamic plane with the highest likelihood of containing the anatomical object of interest (the
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Figure 5: Local feature extraction.
choroid plexus). This subwindow was identified as the region with the maximal score determined by the classifier. In order to classify each subwindow as foreground (containing the
choroid plexus) or background, we opted for the Haar-wavelet based approach for the selection of features to best discriminate between the positive (foreground, ζ) and negative (background, χ) subwindow from the statistical image representation, IS , such that ζ ∪ χ ⊆ IS and
ζ ∩ χ = . A subwindow, w, is defined by:


{w |ζ, χ} = r x ry d x dy
(5)
where (r x , ry ) represent the top-left coordinates of the rectangular subwindow from which
the Haar features are computed, and d x , dy correspond to the dimensional scales of the rectangle (Fig. 5). Each feature extracted from the subwindow is denoted by the following
vector:


ϑ = η f x f y ∆ x ∆y
(6)
where η identifies the feature selected from the dictionary of Haar features, ( f x , f y ) correspond to the top-left coordinates of the feature rectangle such that f x ∈ [r x , r x + ∆ x ] and
f y ∈ [ry , ry + ∆y ], and ∆ x , ∆y correspond to the pixel dimensions of the rectangle.
The feature score is determined by subtracting the sum of pixels in a rectangular region
from the sum of pixels in an adjacent rectangular region of the same dimensions (shown as
the black and white rectangles in fig. 5). We created a very large and varied set of Haar
(rectangle) features that can be applied for feature extraction. The rectangles are of arbitrary
dimensions (∆ x and ∆y ) and aspect ratio, and they are sensitive to edges, bars, and linelike structures within the image. Following the protocol of Viola and Jones [Viola and Jones,
2004], we decided to compute the Haar features by using an integral image to achieve higher
computational efficiency.

2.3

AdaBoost-Based Detection

We used the Adaptive Boosting (AdaBoost) algorithm [Freund and Schapire, 1995] to select
the features and to train the detection classifier, as it has proven effective in similar applications for anatomical object detection in US images [Rahmatullah et al., 2011]. AdaBoost
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is an algorithm that inherently boosts the classification performance of a simple learning algorithm by combining a group of weak classification functions (or weak learners) to form a
stronger classifier [Freund and Schapire, 1995, Viola and Jones, 2004].
During the training phase, the user provides m positive and l negative training examples. At the onset, a weight, ψ, is assigned to each of the training examples. Typically, the
1
examples are assigned a weight of ψ = 2m
and ψ = 2l1 for positive and negative examples, respectively, in order to account for an unbalanced training set. During each training iteration,
T, the weak learning algorithm selects a number of features from the Haar feature dictionary
and aims to select the feature that best distinguishes between the positive and negative examples with the smallest margin of misclassified examples. Each feature is computed over
a n × n pixel subwindow example (s) using the local feature extraction method outlined in
section 2.2. The training examples are then sorted in order of their feature scores, and the
optimal threshold that best discriminates positive from negative examples is computed in a
single pass over the sorted list.

Feature Set

Abbreviation

Description

Intensity

I

The intensity values of the US image
(I ( x, y))

Nakagami µ

Nµ

The shape parameter of the Nakagami
distribution

Nakagami ω

Nω

The scale parameter of the Nakagami
distribution

Joint model

NIµω

A linear combination of the intensity plot and the Nakagami parameter
plots such that
NIµω =


1
Î + N̂µ + Nˆω
3

Table 1: Description of Feature Sets

In the testing phase, the anatomical object was detected by exhaustively scanning a sliding subwindow (bounding box) of k i × k i pixels for all possible dimensional translations. The
T rectangle features selected in each iteration of the training phase, were evaluated for each
subwindow, and the trained strong classifier was applied to obtain the classification score
(αt (i )) of the particular bounding box. The bounding box with the maximal score (max(αt ))
indicated the presence or absence of the anatomical object of interest, depending on the classifier threshold.
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(a) Positive examples

9

(b) Negative examples

Figure 6: Training examples. Positive and negative subwindow examples that are passed into the
AdaBoost training framework. The top row shows training example subwindows of the I feature
set. The middle and bottom rows pertain to the training examples of the Nµ and Nω feature sets,
respectively

