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A B S T R A C T

The current work investigates the performance of a real-time scan conversion algorithm for generating a 2-D
ultrasound image from a laterally scanned single-element ultrasound transducer, which has applications in
point-of-care devices such as for skin imaging. The algorithm employs a fixed calibration curve to update a
predefined image grid in real time. Simulations showed that the calibration curve (with a maximum of 1) is
robust to changes in scatterer concentration ( × −8.3 10 3 mean absolute error), signal to noise ratio ( × −1.0 10 3

mean absolute error for −5 dB SNR), and can be accurately predicted from a small number (31) of point
scatterers ( × −6.9 10 3 mean absolute error). Good agreement was also found between the calibration curves
obtained from simulated and experimental data ( × −1.19 10 2 mean absolute error). The scan conversion algo-
rithm was validated by evaluation of the position estimation errors on both simulations and experiments.
Clinical images of skin lesions (N=20) demonstrate the feasibility of the algorithm for real, non-homogeneous
tissue. Use of a fixed calibration curve compared to an adaptive calibration curve gave similar accuracies in the
scanning step size range of 150–350 μm (with an average overlap of the accuracy ranges of 92.94% for simu-
lations and 42.83% for experiments), and a 350-fold improvement in computation time.

1. Introduction

In ultrasound as in other medical diagnostics, there is a trend to-
wards making portable and cost-effective devices that offer better ac-
cess to healthcare [1–3]. One method of reducing cost is to substitute
electronic scanning of the A-lines for physical scanning, either using
mechanical scanning with a stepper motor [4] or freehand scanning
[5]. Typically, only one transducer element is required for physical
scanning, which is especially advantageous for higher frequencies (>20
MHz), where transducer array manufacture is still relatively complex
[6]. Since single-element transducers have poor lateral resolution out-
side their focal region, an annular array may also be used; this achieves
a more uniform lateral focussing with depth while requiring lower
transducer and hardware complexity than widely used linear arrays [7].

Regarding mechanical scanning, the presence of the motor and
driving circuity increase cost, complexity, and power consumption
while reducing reliability [8]. Alternatively, freehand scanning may be
used, where estimates of the scan position are necessary. One option is
to use some type of location or motion sensor, which could be acoustic
[9], magnetic [10,11], electromagnetic [12,13], tilt [14,8,15–17], op-
tical, or infrared [18]. However, these sensors usually suffer from some

combination of issues including limited position accuracy, latencies in
either position sensing or ultrasound data recording, or limitations on
the scanning path that can be covered [19]. In one commercially suc-
cessful application, the Signos system [8] relies on an angularly scanned
transducer with a tilt sensor. However, for applications involving areas
of interest relatively close to the transducer and containing angle-de-
pendent surface reflectors, linear scanning may be more appropriate.
One such application is the examination of skin surface lesions [20].

Another potential method of estimating position during freehand
scanning involves use of the data to estimate position [9], which we
term data-based scanning, or DABAS. In current practice, a calibration
curve describing the degree of similarity between two 2-D ultrasound
images as a function of their distance allows an estimate of their re-
lative positions. Such estimates from a set of 2-D images are combined
to generate a scan-converted 3-D volume. Our group is generalizing this
idea to the scan conversion of a set of A-lines into a 2-D image. In such a
situation, it becomes a user need to visualize the image in real-time.
Therefore, we have developed a real-time DABAS algorithm [21] that
accepts A-lines into a predefined image grid as soon as they arrive ra-
ther than the classical method of performing offline processing on all
the data. In a previous article by our group, we presented a clinical

https://doi.org/10.1016/j.ultras.2018.10.006
Received 17 May 2018; Received in revised form 11 October 2018; Accepted 15 October 2018

⁎ Corresponding author.
E-mail addresses: csany.gergely@itk.ppke.hu (G. Csány), gyongy.miklos@itk.ppke.hu (M. Gyöngy).

Ultrasonics 93 (2019) 26–36

Available online 16 October 2018
0041-624X/ © 2018 Elsevier B.V. All rights reserved.

T

http://www.sciencedirect.com/science/journal/0041624X
https://www.elsevier.com/locate/ultras
https://doi.org/10.1016/j.ultras.2018.10.006
https://doi.org/10.1016/j.ultras.2018.10.006
mailto:csany.gergely@itk.ppke.hu
mailto:gyongy.miklos@itk.ppke.hu
https://doi.org/10.1016/j.ultras.2018.10.006
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ultras.2018.10.006&domain=pdf


prototype for imaging skin using this algorithm [22]. The aim of the
current article is to validate this real-time algorithm on simulations and
experiments.

The remainder of the article is structured as follows. The next sec-
tion begins with an overview of classical DABAS methods. This is fol-
lowed by a presentation of our real-time DABAS method, including the
derivation of the calibration curve, the scan conversion method, and
measures of position estimation errors. In the subsequent Materials and
Methods section, the data acquisition during the simulations as well as
phantom and in vivo skin experiments is detailed. The data are used to
investigate two questions: the accuracy of the calibration curve esti-
mate and the performance of the real-time DABAS algorithm.
Furthermore, the performance is tested using a fixed calibration curve
as well as an adaptive calibration curve (as taken from [23]) to see
whether the fixed calibration curve can provide a comparable accuracy
while ensuring real-time operation. We note that although our current
motivating application is skin imaging, there exist other potential ap-
plications such as non-destructive testing. Moreover, the method may
also be applied on annular array transducers.

