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Tertiary T the relationship between the backscattering and structure thick-
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Primary fiber bundl N nesses and also to correlate the echo spectra with high-reso-
Collmgen | %5 Proximal _ Middle Distal lution images from several modalities; authors conclude that

fibe 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 simulationsR¥scan images revealing that
the interfascicular spaces are most likely responsible for hyper-

echoic structures aB-scan images; and discrimination between
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(a) (®) Beside information on echogenicity density, it would be rel-
Fig. 1. (a) Hierarchical organization of the tendon [2] and (b) three metacar;%\(am to quantltatlvel)_/ assess the Strucwra_l |_ntegr|ty of tendons
sites of the SDFT. 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 Pber 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 specibcally shock bl-
ters. A shock blter is a nonlinear hyperbolic partial differen-

, 5 : tial equation (PDE) Plter [14]D[17] regarded as a deconvolu-
Hyper-echoic - g tion blter used to segment an image on piecewise constant seg-
structures & T mentations. Inspired by the existing deconvolution shock Plter
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 blter form described in [14] and on the numerical

scheme developed in [18], adapted to hangiiscan images.
Closing morphological operations are subsequently applied to
the enhanced images.

The proposed thinning algorithm is presented Prst analyti-
© @ cally and numerically in the 1D case to clarify its behaviour and
Fig. 2. 2DB-scan images of metacarpal SDFTs. Cross sectional and lon ito— compare i-t With the C-IaSSical deconVOI-Ution algorithm, then
digél \}iews ofa normaIgSDFT, (a) and[zb), and of.an injured SDFT, (c) and g(]c}y.]e_ZD algonthm is applied t_o ultrasound images. The m_orpho-

logical operations are used in the Pnal step to characterize bber
fascicle bundles as binary closed structures. The quantibcation

imaging technique that allows extracting accurately the interr?fithe FBD allowed the discrimination between normal and in-
structure of the tendon. The next paragraphs focus on the statislg#d SDFTs. It was also used to explain the mechanical strength
the art of imaging techniques applied to SDBBcan images, Properties of the metacarpal in traction, and the frequent appear-
and on the proposed technique and its mathematical foundati@fce of lesions in its distal site [13].

SDFT B-scan image processing requires several stages, brst
the SDFT integrity assessment that was limited to content quan- I
tibcation by texture analysis and brst-order grey-level represen-
tation [9]D[11]. These studies have often led to conBicting re-Shock Plter algorithms rely on image deconvolution to
sults on the sources of the observed hyper-echoic structuresmefate sharp discontinuities (the OshocksO) between adjacent
the B-scans and on discriminating normal from injured tendagrey-scale zones (inBuence zones) in the images and produce
[10]. QualitativeB-scan image analysis revealed that the hypegpiecewise constant segmentations. The concept of image shock
echoic structure density observed on the CBAcan image Plter enhancement is adapted from nonlinear hyperbolic tech-
planes decreases from the proximal to the distal metacarpal sitegies [17]. In the following equations, thedenotes the 1D
[71, [12], which likely indicates less FBD in the distal regionsignal and thd denotes the 2D signal or tl2scan image. In
Such results (less FBD) may signify mechanical weaknesgbe 1D case, the signalz, t) veribes the following hyperbolic
in traction and consequently explain the high occurrence of lequation:
sions at this site [5], [13]. Recently, more robust imaging tech-
nigues have been designed in order to understand accurately the Ut = G- Uy Q)
content of those images: among them, the spectral analysis of
SDFT echo signal has been proposed [12]. In this study, the awith the initial signal(z,¢ = 0) = « , and the scalar > 0. u;
thors have described mathematical simulation models to clardpdu, are the prst derivatives in time and in space respectively.

