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Fig. 1. (a) Hierarchical organization of the tendon [2] and (b) three metacarpal
sites of the SDFT.

Fig. 2. 2DB-scan images of metacarpal SDFTs. Cross sectional and longitu-
dinal views of a normal SDFT, (a) and (b), and of an injured SDFT, (c) and (d).

imaging technique that allows extracting accurately the internal
structure of the tendon. The next paragraphs focus on the state of
the art of imaging techniques applied to SDFTB-scan images,
and on the proposed technique and its mathematical foundation.

SDFTB-scan image processing requires several stages, Þrst
the SDFT integrity assessment that was limited to content quan-
tiÞcation by texture analysis and Þrst-order grey-level represen-
tation [9]Ð[11]. These studies have often led to conßicting re-
sults on the sources of the observed hyper-echoic structures of
theB-scans and on discriminating normal from injured tendon
[10]. QualitativeB-scan image analysis revealed that the hyper-
echoic structure density observed on the CSAB-scan image
planes decreases from the proximal to the distal metacarpal sites
[7], [12], which likely indicates less FBD in the distal region.
Such results (less FBD) may signify mechanical weaknesses
in traction and consequently explain the high occurrence of le-
sions at this site [5], [13]. Recently, more robust imaging tech-
niques have been designed in order to understand accurately the
content of those images: among them, the spectral analysis of
SDFT echo signal has been proposed [12]. In this study, the au-
thors have described mathematical simulation models to clarify

the relationship between the backscattering and structure thick-
nesses and also to correlate the echo spectra with high-reso-
lution images from several modalities; authors conclude that
the interfascicular space thicknesses and their ionization angle
are predominant factors explaining hyper-echoic structures. The
last study conducted by us [8] proposed an original imaging
technique based on simulations ofB-scan images revealing that
the interfascicular spaces are most likely responsible for hyper-
echoic structures onB-scan images; and discrimination between
normal and injuredB-scan images of SDFT.

Beside information on echogenicity density, it would be rel-
evant to quantitatively assess the structural integrity of tendons
and the extent of healing to support the decision as to whether or
not a horse can resume training and racing, and if so when. To do
this, the extraction of the interfascicular spaces corresponding to
the intact Þber bundle fascicles by an appropriate segmentation
method meets perfectly this goal.

Among segmentation methods in the literature that relate to
our problem are variational methods and speciÞcally shock Þl-
ters. A shock Þlter is a nonlinear hyperbolic partial differen-
tial equation (PDE) Þlter [14]Ð[17] regarded as a deconvolu-
tion Þlter used to segment an image on piecewise constant seg-
mentations. Inspired by the existing deconvolution shock Þlter
algorithms, we present an alternative approach that allows the
thinning (rather than the deconvolution) of the observed hyper-
echoic structures corresponding to the interfascicular spaces [8]
to facilitate their extraction. The algorithm is based on the ana-
lytical shock Þlter form described in [14] and on the numerical
scheme developed in [18], adapted to handleB-scan images.
Closing morphological operations are subsequently applied to
the enhanced images.

The proposed thinning algorithm is presented Þrst analyti-
cally and numerically in the 1D case to clarify its behaviour and
to compare it with the classical deconvolution algorithm, then
the 2D algorithm is applied to ultrasound images. The morpho-
logical operations are used in the Þnal step to characterize Þber
fascicle bundles as binary closed structures. The quantiÞcation
of the FBD allowed the discrimination between normal and in-
jured SDFTs. It was also used to explain the mechanical strength
properties of the metacarpal in traction, and the frequent appear-
ance of lesions in its distal site [13].