2. Real-time data-based scan conversion (DABAS)

2.1. Overview of existing DABAS methods

As previously mentioned, a method of estimating transducer motion
during freehand scanning relies on quantifying the change of the in-
coming ultrasound data as it is moved and relating this change to
transducer displacement using a calibration curve. For generality be-
tween the classical problem of converting 2-D images into a 3-D image
and our problem of converting 1-D A-lines into a 2-D image, the term
data frame will be used to refer to individual A-lines or 2-D images, sets
of which need to be aligned in space to perform scan conversion. Before
considering the theory and implementation of the current method, ex-
isting methods of calibration curve estimation and transducer position
estimation for scan conversion are briefly considered.

The calibration curve ρ d( ) is a function expressing the level of si-
milarity ρ between two data frames whose recording location is a dis-
tance d apart. The measure of similarity is usually the Pearson corre-
lation coefficient, so that if fully developed speckle can be assumed,
then the calibration curve is the lateral autocorrelation of the imaging
system point spread function. If the fully developed speckle assumption
does not hold, more advanced estimation methods may need to be
employed, including statistical modeling of speckle formation [24,25],
tissue characterization [26], adaptive models [27,23], or machine
learning [28]. It is unclear, however, how general these methods are to
different tissues or transducer types, or indeed how large errors are
incurred when assuming fully developed speckle for single element
transducers. It would be desirable, therefore, to investigate the poten-
tial limitations of assuming fully developed speckle for single element
transducers.

Another issue to consider is the method of scan conversion. Due to
the presence of noise, an estimate of the distance between two sub-
sequent data frames based on the estimated calibration curve ∼ρ d( ) is
sometimes considered too erroneous. Therefore, current methods
combine distance estimates between many pairs of data frames using
weighted averages [29–32]. Again, it is unclear how accurate position
estimation is for noisy data from single element transducers, whereas
the retrospective combination of distance estimates compromises real-
time scan conversion. Therefore, a novel, real-time DABAS algorithm
[21] is proposed that displays a data frame in the relevant place as soon
as it is recorded.

2.2. Calibration curve

Let the calibration curve ρ d( ) be defined as the expected correlation
coefficient between a reference data frame and a data frame recorded at

a distance d from the reference. When fully developed speckle is as-
sumed without the presence of imaging noise, ρ d( ) is independent of
the reference recording location and its extrema are:
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=
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d (2)

where ρ (0) concerns the correlation coefficient between two data
frames recorded at different times but at the same location. This dis-
tinction becomes important when additive noise is present, whereupon
the first extremum is modified as follows:
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where σ is the signal-to-noise ratio (SNR) in dB.
With the addition of noise, the estimation of the calibration curve

will be subject to sampling error. Moreover, due to statistical fluctua-
tions, the correlation coefficient ρ between two data frames at distance
d will differ from ρ d( ) even without the presence of noise. Lastly, when
fully developed speckle cannot be assumed (conventionally defined as
less than 10 scatterers per resolution cell [33]), the autocorrelation of
the scattering function will modify ρ d( ). The extent of all these phe-
nomena should be assessed using simulations. In addition, two hy-
potheses concerning ρ d( ) should be tested. First, ρ d( ) should be closely
related to the lateral autocorrelation of the imaging response to a
combination of points at several depths. Second, when the calibration
curve under noise is normalized to a maximum of 1, the curve should
return to its original shape that it had without the addition of noise.

2.3. Real-time DABAS algorithm

Once an estimate of the calibration curve ρ d( ) has been obtained, a
scan conversion algorithm may be employed on the incoming data
frames …F F F, , , I1 2 . In conventional DABAS methods [29–32], the cor-
relation coefficients between all or a subset of the data frames are first
calculated; these coefficients are then combined offline to measure the
relative positions between subsequent data frames; lastly, the data
frames are interpolated onto image frames …I I I, , , K1 2 with a regular
spacing of yΔ between them. In contrast, the current algorithm, de-
scribed in detail in [21], relies on a high enough frame rate of data
frame acquisition to yield the assumption that for each image column,
there will be a data frame recorded sufficiently close to the desired
location. The real-time algorithm employs an acceptance criterion αi k,
that determines whether the current data frame i can be loaded into the
current image column k:
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where w j( ) are a set of weights for a window size J, used for combining
the absolute differences between a measured correlation coefficient

−ρI F,k j i and an expected correlation coefficient ρ j y( Δ ). The measured
correlation coefficient −ρI F,k j i is calculated between the current data
frame Fi and J past image frames. If the data frame was recorded at the
expected location, then the expected correlation coefficient should
beρ j y( Δ ). When the weighted sum of absolute differences is below some
predefined threshold ∊, the acceptance criterion is met, the current data
frame is loaded into image frame Ik, and k is incremented by 1 in order
to search for the data frame that can load the next image frame.