3
3.1

Results
Experimental Setup

Two-dimensional US images of the standard biometry plane of the fetal brain were randomly
selected from the ongoing Intergrowth-21st study database.
For thiswork, images were ac

quired from fetuses of 20+0 to 22+6 gestational weeks weeks+days because the anomaly
scan for Trisomy 18 (in which CP visualization is paramount) is collected during this period. The gestational age was confirmed by the known last menstrual period (LMP) and first
trimester crown-rump length measurement (≤14 weeks). All women included in this study
were screened according to the Intergrowth-21sst criteria and scanning protocol, and were
identified as having low risk of impaired fetal growth and absence of fetal brain anomalies.
The images were acquired using a 2D linear probe (Phillips HD9) at 2-5MHz wave frequency and at a resolution of 2mm×2mm. These were divided into three non-overlapping
sets: 119 images for training, 48 images for algorithm validation, and 44 images for testing.
Both the training and validation sets comprised of a unique image from different subjects
so as to capture the inter-subject variability. The training set consisted of 119 positive and
357 negative subwindow examples for each of the 4 feature sets. We found that the choroid
plexus in a standard 2D US image of the transthalamic plane occupies an average of 2014±89
pixels, which can be adequately encompassed by subwindows ranging from k =75×75 to
k =117×117 pixels. The positive and negative subwindows were manually selected from
each of the feature plots, and scaled to 100×100 pixels. These subwindows were then passed
as training examples into the AdaBoost algorithm. We obtained an equal number of training
examples from each of the four unique feature sets (Table 1). Figure 6 shows examples of the
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training subwindows.

3.2

Parameter Selection and Implementation Details

The parameters used in our experiment are summarized on table 2. In our images, the resolution is approximately 2.0mm × 2.0mm, the selection of n must ensure that the subwindow
contains enough pixels to generate an adequate histogram from which to estimate the Nakagami parameters of the 2D region, while simultaneously retaining the necessary level of
detail to detect the object of interest. For our experiments, we selected n = 16 which provides a sufficient number of pixels (|N| = 256) to estimate the Nakagami envelope.
Parameter

Value(s)

Description

n

16

Size of the sliding subwindow for Nakagami parameter estimation. Controls the number of pixels used
for estimating the Nakagami envelope of the US data

T

[300; 500]|

The number of weak learners selected by the AdaBoost algorithm. Controls the number of classifiers
that combine to form the final strong classifier
Table 2: Parameter Settings

The AdaBoost algorithm requires tuning of the number of iterations, T, each of which
produces a weak learner. This parameter was empirically selected based on Receiver Operating Characteristic (ROC) curves for each of the feature sets. A higher area under the ROC
curve (AUC) yields a better object detector that produces fewer false positives, and viceversa. In this study, we used T = [300 500] to validate the algorithm. Table 3 summarizes
the results from the ROC analysis.
Successful CP detection was defined as an overlap in excess of 50% between the manually demarcated bounding box and the automatically detected bounding box. Based on the
results displayed in table 3, we selected T = 500 as this number of iterations achieved the
highest AUC (particularly for intensity and Nakagami ω, highlighted in blue). This value
was then used for the four feature sets compared in this study.
Number of Weak
Learners/Iterations (T)
300
500

Intensity, I

Nakagami µ, Nµ

Nakagami ω, Nω

Joint model, NIµω

0.7848

0.6655

0.8023

0.8007

0.8071

0.6945

0.8075

0.7856

Table 3: Area under the ROC Curve for Different Number of AdaBoost Iterations (T)

3.3

Anatomy Detection on Testing Data

The testing dataset consisted of 44 2D fetal US scans of gestational ages ranging between
20+0 and 22+6 weeks. The choroid plexus detection was considered successful when at least
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Figure 7: Choroid Plexus Detection Results. The results for the I, Nµ , Nω , and NIµω are displayed in from top to bottom row, respectively. The positively detected CPs are bounded by a yellow
box, and false positives are bounded by a blue box. The CP is highlighted in pale yellow, and the row
of the feature set that provided the highest detection accuracy (i.e. Nω ) is bounded by a large yellow
rectangle.
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75% of its pixels were encompassed by the automatically detected subwindow by visual
inspection. The performance of the four feature sets (i.e. Intensity I, Nµ , Nω , joint model
NIωµ ) was evaluated using the following criteria obtained from the ROC curves:
Precision, P =
Recall, R =

TPR
TPR + FPR

(7)

TPR
TPR + FNR

(8)

where TPR = true positive rate, FPR = false positive rate, and FNR = false negative rate.
Table 4 summarizes the statistical results for each of the feature sets. Precision indicates the
fraction of all detections that were correctly classified as CP, and recall refers to the fraction
of CP objects that were detected.
Feature Set

Average Precision, P (%)

Average Recall, R (%)

Balanced Accuracy, A B (%)

I

95.12

68.42

81.77

Nµ

100

61.40

80.70

Nω

97.78

77.19

87.49

NIµω

97.44

66.67

82.06

Table 4: Detection Performance of Feature Sets
We found that the Nω feature set yielded very good CP detection performance with a
precision of 97.78% and recall of 77.19%, outperforming the three other feature sets. Table 4
summarizes these results and figure 7 shows representative CP detections.