II. PREVIOUS SHOCK FILTER MODELS

Shock Þlter algorithms rely on image deconvolution to
create sharp discontinuities (the ÒshocksÓ) between adjacent
grey-scale zones (inßuence zones) in the images and produce
piecewise constant segmentations. The concept of image shock
Þlter enhancement is adapted from nonlinear hyperbolic tech-
niques [17]. In the following equations, thedenotes the 1D
signal and the denotes the 2D signal or theB-scan image. In
the 1D case, the signal veriÞes the following hyperbolic
equation:

(1)

with the initial signal , and the scalar .
and are the Þrst derivatives in time and in space respectively.
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Fig. 3. Piece-wise segmentation of a curved noise-free 1D signal.

The solution of (1) is , and it corresponds
to the initial signal propagated at speed.

In order to integrate signal deblurring and enhancement into
the previous 1D model of (1), it was suggested to force the signal
propagation speed to depend on the signal itself [15], [16], and,
more precisely on the of the second spatial derivative .
This suggestion led Osher and Rudin [16], [17] to propose their
1D model, which is written as follows:

(2)

This model of (2) can be interpreted as mathematical mor-
phological operations [19]. Indeed, according to the of the
second derivative , (2) can be decomposed into three parts,
as follows:

(3)

Shocks occur at signal inßection points (zero-crossings of)
and lead to piece-wise constant solutions. As shown in Fig. 3,
the shock process performs dilatation by solving
in concave signal segments, whereas, in convex segments,
measurement of the erosion that takes place is achieved by
solving . The shock process maintains local ex-
trema (maxima and minima) constant in time, without creating
new ones.

The 2D shock Þlter model of Osher and Rudin [16], [17] has
the following form:

(4)

with the initial condition (original image) ,
the gradient direction , and the 2D shock func-
tion , which must satisÞes , and

. was chosen in
[16], [17] to be the shock function in the case of (4).

Osher and RudinÕs shock Þlter model is very sensitive to
noise: the second derivative ampliÞes noise, and so the loca-
tion of the real zero-crossings of in (2) is a very difÞ-
cult task. Several studies have addressed this issue, and var-
ious solutions have been suggested. Authors in [14], [20]Ð[22]
have opted to convolve the signalÕs second derivative with a
smoothing Gaussian operator of standard deviation ap-
plied to the argument of the shock function of (2)

(5)

Fig. 4. 1D shock deconvolution process of (5) with various Gaussian
smoothing kernels� . Top row (from left): (a) original noise-free signal (sine
wave), (b) noise-free signal restored by the shock Þlter, (c) original signal +
whiteGaussian noise deÞned with a��� � ��; bottom: noised signal restored
using Gaussian deblurring, (d) with� � ���, (e) � � �, and (f)� � �.

The Gaussian operator is not generally sufÞcient to overcome
the noise problems. Indeed, the zero-crossings of
depend on the width of the Gaussian support . As
shown in Fig. 4, the inßection points of the entity
can change according to, which makes the identiÞcation of
inßection points less accurate.

As mentioned in [23], Alvarez and Mazzora proposed a new
approach in [14], which combines enhancement and denoising:
smoother signal sections are denoised, while edges are enhanced
and sharpened. The main idea is to add an anisotropic diffusion
term with an adaptive weight to the shock term. This model is
written in 2D as follows:

(6)

where the scalar , and is the perpendicular to the
gradient direction ; i.e., .

In [21], Kornprobstet al. modiÞed the previous equation to
obtain

(7)
where if and 0
otherwise. Parameters and are positive scalars. Isotropic
diffusion occurs in homogeneous zones , whereas the
Alvarez and Mazzora shock enhancement behavior occurs in
non homogeneous zones .

Using a different approach, Coulon and Arridge proposed the
following in [20]:

(8)

where . This Þlter has a similar
behavior to the Kornprobstet al. model (7), that is, isotropic
diffusion in the homogeneous zones where the smoothed image
gradient is low, while in zones where the gradient is high, the
model behaves as (5).

Gilboa et al. [23] proposed a model that relies on complex
diffusion:

(9)
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Fig. 6. Changes in shock algorithm properties according to the sign of the
shock function� . Restoration after 30 iterations of the noise-free curved 1D
signal�� � ���� ��� by: (a) the classical 1D deconvolution shock algorithm
and (b) our original 1D thinning shock algorithm.