The above, relatively simple algorithm raises several questions.
What estimation errors does the algorithm produce? Is there an op-
timum image column spacing yΔ that minimizes position estimation
errors? In order to make the investigation of these questions manage-
able, the current work restricts itself to a window size of =J 1. A dis-
cussion of error quantification follows.
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2.4. Position estimation errors

When loading the data frames recorded at true positions xt into
image columns at desired positions xd, the difference between the two
vectors gives rise to position estimation errors and thus image de-
gradation. A simple scalar measure of error is the root mean square
error −x x‖ ‖t d 2. However, the error encapsulates two different phe-
nomena that should be differentiated from each other. The first, which
we term bias error, describes the linear increase in error between the
true and desired positions as a function of the desired position. This bias
error can be quantified by fitting a line to the relationship between xt
and xd and is measured in %:

= −e ex xargmin ‖ ‖ .b
e

t d 2 (5)

After removing the overall bias from the estimation, the average posi-
tion error will be zero. However, from one image column to the next,
the A-line may still be selected too early or too late. We term this
fluctuating error the ripple error and define it as the root mean square
position error after correcting for bias:

= −e ex x‖ ‖ .r t b d 2 (6)

By measuring the bias and ripple errors of the algorithm, the feasibility
of using this real-time DABAS algorithm for single element transducer
imaging may be investigated using simulations and experiments.

2.5. Translation speed requirements

One aspect of the algorithm that has not yet received attention is the
issue of how fast the transducer can be translated for the algorithm to
still function properly. For an image grid step size ( yΔ ), the pulse re-
petition frequency (PRF) of the ultrasound imaging system should be
fast enough that several (n) frames be recorded over a distance yΔ to
provide adequate sampling:

⩽v y n PRFΔ / · . (7)

As will be seen later, the choice of yΔ will itself depend on the cali-
bration curve.

3. Materials and methods

3.1. Ultrasound data recordings

In order to investigate the variability of the calibration curve and
accuracy of position estimation during scan conversion, both simula-
tions and phantom experiments were performed. In both cases, a series
of A-lines were collected by laterally moving the transducer in 10 μm
steps. In addition, clinical experiments were performed to investigate
the accuracy of the scan conversion method in real tissue.

3.1.1. Simulations
Simulations were performed using the Field II software [34,35] with

the same transducer geometry and response as used in the experiments.
To find the transducer response, backscatter from a planar plexiglass
element placed at the focus of the real transducer was recorded. A
4–12MHz brick-wall filter was applied by transforming the signals into
the frequency domain and setting coefficients outside the 4–12MHz
frequency band to zero. Then, an f 3 correction was applied to account
for the planar shape of the plexiglass reflector [36,37]. Prior to analysis,
both experimental and simulated radiofrequency (RF) data were again
filtered using the same 4–12MHz brick-wall filter.

3.1.2. Phantom experiment
The experimental setup consisted of a single element transducer

(V317, Olympus, Tokyo, Japan; diameter: 6.3 mm; f#: 3) connected to a
pulser-receiver-digitizer (US-KEY, LeCoeur, Chuelles, France) with
pulse width setting 5 and transmit voltage 120 V. The pulser-receiver-

digitizer was connected to a laptop that stored the received RF data at
80MHz sampling rate using custom-written software.

It should be mentioned that the central frequency of the Olympus
V317 transducer is 20MHz; however, due to the lower frequency re-
sponse of the US-KEY device, the overall response of the system in the
4–12MHz range was around 11 times larger than around 20MHz.
Therefore, to have a signal centered around one frequency and with an
acceptable SNR, the filter described in Section 3.1.1 was used – both for
simulations and experiments. Since our main conclusions here are in-
dependent of the frequencies used, the demonstrated method can be
similarly applied for high frequency imaging which is one of the mo-
tivations of our work (Section 1).

Transducer motion was achieved using a precision mechanical
motion system (MTS50/M-Z8, Thorlabs, Newton, NJ). Measurements
were carried out in a deionized water bath for acoustic coupling.

For the phantom experiment, a homogeneous agar-graphite
phantom was prepared. Deionized water was heated to above 80 °C in a
microwave, slowly adding 3% w/w agar, and then 4% w/w graphite to
the water while gently stirring, then pouring the mixture into a plex-
iglass cast and allowing to cool. Upon cooling and removal from the
cast, a 25mm (axial) × 66mm (lateral) × 45mm (elevational) phantom
was obtained.

3.1.3. Preliminary in vivo human skin experiment
In vivo human skin experiments were performed at the Department

of Dermatology, Venereology and Dermatooncology, Semmelweis
University. The transducer and pulser-receiver digitizer described in the
previous subsection was placed inside a plastic housing and manually
scanned over the surface of the skin [22]. The received A-lines were
then recorded on a laptop. B-mode images of the same skin lesion were
also recorded using a reference commercial ultrasound imager (EUP-
L75 connected to Hitachi Preirus, Hitachi, Tokyo, Japan). To ensure
accurate comparison, the maximal lateral extent of the lesion was
sought to be imaged using both systems. The experiments were carried
out as part of an ethically approved study. The current work presents
the analysis of N= 20 lesions.