Linear array
transducer

weaq §N

. PREVIOUS SHOCK FILTER MODELS
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Fig. 3. Piece-wise segmentation of a curved noise-free 1D signal. @ © ®

Fig. 4. 1D shock deconvolution process of (5) with various Gaussian

. . . smoothing kernels . Top row (from left): (a) original noise-free signal (sine
The solution of (1) isu(z,t) = u (=  at), and it corresponds \aye), (b) noise-free signal restored by the shock blter, (c) original signal +
to the initial signal propagated at speed. white Gaussian noise dePned with$NR = 10; bottom: noised signal restored

In order to integrate signal deblurring and enhancement iritg"9 Gaussian deblurring, (d) with=15, (€) = 3,and () =5.
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 theign of the second spatial derivative,. The Gaussian operator is not generally sufbcient to overcome
This suggestion led Osher and Rudin [16], [17] to propose théite noise problems. Indeed, the zero-crossing8of  u),,
1D model, which is written as follows: depend on the width of the Gaussian supdert, o]. As
shown in Fig. 4, the inRection points of the ent{¥/, * u)_,
uy = —5ign (Upy) [tg] . (2) can change according to, which makes the identiPcation of

inBection points less accurate.
This model of (2) can be interpreted as mathematical mor-As mentioned in [23], Alvarez and Mazzora proposed a new
phological operations [19]. Indeed, according to¢hg: of the approach in [14], which combines enhancement and denoising:
second derivative,., (2) can be decomposed into three partsmoother signal sections are denoised, while edges are enhanced

as follows: and sharpened. The main idea is to add an anisotropic diffusion
term with an adaptive weight to the shock term. This model is
[ua|  Uza <O written in 2D as follows:
Up = — |Uz| Uge >0 . 3)
0 Uy = 0. Ii = - Ige — sign (Go * Inn) VI (6)

Shocks occur at signal inf3ection points (zero-crossings. pf
and lead to piece-wise constant solutions. As shown in Fig SPadient direction;; i.e., £ — ot

the shock process performs dilatation by solvihg = |u,| Vs e . .

in concave signal segments, whereas, in convex segmenbslt,r;ifl]’ Komprobster al. modibed the previous equation to
measurement of the erosion that takes place is achievedooy

\%here the scalar € [0, 1], and¢ is the perpendicular to the

solvingu; = — |u,|. The shock process maintains local ex- )
trema (maxima and minima) constant in time, without creating[t = aq(helyy  lee) — ar (1 = hr) sign (Go Iy ) [V
new ones. ] ()
The 2D shock blter model of Osher and Rudin [16], [17] ha¥hereh, = h- (|G, VI|) = 11if |G, « VI| < = and O
the following form: otherwise. Parametets; anda,. are positive scalars. Isotropic
diffusion occurs in homogeneous zor{gs = 1), whereas the
Iy = =F (L) V1] (4) Alvarez and Mazzora shock enhancement behavior occurs in
non homogeneous zongs, = 0).
with the initial condition (original imagej(z, .t = 0) = I |, Using a different approach, Coulon and Arridge proposed the

the gradient direction = VI/||VI||, and the 2D shock func- following in [20]:

tion F', which must satispesg' (0,0) = (0,0), and (z,y) X

F(z,y) > 0. F(z,y) = (sign(z),sign(y)) was chosen in Ir = v (c(VI)) = (1 —c(VI))" sign(Go * I,) [VI| (8)
[16], [17] to be the shock function in the case of (4).

Osher and RudinOs shock Plter model is very sensitivewioerec(VI) = exp (—|VI|>/ ). This blter has a similar
noise: the second derivative ampliPes noise, and so the logahavior to the Kornprobstr al. model (7), that is, isotropic
tion of the real zero-crossings af, in (2) is a very difP- diffusion in the homogeneous zones where the smoothed image
cult task. Several studies have addressed this issue, and g?échent is low, while in zones where the gradient is h|gh, the
ious solutions have been suggesteq. Authors in [14], [20]D[3Abdel behaves as (5).
have opted to convolve the signalOs second derivative with @&ilboa er al. [23] proposed a model that relies on complex
smoothing Gaussian operat6t, of standard deviatiom ap- diffusion:
plied to the argument of the shock function of (2)

2 . I
up = —sign (G +1u),,) lua]. (5) It:““““(“'m(a VIL My Aolee (9)
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x ¢ 72 7 3z/2 2z 5x/2 3 and right values of the central point). We notice that $fwen
Singu)=cos() | + 0 - | - 0+ | + 0 - of Ftis null at pointsx =0, /2, ,3 /2,2 ,5 /2,and3
Sing(u 29 =sin(x)§ - S0+ [+ 9 - ) in which the signal remains invariant (extreme points).