4

Discussion

In an object detection task, the precision metric is an indicator of the number of detected
structures that indeed belong to the object of interest, such that a perfect precision score
(P = 100%) reports on the fact that every detection in the search was successful in identifying
the object of interest. However, it fails to inform on whether the object was successfully
detected in every sampled image. On the other hand, a perfect recall score (R = 100%)
indicates that the object was detected in every sampled image, yet it is not indicative of the
number of additional incorrect detections. There is usually an inverse relationship between
P and R (as evidenced by our data), so a good detector must not be biased towards either of
these measures; a balance between precision and recall is desirable. For instance, our results
show that although Nµ had perfect precision, it also had the lowest recall. Thus, we opted
for comparing the feature sets based on their balanced accuracy (A B ), which is an average
between P and R.
With A B = 87.49%, the proposed Nω feature set was able to outperform the other three
feature sets in the detection of the CP by 5.72%, 6.79%, 5.44% for I, Nµ , and NIµω , respectively. This is explained by the fact that the ω parameter describes the characteristic average
intensity of the speckle generated within the object of interest, operating like a smoothing
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kernel. It is inherently sensitive to regional homogeneity and captures textural properties
which are important for tissue differentiation, and hence detection. The µ parameter, on the
other hand, is indicative of the energy of the pixel intensities within each subwindow, resulting in a µ estimation that is heavily influenced by the subwindow size resolution whenever
the subwindow straddles object cross-sections [Tsui et al., 2005].
According to our results, the performance of the Nakagami-based object detector is better
for Nω alone compared to composite feature NIµω . This is possibly because the NI µω feature
set is a linear combination of the three other feature sets considered in this study, so if one
of its comprising feature sets is failing to detect the object of interest, the combined feature
set will be affected. This, however, could be improved by creating a novel combined feature
set by merging the other features (I, Nµ , Nω ) using a more informative weighting function
instead of a linear combination.
In this work, we selected a single sliding subwindow size, n, for estimating the Nakagami parameters to fit within the typical size of the CP. This choice may have introduced
some bias in our results as the subwindow size dictates the resolution of the local scatterer
image representation. A smaller subwindow results in an image with higher resolution in
which fine details are preserved, yet it suffers unstable estimation of the µ and ω due to
lower numbers of pixel data for envelope estimation. Thus, for the optimization of the detection framework, an optimal subwindow size would need to be selected such that it can
simultaneously produce a parametric image of an acceptable resolution and obtain stable
envelope parameter estimations [Tsui et al., 2005]. Since n is a parameter that can be tuned
to achieve the best results for the US object detection task, it would be worthwhile to investigate the effect of selecting varying subwindow sizes on the detection performance of the
algorithm for structures of different sizes.
Another more sophisticated approach could employ irregular subwindow shapes from
which to estimate the 2D Nakagami envelope instead of the rectangular n × n subwindow.
Such a representation could incorporate shape and local intensity priors about the object
of interest. Such an approach may provide more discriminative information about speckle
properties of different tissues while simultaneously adhering to the contours of the objects
within the image.

5

Conclusions

This paper presents a novel method for the detection of an anatomical object of interest
in the standard biometric plane of the fetal head, which is commonly used in obstetrics.
We have tested four feature sets on the AdaBoost object detection framework and found
that the statistical image representation of the scattering properties of the tissue yielded a
detection accuracy (87.49%) higher than the reported values for conventional pixel intensitybased approaches on medical US images [Rahmatullah et al., 2011, Yaqub et al., 2012]. Our
results can be applied to detect other anatomical structures in 2D US images, which could
be applied to the task of correct biometry plane localization [Rahmatullah et al., 2012] and
biometry image quality control for fetal growth monitoring [Rahmatullah et al., 2011]. Our
framework can also be easily extended to a 3D image space by performing 3D Nakagami
envelope estimation for n × n × n voxel regions and passed into a machine learning classifier
for object detection.
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