Prior to lateral scan conversion (based on data-based position esti-
mation), the same 4–12MHz brick-wall filter was applied on clinical
data as in simulations and phantom experiments. To compensate for
undesired axial motion during manual scanning, the cross-correlation
peak between adjacent lines was used to axially shift each incoming A-
line.

3.2. Calibration curve

A number of real and simulated ultrasound images were generated,
from which calibration curves were obtained in the following manner.
First, for each (depth) index, the cross-correlation of each RF line
(acting as reference) was calculated in the lateral direction using ad-
jacent RF lines within a lateral range of 600 μm. The mean of these
cross-correlation curves was then calculated across all depths and
across all reference RF lines.

Calibration curves were simulated to seek answers to the following
questions (described in the subsections below).

3.2.1. Scatterer density
To answer the question of how the violation of the fully developed

speckle (FDS) assumption affects the calibration curve (Section 2.2), a
number of homogeneous phantoms were simulated with different
scatterer densities. The scatterer densities were calculated in terms of
the resolution cell [38].

3.2.2. Signal to noise ratio
In order to investigate the noise-dependence of the calibration curve

estimate – and by extension, the robustness of the real-time DABAS
algorithm to additive noise – the same Gaussian random noise was
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added to the RF image data producing various signal-to-noise ratios. To
answer the question of whether the addition of noise preserves the
shape of the calibration curve (Section 2.2), the curve was normalized
to have a maximum value of 1 and compared with the noiseless cali-
bration curve.

3.2.3. Calibration curve estimation from point scatterers
If the imager response were depth-invariant, then we would expect

from the Van Cittert-Zernike theorem that the calibration curve ob-
tained from a single scatterer would correspond to that obtained from
fully developed speckle [39]. However, due to depth-dependence, it is
postulated that the placement of several scatterers at depths far enough
to avoid interference will approximate the calibration curve of the fully
developed speckle case (Section 2.2). Therefore, we simulated images
from a number of scatterers and compared how closely the corre-
sponding calibration curve could approximate the true calibration
curve.

3.2.4. Comparison of simulation with experiment
To test how well simulations reflect experiments, including the

ability to predict the experimental calibration curve, the calibration
curve from the simulated fully developed speckle image was compared
with the calibration curve obtained from the experimental homo-
geneous phantom.

3.3. Scan conversion algorithm and its performance

3.3.1. Algorithm implementation
The real-time DABAS algorithm described in Section 2.3 was ap-

plied to the simulated and experimental homogeneous phantoms using
a comparison window length =J 1 and a range of image grid spacings

= …yΔ 10, 20, ,600 μm. Each grid spacing corresponded to a value of
cross-correlation (from the calibration curve) that was used to decide
whether the current RF line should be loaded into the image grid. The
bias and ripple errors were calculated for each yΔ to search for an
optimum yΔ . The error levels were compared between simulations and
experiment.

3.3.2. Comparison with adaptive calibration curve calculation
The accuracy of position estimation with a fixed calibration curve

was compared with that of an adaptive calibration curve estimation
method from literature [23]. The adaptive algorithm relaxes the FDS
assumption by assuming that scatterer coherency is isotropic so that the
local lateral coherency can be estimated from the axial autocorrelation,
allowing adaptive modification of the calibration curve. The method
had been developed and tested for 2-D to 3-D scan conversion and was
adapted to the current case of 1-D to 2-D scan conversion in the fol-
lowing manner.

For each incoming A-line, comparison of the current axial auto-
correlation with a reference mean axial autocorrelation of the FDS si-
mulation phantom (10 scatterers/resolution cell) yields an estimate of
the local scatterer coherency. This estimate is then used to adapt the
estimated calibration curve according to the procedure described in

[23]. For estimating coherency, axial autocorrelation was calculated for
the envelope of data frames. Correlation of coherence was considered
four times wider laterally than axially since the resolution cell was
approximately four times wider in the lateral direction than in the axial.

It should be noted that apart from the use of an adaptive calibration
curve, all other aspects of the implementation followed the proposed
real-time DABAS algorithm, rather than the description in [23]. In
particular, no angular correction was employed by using several image
patches; no median filter was applied; and data frames were accepted
into the image columns according to Eq. (4).

When performing comparison of the two methods, we focused on a
range of step sizes where errors were minimal for both algorithms, due
to maximal slope of the calibration curve [40,41]. Our aim was to in-
vestigate whether the fixed calibration curve could yield comparable
accuracies while ensuring a real-time operation.