I 6 0+ 0-0+0-0+ 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 proble of
the SDFTB-scan image, and inspired by the shock function
properties of the classical deconvolution proc&sg14], [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

---------- Original signal

Deconvolued signal

@ a dilation elsewhere. The chosen shock function must retain
¥ ) z/2 7 3z/2 27 512 3l local maxima and minima of the signal, while allowing signal
- ints to move according to thégn of the shock function. A
S '0.6' =, (0 + - - ‘ + + ’ - p0|n ! - .
g (s _i-m(x) 8 ‘) E, simple choice for the shock function, which can translate these
F | + [ - i - analytical properties into the proposed thinning algorithm, is
i i : : i F? 7 ou )= 1Xsi 7)), = st 7). (14
.,.s'%-... LA i Ugg Uy ) s1gn. U, ))1 sign U, )1 (14)
S *—' A7 '_' The subscript 2 is used here to describe the proposed thinning
" p— K e process property. Fig. 6(b) shows the behavior of this algorithm
.......... Original signal — and moving points of the original signal- , which are gov-
st > erned by thesign of the proposed functiod?. Around local

Thinned signal . . . oo -
maxima of the signal at = /2, F? is positive in the interval

(b) . . . . .
10, /2[ and signal points evolve to the right of the signal in-
Fig. 6. Changes in shock algorithm properties according to the sign of tmjcing the creation of jumps at = /2— while F2 is nega-
shock functionf". Restoration after 30 iterations of the noise-free curved 1 . . . o
Ive in the interval] /2,3 /2[ and signal points evolve to the

signal « - x by: (a) the classical 1D deconvolution shock algorith h K ) :
and (b) our original 1D thinning shock algorithm. left of the signal inducing jumps at = /2%*. The sign of
F? is null and the signal remains invariant at the central point
Inflection points Lobes (local maxima) 7 = /2 (local maxima). This process simply reRects erosion
- ' p . aroundz = /2. The algorithm erodes similarly the signal
Y Vad '-.V/\/ @ o/ / N\ / \vf‘ around the local maxima at= 5 /2. o
‘ YoV Fig. 7 shows the application of the proposed thinning algo-
M D ' L 1 /L\ /\ rithm versus the classical deconvolution method. The input is
® . . : - ; .
1% ]u fﬁLJ | ® L”\—/\_, ‘u’ML _/ a 1D noise-free multimodal signal similar to intensity probles

of SDFT B-scan images after smoothing bY;,. Local maxima
L\_H_H_F‘—’TJ U © \H_‘_LI_‘_L mimic the hyper-echoic structures corresponding to the inter-
fascicular spaces. The deconvolution algorithm processes the
Fia 7. on lefthand s the Solution is sh 0 the classical d signal by creating a sharp discontinuity that evolves into a piece-
9. /. n letrt-nand panels, the solution IS snown using the classical decon- . . . f -
volution shock algorithm for the initial smoothed signal- x Wlse constant signal, Wh”e the thlr_mmg algorlthm erodes the
« . We note discontinuities at the location of the zero-crossings of. ~ Signal around local maxima. The thinned process is more prac-
On right-hand panels, the solution is shown using our original thinning shogical to our purpose since it thins hyper-echoic structures when
algorithm applied on the same signal- . The thinning occurs at the location . . . .
of the local maxima of: - , (a) original signal, (b) signal sequence at iteratiorﬁpp“ed on SDF-B'S(_:an |mag§s (as Sh(_)Wﬂ Iat_er)’ and it pre-pro-
8 and (c) signal sequence at iteration 30. 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-
Here the subscript 1 is used to debne the classical decorygences, with a maximum of 30 iterations.
lution process property [14], [18]. Fig. 6(a) is an example 2) Tiyo-Dimensional Thinning Shock Algorithm: The 2D
showing the evolution of the deconvolution process to creai@inning algorithm based on the same analytical properties as
sharp discontinuities in the original signal (the curve sign@ 1D is described by the following model:
described by, © = sin(z), z € [0,3 ]) that evolves into a
piecewise constant signal. The moving points of the origina) I: F( Gy *x1 )nn7 Gy x1 )n) |I,| = 0in R* x RT
signalw » are governed by theign of F!. In the intervals I(z,y,t=0)=1 ().