Fig. 7. On left-hand panels, the solution is shown using the classical decon-
volution shock algorithm for the initial smoothed signal� � ����� �� �
	
��� �� . We note discontinuities at the location of the zero-crossings of� .
On right-hand panels, the solution is shown using our original thinning shock
algorithm applied on the same signal� . The thinning occurs at the location
of the local maxima of� , (a) original signal, (b) signal sequence at iteration
8 and (c) signal sequence at iteration 30.

Here the subscript 1 is used to deÞne the classical deconvo-
lution process property [14], [18]. Fig. 6(a) is an example
showing the evolution of the deconvolution process to create
sharp discontinuities in the original signal (the curve signal
described by , ) that evolves into a
piecewise constant signal. The moving points of the original
signal are governed by the of . In the intervals

, is positive and signal
points evolve by moving them to the right inducing the creation
of jumps at , , and , while is negative in
the intervals and signal points
evolve by moving them to the left inducing the creation of
jumps at , , and (Ò Ó and ÒÓ indicate the left

and right values of the central point). We notice that the
of is null at points: , , , , , , and
in which the signal remains invariant (extreme points).

Shock Function of Our Original Thinning Algorithm:
Since our objective is to extract the hyper-echoic structures
that are represented by local maxima of the intensity proÞle of
the SDFTB-scan image, and inspired by the shock function
properties of the classical deconvolution process[14], [18]
described above, the direction of movement of signal points can
alternatively be controlled by introducing a new shock function
that ensures an erosion process around those local maxima and
a dilation elsewhere. The chosen shock function must retain
local maxima and minima of the signal, while allowing signal
points to move according to the of the shock function. A
simple choice for the shock function, which can translate these
analytical properties into the proposed thinning algorithm, is

(14)

The subscript 2 is used here to describe the proposed thinning
process property. Fig. 6(b) shows the behavior of this algorithm
and moving points of the original signal , which are gov-
erned by the of the proposed function . Around local
maxima of the signal at , is positive in the interval

and signal points evolve to the right of the signal in-
ducing the creation of jumps at , while is nega-
tive in the interval and signal points evolve to the
left of the signal inducing jumps at . The of

is null and the signal remains invariant at the central point
(local maxima). This process simply reßects erosion

around . The algorithm erodes similarly the signal
around the local maxima at .

Fig. 7 shows the application of the proposed thinning algo-
rithm versus the classical deconvolution method. The input is
a 1D noise-free multimodal signal similar to intensity proÞles
of SDFTB-scan images after smoothing by . Local maxima
mimic the hyper-echoic structures corresponding to the inter-
fascicular spaces. The deconvolution algorithm processes the
signal by creating a sharp discontinuity that evolves into a piece-
wise constant signal, while the thinning algorithm erodes the
signal around local maxima. The thinned process is more prac-
tical to our purpose since it thins hyper-echoic structures when
applied on SDFTB-scan images (as shown later); and it pre-pro-
cesses them to facilitate their extraction using complementary
morphological operations. Both algorithms are based on a stop-
ping criterion on the error between two consecutive signal se-
quences, with a maximum of 30 iterations.

2) Two-Dimensional Thinning Shock Algorithm: The 2D
thinning algorithm based on the same analytical properties as
in 1D is described by the following model:

(15)
As in the 1D case, we use the notation for the
smoothed initial image. The shock function is not easy to gener-
alize from the 1D model, however, it can be estimated using the
structural information contained in such images. Indeed, par-
allel and linear hyper-echoic structures are formed when the
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to deduce the average number of Þber bundle fascicles for each
normal tendon.