3.3.3. Evaluation of clinical data
Following collection and preprocessing of clinical data (described in

Section 3.1.3), lateral scan conversion was performed on the pre-
processed set of A-lines. An image grid step size of 300 μm was used,
corresponding to a correlation value of 0.5 in the calibration curve. The
value was evaluated from the calibration curve of the homogeneous
phantom experiment, since it was assumed that the same noise level
needed to be corrected for in both cases (Section 3.2.4).

For clinical data of real tissue acquired via freehand manual scan-
ning, the exact positions of A-lines were not known a priori, and posi-
tion errors could therefore not be estimated directly. However, using
images made of the same skin lesion by the reference device, spatial
dimensions of the lesions (measured manually on the images) could be
used as a basis of comparison. It was expected that lesion length errors
(calculated in the lateral dimension) would primarily express the in-
accuracy of scan conversion, while lesion thickness errors (calculated in
the axial direction) could serve as a measure of baseline error (such as
arising from inaccuracies in imaging the same maximal diameter 2-D
slice of the lesion volume, or the inaccuracy of manual measurements).

4. Results and discussion

Following the structure of Section 3, results are presented in terms
of the ultrasound images, the calibration curves, and scan conversion
algorithm performance results obtained.

4.1. Ultrasound image recordings

Fig. 1 shows simulated images of homogeneous phantoms with
different scatterer densities of 0.2, 1, 5 and 10 scatterers/resolution
cell, with the last case (10 scatterers/resolution cell) considered as fully
developed speckle [33]). The depth of field can be qualitatively ob-
served as a vertical band of relatively higher intensity speckle. The
asymptotic behaviour towards fully developed speckle can also be
qualitatively observed.

Simulated B-mode images of 1, 11 and 31 scatterers can be observed
in Fig. 2. These were used to generate calibration curves that

Fig. 1. Simulated B-mode images (with 60 dB dynamic range) of homogeneous phantoms of 0.2, 1, 5 and 10 scatterers/resolution cell densities, respectively. The
simulated imaging system was a single element Olympus V317 transducer moved along the lateral dimension, collecting A-lines with an equal 10 μm spacing.
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potentially approximate the fully developed scatterer case. The case of
11 scatterers approximately covers the −6 dB depth of field of the
transducer. In Fig. 3, an image of the experimental agar-graphite
phantom can be observed.

4.2. Calibration curve

4.2.1. Scatterer density
Calibration curves were calculated for a number of homogeneous

phantoms simulated with different scatterer densities.
In order to define scatterer densities in terms of a number of scat-

terers in the resolution cell, the latter was established by simulating a
point scatterer at the focus of the transducer, taking the envelope of the
image thus produced, and calculating the area above or equal to 0.5 (or
−6 dB) of the peak amplitude. Using this measure, the appropriate
number of point scatterers was randomly placed on a 30mm (axial) ×
35mm (lateral) 2-D region using a 2-D uniform distribution. Phantoms
with different scatterer densities of 0.2, 1, 5 and 10 scatterers/resolu-
tion cell were generated, with the last case considered as fully devel-
oped speckle [33]. The running time of the simulations on a laptop
(Intel Core i5 processor, 8 GB RAM) was 10–450min, depending on
scatterer density.

Calibration curves calculated for different scatterer densities (0.2, 1,
5, 10 scatterers/ resolution cell) were found to be almost identical
(Fig. 4), with a mean absolute error of × −8.3 10 3 (in average, for all
pairs of the four curves presented). The results suggest that the real-
time DABAS algorithm can use the fully developed speckle (FDS) cali-
bration curve for a wide variety of homogeneous scatterer densities.

4.2.2. Signal to noise ratio
Calibration curves calculated from the same image with different

levels of additive noise (20, 15, 10, 5, 0 and−5 dB) are presented in the
top of Fig. 5. The results are shown for 10 scatterers/resolution cell but
are representative for other scatterer concentrations as well. The peak
correlation values are in agreement with the values expected from Eq.
(3). Upon normalization to a peak value of 1 (bottom of Fig. 5), the
correlation curve follows the shape of the noiseless case (with

× −1.0 10 3 mean absolute error between the noiseless-case curve and
the normalized curve calculated for the −5 dB SNR case). This suggests
that only a minor modification of the noiseless-case calibration curve is
needed when running the DABAS algorithm in the presence of noise.

4.2.3. Calibration curve estimation from point scatterers
As introduced in Section 3.2.3, calibration curve approximation

from the imaging response for a combination of point scatterers was
investigated.

Since the observed amplitude in the image will decrease as the
depth of the scatterer moves away from the focus, the question arises as
to what depth range the scatterers need to cover to approximate the
fully developed speckle calibration curve. To this end, 1, 3, …, 31
scatterers were placed in an axial line around the transducer focus, with
1mm spacing between them (to avoid interference).

In Fig. 6, calibration curves calculated from images of 1, 11 and 31
scatterers (placed as described above and shown in Fig. 2) are presented
and compared to the one calculated from a (30mm deep) homogeneous
phantom with 10 scatterers/resolution cell concentration, considered to
exhibit fully developed speckle (FDS). As the number of scatterers – and
thereby axial range – increases, the calibration curve approaches the
FDS calibration curve, with × −6.9 10 3 mean absolute error between
the curves calculated for the 31 scatterers and for the FDS phantom.
The results show that the FDS calibration curve can be approximated
accurately by placing a relatively small number of scatterers along the
transducer axis.