1 /2, U3 /2,2 (U5 /2,3 [, F' is positive and signal (15)
points evolve by moving them to the right inducing the creatiofss in the 1D case, we use the notatibn” = G, « I for the
of jumps atz = —,2 —,and3 ~, while F! is negative in smoothed initial image. The shock function is not easy to gener-

the intervalsjo, /2[U] ,3 /2[U]2 ,5 /2[ and signal points alize from the 1D model, however, it can be estimated using the
evolve by moving them to the left inducing the creation oftructural information contained in such images. Indeed, par-
jumps atz = 0, *,and2 * (O-O and OO indicate the left allel and linear hyper-echoic structures are formed when the
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to deduce the average number of bber bundle fascicles for ea | Lincar array | =
t di

normal tendon. . Jmslum[ J g
-

B. Clinical B-Scan Image Dataset ‘-“-
k4
Clinical B-scan images were obtained vivo from eight m:. .

normal and bve injured horses at #hele Vétérinaire d’Alfort, w
Maisons-Alfort, Val-de-Marne, France. They were acquired\_ ..

from the equine SDFT in freehand mode scanning with & - -
7.5-MHz linear array transduce${D-2000-7.5 Aloka, Tokyo,

Japan). Tendons were scanned along the loading axis directic
(CSA view), from the proximal to the distal part, with a free- &
hand speed displacement of aroungn.s~!. The total number

g
of transverse images taken was 15£20) per horse tendon. é";‘&
£

These were realigned longitudinally by rigid registration [31] "‘fvs ‘ b*"’- .;'
to obtain coherent 3D tendon structures. '059‘

V. RESULTS

A. Segmentation Results

The segmentation technique was brst applied on simulat f
B-scans. Typical US images of a normal and an injured SDFT{
are given in Fig. 8(e) and (f), respectively. The challenge of thqums
segmentation method was to recover hyper-echoic structures,
thoseB-scans, to match the gold standard macro-photograp
referen_ces’ _as deP'Ct_eo' in Fig. 8(a) and (b). . Fig. 9. Segmentation results on simulatBescan images. (a)P(b) Thinned
The iterative thinning processing of hyper-echoic featurgguctures ofimages in Fig. 8(e) and (f), respectively. Superposition of extracted
was based on a stopping criterion on the error between two celesed structures: (c)D(d) on the simulagesican images of Fig. 8(e) and (f),
secutive image sequences (with a maximum of 30 iteration&jd (9/P() overlay on the macro-photography images of Fig. 8(2) and (b).
To obtain smoothed symmetrical curved surfaces (2D local

maxima) from processelscansg in (15) and (16) was setto . . , ,
5, which corresponds to the mean thicknesses of hyper-echoitning process removed speckle with bright structures be-

structures on all images (around 10 pixels). Results of Fig.c§mMing thinner (zoomed panel c). Overall, the thinning process

show that the thinning process closely matched the targeﬁ%ﬁfces_Sf“"y converged to bright thin lines corresponding to iq-
hyper-echoic structures of the intact interfascicular spaces. TREascicular spaces perpendicular to the US beam propagation

thinning process performed erosion around the hyper-echgﬁth through the tissue.
structures and dilatation elsewhere [see Fig. 9(a) and (b)]. ) : ) .
The region where the lesion is located [hypo-echoic structuge Quantification of Fiber Bundle Densities
in Fig. 9(b)] underwent dilatation similar to an anisotropic Fiber bundles were dePned as the smallest closed structures
diffusion as expected, because of the absence of any brighthe segmente®-scan images [e.g., Fig. 9(c) and (d), Fig.
structures in this region. 10(e) and (f)]. In the case of a damaged SDFT, the biggest

The boundaries extracted by the closing morphological oplosed structure debned the injured area [e.g., Fig. 9(d) and Fig.
erations are projected over the simula@dcan images and 10(f)]. A spatial rendition of the tendon structure was obtained
over the macro-photography image sources, in Fig. 9(c)D(f), fy stacking series of 2D segmented images in the 3D space.
comparison. As displayed, extracted contours are very realisticl) Fiber Bundle Densities in Simulated B-Scan Images:
for structures perpendicular to the US beam, but coarse in Qeantibcation of FBD has been applied on the simulated
parallel axis, which is normal and predictable according to thlBescan image dataséh = 238 images and meant one
physics of US image formation. standard deviation were 40Q+8). The gold standard FBD