B. Clinical B-Scan Image Dataset

Clinical B-scan images were obtainedin vivo from eight
normal and Þve injured horses at theÉcole Vétérinaire d’Alfort,
Maisons-Alfort, Val-de-Marne, France. They were acquired
from the equine SDFT in freehand mode scanning with a
7.5-MHz linear array transducer (SSD-2000-7.5 Aloka, Tokyo,
Japan). Tendons were scanned along the loading axis direction
(CSA view), from the proximal to the distal part, with a free-
hand speed displacement of around . The total number
of transverse images taken was 150 per horse tendon.
These were realigned longitudinally by rigid registration [31]
to obtain coherent 3D tendon structures.

V. RESULTS

A. Segmentation Results

The segmentation technique was Þrst applied on simulated
B-scans. Typical US images of a normal and an injured SDFTs
are given in Fig. 8(e) and (f), respectively. The challenge of the
segmentation method was to recover hyper-echoic structures, on
thoseB-scans, to match the gold standard macro-photography
references, as depicted in Fig. 8(a) and (b).

The iterative thinning processing of hyper-echoic features
was based on a stopping criterion on the error between two con-
secutive image sequences (with a maximum of 30 iterations).
To obtain smoothed symmetrical curved surfaces (2D local
maxima) from processedB-scans, in (15) and (16) was set to
5, which corresponds to the mean thicknesses of hyper-echoic
structures on all images (around 10 pixels). Results of Fig. 9
show that the thinning process closely matched the targeted
hyper-echoic structures of the intact interfascicular spaces. The
thinning process performed erosion around the hyper-echoic
structures and dilatation elsewhere [see Fig. 9(a) and (b)].
The region where the lesion is located [hypo-echoic structure
in Fig. 9(b)] underwent dilatation similar to an anisotropic
diffusion as expected, because of the absence of any bright
structures in this region.

The boundaries extracted by the closing morphological op-
erations are projected over the simulatedB-scan images and
over the macro-photography image sources, in Fig. 9(c)Ð(f), for
comparison. As displayed, extracted contours are very realistic
for structures perpendicular to the US beam, but coarse in the
parallel axis, which is normal and predictable according to the
physics of US image formation.

In the case of clinicalB-scan images [see for examples
Fig. 10(a) and (b)], the thinning process produced similar
results and also converged towards bright thin lines, which
are the targeted interfascicular spaces where Þber bundles
were intact [8] [Fig. 10(c) and (d)]. The corresponding 3D
surfaces of image close-ups (ROI within boxes) are shown to
reveal more effectively thinned structures. The surface of the
original selected ROI segment had two hyper-echoic structures
degraded by the speckle noise (zoomed panel a). The 3D
surfaces following applying our algorithm showed that the

Fig. 9. Segmentation results on simulatedB-scan images. (a)Ð(b) Thinned
structures of images in Fig. 8(e) and (f), respectively. Superposition of extracted
closed structures: (c)Ð(d) on the simulatedB-scan images of Fig. 8(e) and (f),
and (e)Ð(f) overlay on the macro-photography images of Fig. 8(a) and (b).

thinning process removed speckle with bright structures be-
coming thinner (zoomed panel c). Overall, the thinning process
successfully converged to bright thin lines corresponding to in-
terfascicular spaces perpendicular to the US beam propagation
path through the tissue.

B. Quantification of Fiber Bundle Densities

Fiber bundles were deÞned as the smallest closed structures
in the segmentedB-scan images [e.g., Fig. 9(c) and (d), Fig.
10(e) and (f)]. In the case of a damaged SDFT, the biggest
closed structure deÞned the injured area [e.g., Fig. 9(d) and Fig.
10(f)]. A spatial rendition of the tendon structure was obtained
by stacking series of 2D segmented images in the 3D space.

1) Fiber Bundle Densities in Simulated B-Scan Images:
QuantiÞcation of FBD has been applied on the simulated
B-scan image dataset images and mean one
standard deviation were 40 . The gold standard FBD
was 42 ; as estimated by histomorphometry [30] on the
same specimens (from the 238 macro-photography image
references). The agreement between those values shows the ef-
fectiveness and accuracy of the proposed segmentation method
for the characterization on internal structures of the tendon.