In related work (where 2-D images are extended to 3-D images), the
images of simulated or real phantoms are divided into patches, and the
curves are calculated separately for each patch [23,24,42]. The patch
dimensions are chosen such that there is minimal variation of the ca-
libration curve within the patch. In contrast, the current work shows
how an overall FDS calibration curve may be derived for the entire
region from a relatively few number of scatterers.

4.2.4. Comparison of simulation with experiment
The calibration curve calculated from experimental data is pre-

sented in the top of Fig. 7. From Eq. (3), the SNR is estimated as
10.5 dB. The bottom of Fig. 7 shows a comparison of the normalized
experimental calibration curve with the FDS calibration curve from

Fig. 2. Simulated B-mode images (40 dB dynamic range) of 1, 11 and 31 scatterers respectively placed around transducer focus with a uniform axial spacing of 1mm.
The imaging system simulated was the same as for Fig. 1.

Fig. 3. B-mode ultrasound image made of a 3% agar – 4% graphite homo-
geneous phantom by mechanically scanning an Olympus V317 single element
transducer (with 19mm focus). The image consists of 4000 A-lines with 10 μm
spacing. The depth range shown here is the range used for later analysis (cal-
culation of the calibration curve and position estimation).
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simulations. The two curves show strong similarity, with × −1.19 10 2

mean absolute error, suggesting the potential of accurate calibration
curve estimation from knowledge of the transducer geometry and re-
sponse.

4.3. Scan conversion algorithm performance

For the scan conversion on the simulated and phantom data, the
calibration curve obtained from the FDS simulation was used; however,

Fig. 4. Calibration curves calculated from simulated data of homogeneous phantoms with 0.2, 1, 5 and 10 scatterers/ resolution cell densities.

Fig. 5. Calibration curves calculated from simulated image data of homogeneous phantom (with 10 scatterers/ resolution cell density) without noise and with
additional (Gaussian random distribution) noise according to 20 dB, 15 dB, 10 dB, 5 dB, 0 dB and –5 dB SNR. Top: Calibration curves are presented as calculated
(containing also noise level information in initial decay). Bottom: Normalized calibration curves in order to make a visual comparison of the decay rate similarity for
the curves.
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in the latter case, the curve was scaled according to Eq. (3) to account
for the noise level being present.

Fig. 8 shows the position estimation errors from using a fixed cali-
bration curve in comparison to the adaptive calibration curve, on the

homogeneous phantom with 10 scatterers/resolution cell. The results
are representative of other scatterer densities. Using image grid step
sizes that correspond to correlation values close to 1 or 0 cause rela-
tively large errors. This result is consistent with previous work [40,41]

Fig. 6. Calibration curves calculated from simulated image data of 1, 11 and 31 scatterers placed axially around transducer focus with a uniform 1mm distance are
compared with calibration curve calculated from simulated image of a FDS homogeneous phantom (10 scatterers/ resolution cell density) as a reference.

Fig. 7. Calibration curve from experimental image data. Top: Calibration curve calculated from experimental image data (containing noise level information in its
initial decay). Bottom: Normalized calibration curve from experimental data compared to calibration curve from simulated data (homogeneous phantom with 10
scatterers/resolution cell density).
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and is to be expected because at these values, small changes in corre-
lation values cause large changes in the estimated distance. Interest-
ingly, the bias error is higher for too small image grid steps, whereas the
ripple error is higher for too large image grid steps. Overall, a fairly
wide range of image grid step sizes (150–350 μm) can be used to obtain
relatively low errors for both bias and ripple, in the cases of both al-
gorithms. The ranges of absolute errors in this range of image grid step
sizes are shown in Table 1. As mentioned in Section 3.3.2, we focused
our comparison to this range since our aim was only to show that the
proposed real-time method has an acceptable performance in a rea-
sonable application range (of step sizes) as compared to the current
literature. As Table 1 shows, the errors are considered acceptable for
scan conversion.

Fig. 9 shows corresponding results for experimental data, with
Table 2 presenting the extrema of absolute errors in the aforementioned
150–350 μm range of image grid step sizes. These errors are around an
order of magnitude higher than those in simulations. Since noise in the
image creates noise in the correlation values, this is expected to degrade
position accuracy, which could be improved in future work by using a
larger comparison window size J (Eq. (4)), which would incorporate

more correlation values in the algorithm.
Overall, the scan conversion algorithms performed well in the

150–350 μm step size region both for simulations and experiments,
with accuracy progressively degrading outside of this region. As men-
tioned earlier, this is to be expected since accuracy is improved where
the corresponding calibration curve has a high slope. However, it is not
clear why – for both algorithms – the ripple error in the experimental
data shows a strong peak at lower (50–100 μm) step sizes (Fig. 9).
Further work using simulations could potentially uncover responsible
mechanisms, including the role of local inhomogeneities. Nevertheless,
since the phantom experiment confirms that within the high-slope re-
gion of the calibration curve, acceptable errors are obtained, the next
validation using clinical data uses a step size from this region.

Summarizing the comparison of scan conversion algorithm perfor-
mances, position estimation errors were similar for the two methods,
with 92.94% overlap of error ranges in average for bias and ripple er-
rors in simulations, and 42.83% overlap of error ranges in experiments
(as an average of 62.28% overlap for ripple errors and 23.39% overlap
for absolute bias errors). As it can be seen in Tables 1 and 2, the use of a
fixed calibration curve was leading to slightly higher absolute bias but
lower ripple errors. Nevertheless, the main improvement of the former
is in its running time. Use of a fixed calibration curve gave a 350 times
improvement in running time compared to using an adaptive calibra-
tion curve, with the former generating an image from 1000 A-lines in
345 ± 132ms (using MATLAB on a computer with Intel Core i5 pro-
cessor, 8 GB RAM).

4.4. Preliminary in vivo human skin experiment

The 20 recorded lesions had 0.7–5.5mm thickness and 3.1–14.6mm
length. Fig. 10 shows a representative comparison of a human skin le-
sion image taken with the reference commercial ultrasound imager, and

Fig. 8. Position estimation errors (in
green) for simulated data of a homo-
geneous phantom with fully developed
speckle (10 scatterers/resolution cell)
using fixed (top) and adaptive (bottom)
calibration curves. Cumulative errors
(bias) (left) and ripple errors (right) are
presented for different step sizes (dis-
tances) of position estimation. The corre-
sponding correlation values of the fixed
calibration curve (obtained from the same
phantom) are shown in blue. (For inter-
pretation of the references to colour in this
figure legend, the reader is referred to the
web version of this article.)

Table 1
Ranges of position estimation errors within the 150–350 μm range of image
grid step sizes for a simulated FDS phantom using fixed and adaptive calibration
curves. A plot of the errors as a function of image grid step size is shown in
Fig. 8.

Position estimation errors for the fixed and adaptive calibration curves – simulations

Type of error Absolute bias error [%] Ripple error [μm]

Fixed calibration curve 2.1 – 3.9 43.8 – 85.5
Adaptive calibration curve 2.1 – 3.8 46.0 – 87.0
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the image obtained with moving a single element transducer by free
hand using the proposed scan conversion algorithm. As shown on the
right image (which depicts the selection of A-lines from the incoming
stream of A-lines) the algorithm could handle a range of scanning
speeds. Qualitatively, both sets of images appeared to show the same
morphology, as can be seen by a representative set of images in Fig. 10.
For a quantitative judgment of the performance, Table 3 shows a

summary of length and thickness errors, regarding measured lesion
dimensions for all 20 cases, with measurements from the reference
device images used as reference. The proposed scan conversion algo-
rithm using a fixed calibration curve performed no worse than the
adaptive calibration curve implementation, and its accuracy was close
to the thickness measurement errors. The mean error obtained in these

Fig. 9. Position estimation errors (in
green) for experimental data of a homo-
geneous agar-graphite phantom using fixed
(top) and adaptive (bottom) calibration
curves. Cumulative errors (bias) (left) and
ripple errors (right) are presented for dif-
ferent step sizes (distances) of position es-
timation. The corresponding correlation
values of the fixed calibration curve (a
version of the simulated phantom calibra-
tion curve, corrected for noise – see Section
3.2.4) are shown in blue. (For interpreta-
tion of the references to colour in this
figure legend, the reader is referred to the
web version of this article.)

Table 2
Ranges of position estimation errors within the 150–350 μm range of image
grid step sizes for the agar-graphite phantom experiment using fixed and
adaptive calibration curves. A plot of the errors as a function of image grid step
size is shown in Fig. 9.

Position estimation errors for the fixed and adaptive calibration curves – experiments

Type of error Absolute bias error
[%]

Ripple error [μm]

Fixed calibration curve 6.5–15.7 589.5–1143.0
Adaptive calibration curve 3.3–9.4 674.3–1342.1

Fig. 10. In vivo. ultrasound images of a
melanoma on a human sole. Left:
Ultrasound image obtained with a com-
mercial imaging device using a linear
array transducer (Section 3.1.3) as re-
ference. Middle: Ultrasound image of the
same lesion obtained with a single element
transducer using the proposed scan con-
version algorithm. Right: Set of A-lines
(scanned by the single element trans-
ducer) after axial shift correction but prior

to (lateral) scan conversion. Red lines depict A-lines that were selected for scan conversion (see image in the middle). (For interpretation of the references to colour in
this figure legend, the reader is referred to the web version of this article.)

Table 3
Scan conversion algorithm performance for in vivo (human skin tissue) data
based on 20 lesion dimensions with reference dimensions obtained from images
obtained using the reference commercial ultrasound device.