2) Discrimination of in Vivo Normal Versus Injured SDFTs:
An additional evaluation was performed on the FBD counted
from the whole normal and pathological segmented clinical
B-scan images. The mean FBD was 51 for normal SDFTs
and 39 for injured ones. In the case of injured SDFTs,
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Fig. 10. Segmentation results of clinicalB-scan images. (a)Ð(b)B-scan images
of normal (and corresponding 3D surfaces of the zoomed area of interest) and
injured SDFTs, (c)Ð(d) thinned hyper-echoic structures of panels (a) and (b),
and (e)Ð(f) superposition of extracted closed contours over original images in
panels (a) and (b).

only Þber bundles on intact fascicles were considered. The
computed FBD value was found to be signiÞcantly different
between groups, using a student t-test . This
difference likely indicates the disruption of some Þber fascicle
bundles where lesions have occurred.

3) Fiber Bundle Densities at Three Sites Along the
Metacarpal of Normal SDFTs: It is generally accepted that the
mechanical strength of the tendon is proportional to its FBD
values. From segmented images, the mean FBD calculated for
the three sites of the eight normal tendons are presented in
Fig. 11. These results show that the mean FBD was highest in
Þve cases out of eight in the proximal part (Nor. 1, 2, 3, 6, and
8), two cases in the middle part (Nor. 4 and 7), and 1 case in the
distal part (Nor. 5). Inversely, the mean FBD value was lowest
in the distal part in seven cases out of a total of eight (all except
Nor. 5). When averaged over the whole dataset, the mean FBD
was 54 for the proximal, 50 for the middle, and
48 for the distal segments, respectively (not signiÞcantly
different based on an analysis of variance with the Bonferroni
test for multiple comparisons, ).

Fig. 12 shows 3D reconstructions of the three parts of a typ-
ical normal SDFT: the reconstruction was achieved by stacking
successive realigned and segmented images, from which we can
appreciate the continuity of 3D structures and the mean FBD.
Images of Fig. 12 were taken from our clinical dataset.

VI. SUMMARY AND CONCLUSION

In this study, we have presented an original segmentation
method applied onB-scan images for the purpose of quanti-

Fig. 11. Fiber bundle density (FBD) at each site of the 8 normal SDFTs.

Fig. 12. Various 3D views of different sites of a healthy SDFT located in the
metacarpal region.

fying internal structures of SDFTs. This method consists of two
steps: the Þrst step is the proposed algorithm dedicated to thin
hyper-echoic structures observed on the images to facilitate their
extraction and the second consists in morphological operations
applied on enhanced images to Þnalize the segmentation of bi-
nary closed structures.

The originality of this study is the proposed thinning algo-
rithm adapted to handleB-scan ultrasound images. After re-
viewing analytical properties of existing shock Þlters and their
control parameters [14]Ð[18], [20], [21], [23], we chose the an-
alytical form of Alvarez and Mazzora [14] and the numerical
scheme described in [18] to formulate the proposed shock Þlter
thinning algorithm. Inspired by analytical properties and the

of the shock function of classical deconvolution algorithms
[14], [18], we were able to extract hyper-echoic structures Òby
their thinningÓ using an adequate shock function. The behavior
of the thinning algorithm in the 1D case was related to analyt-
ical properties of the chosen function of shock. It is to note that
the existence of a unique solution, the stability and convergence
of the numerical scheme have already been proven in 1D [14],
[18].

The analytical and numerical 2D models of the thinning al-
gorithm, derived from the 1D formulation, are expected to be
mathematically and numerically well-posed. The 2D algorithm
involves one main parameter: the input standard deviationof
the Gaussian operator , which smoothesB-scan images. This
parameter was pre-estimated based on our whole database, as
the mean thickness of hyper-echoic structures and it was Þxed
to 10 pixels pixels . An optimal could provide sym-