Human skin lesion dimension measurements

Type of error Mean error
[%]

Standard deviation [%]

Lesion length (fixed calibration
curve)

10.8 8.6

Lesion length (adaptive calibration
curve)

13.2 8.8

Lesion thickness 8.6 6.7
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non-homogeneous tissues was similar to the bias error obtained in the
phantom image. The results suggest that using the FDS calibration
curve on the proposed algorithm generates clinically interpretable
images with reasonable position accuracy.

4.5. Remarks on the feasibility of the proposed DABAS method

The results were presented for a specific case, however they can be
easily generalized for transducers with different frequencies and pulse
parameters. For the specific case presented here, axial image resolution
was 135 μm and lateral resolution was 550 μm in the focal region of the
transducer. As concluded from Section 4.3, optimal performance of the
proposed scan conversion algorithm can be achieved by using an image
grid step size being close to this value.

The speed limit of the transducer movement – as seen in Section 2.5
– can be derived from the image grid step size and from the pulse re-
petition frequency (PRF). For the US-KEY, the effective PRF taking into
account data transfer rate was 67 Hz. In the case of the clinical ex-
periments presented in this work, the speed of lateral scanning was

±2.27 0.57 mm/s. This means that on average, an oversampling of
=n 8.85 (Eq. (7)) was achieved.
When talking about the feasibility of a freehand imaging method,

another issue to consider beside spatial and temporal resolution (and, in
connection, transducer movement speed requirements) is transducer
movement requirements in terms of stability of orientation. Instabilities
in transducer orientation during freehand scanning can be divided into
two groups: axial vibrations and tilting vibrations.

We developed a simple, real-time, correlation-based method to
compensate for axial vibrations during freehand frame acquisition (see
Section 3.1.3). This compensation was successfully applied on clinical
data where axial correction was performed on raw data prior to ap-
plication of the lateral scan conversion algorithm. The RMSE (root-
mean-square-error) of the corrected axial movements was 1.32mm in
average for the 20 recorded lesion cases presented in this article.

Tilting vibrations (or angle distortions) were not investigated in
particular, however, we found that – for the clinical experiments pre-
sented in Section 4.4 which may have included some tilting motion –
results do not suggest its extent to be significant. This is partially due to
the design of the imaging hardware which was shaped in a way to
minimize tilting vibrations during movement of the transducer.

5. Conclusions

A novel real-time algorithm was presented in this article for data-
based scan conversion of A-lines obtained from a laterally scanned ul-
trasound transducer. The algorithm depends on the calculation of a
calibration curve that describes the level of decorrelation between data
as the transducer moves away from its original position. Simulations
showed that there is negligible difference in the calibration curve for
different scatterer concentrations (0.2–10 scatterers/resolution cell).
Additive Gaussian noise (−5 to 20 dB SNR) lowered the peak correla-
tion value as expected, however on normalization, the calibration curve
retained its original shape. The placement of a relatively few (31)
scatterers on a 30mm axial line around the transducer focus also esti-
mated the curve with high accuracy. Furthermore, good agreement was
found between the simulated and experimental calibration curve ob-
tained from simulated and experimental data.

When running the scan conversion algorithm using the calibration
curves with a window size of 1, reasonable performance was achieved
for simulations, with bias and ripple errors not exceeding 3.9% or 85.5
μm, respectively for a wide range of image step sizes (150–350 μm,
where the calibration curve had a high slope). Worse performance was
obtained with experimental data (<15.4% absolute bias and <1143.0 μm
ripple over the same range of image step sizes), suggesting the need for
investigating the use of larger ( >J 1) comparison window sizes in the
algorithm.

Clinical data of in vivo human skin lesions showed the feasibility of
the proposed scan conversion algorithm for real, non-homogeneous
tissue.

Using a fixed calibration curve compared to an adaptive calibration
curve estimation gave similar errors for all investigated cases (simula-
tions, phantom experiments and clinical data), while the former method
ran about 350 times faster than the latter.

Although simulations and the phantom experiment did not include
tilting motion, freehand scanning of tissue may have included some
tilting motion; however, results do not suggest its extent to be sig-
nificant.

Another issue to consider is the acquisition frame-rate necessary for
adequate lateral sampling. For dermatological applications, scan times
as long as 1 s are routine [20]. Manually scanning a 20mm wide lesion
over such a duration is deemed feasible; using a step size =yΔ 300 μm
and =n 10 oversampling requires a PRF of 667 Hz according to Eq. (7),
which is an acceptable value for the ultrasound electronics. In the
present case, a PRF of 67 Hz was available, which could still be used
with a relatively slower scanning speed of around 2mm/s, providing an
oversampling of =n 8.85 (see Section 4.5).

Overall, the current work has demonstrated the feasibility of using a
real-time scan conversion algorithm for generating 2-D diagnostic
images using a laterally scanned single-element ultrasound transducer.
The method proposed here can be useful in ultrasound imaging appli-
cations in which cost-effectiveness is an important aspect such as high
frequency applications where array transducer fabrication is particu-
larly expensive; and where, additionally, linear scanning is preferred to
angular scanning. An example of such an application is point-of-care
skin imaging. The current results show that the presented methods can
be used reliably in such an application.
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