In the case of clinicalB-scan images [see for examplesvas 42(+5); as estimated by histomorphometry [30] on the
Fig. 10(a) and (b)], the thinning process produced similaame specimens (from the 238 macro-photography image
results and also converged towards bright thin lines, whickferences). The agreement between those values shows the ef-
are the targeted interfascicular spaces where Pber bunde&tiveness and accuracy of the proposed segmentation method
were intact [8] [Fig. 10(c) and (d)]. The corresponding 3Dor the characterization on internal structures of the tendon.
surfaces of image close-ups (ROI within boxes) are shown t02) Discrimination of in Vivo Normal Versus Injured SDFTs:
reveal more effectively thinned structures. The surface of tlie additional evaluation was performed on the FBD counted
original selected ROI segment had two hyper-echoic structufesm the whole normal and pathological segmented clinical
degraded by the speckle noise (zoomed panel a). The BEBcanimages. The mean FBD was(319) for normal SDFTs
surfaces following applying our algorithm showed that thand 39(+7) for injured ones. In the case of injured SDFTS,
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Fig. 11. Fiber bundle density (FBD) at each site of the 8 normal SDFTs.

Fig. 10. Segmentation results of clinid&lscan images. (a)D(B)scan images

of normal (and corresponding 3D surfaces of the zoomed area of interest) and

injured SDFTSs, (c)D(d) thinned hyper-echoic structures of panels (a) and (b),

and (e)D(f) superposition of extracted closed contours over original images-ig. 12. Various 3D views of different sites of a healthy SDFT located in the
panels (a) and (b). metacarpal region.

only Pber bundles on intact fascicles were considered. Tfyéng internal structures of SDFTs. This method consists of two
computed FBD value was found to be signibcantly differesteps: the prst step is the proposed algorithm dedicated to thin
between groups, using a student t-tgst = 0.004). This hyper-echoic structures observed on the images to facilitate their
difference likely indicates the disruption of some bber fasciclsxtraction and the second consists in morphological operations
bundles where lesions have occurred. applied on enhanced images to bnalize the segmentation of bi-
3) Fiber Bundle Densities at Three Sites Along the nary closed structures.
Metacarpal of Normal SDFTs: Itis generally accepted thatthe The originality of this study is the proposed thinning algo-
mechanical strength of the tendon is proportional to its FBRthm adapted to handl8-scan ultrasound images. After re-
values. From segmented images, the mean FBD calculatedvfigiwving analytical properties of existing shock blters and their
the three sites of the eight normal tendons are presentedcontrol parameters [14]D[18], [20], [21], [23], we chose the an-
Fig. 11. These results show that the mean FBD was highestiftical form of Alvarez and Mazzora [14] and the numerical
Pve cases out of eight in the proximal part (Nor. 1, 2, 3, 6, asdheme described in [18] to formulate the proposed shock blter
8), two cases in the middle part (Nor. 4 and 7), and 1 case in tinning algorithm. Inspired by analytical properties and the
distal part (Nor. 5). Inversely, the mean FBD value was lowestgn of the shock function of classical deconvolution algorithms
in the distal part in seven cases out of a total of eight (all excejpt], [18], we were able to extract hyper-echoic structures Oby
Nor. 5). When averaged over the whole dataset, the mean FBigir thinningO using an adequate shock function. The behavior
was 54(£5) for the proximal, 50(+7) for the middle, and of the thinning algorithm in the 1D case was related to analyt-
48 (+8) for the distal segments, respectively (not signibcantlgal properties of the chosen function of shock. It is to note that
different based on an analysis of variance with the Bonferrothie existence of a unique solution, the stability and convergence
test for multiple comparisong, > 0.05). of the numerical scheme have already been proven in 1D [14],
Fig. 12 shows 3D reconstructions of the three parts of a tyj1-8].

ical normal SDFT: the reconstruction was achieved by stackingThe analytical and numerical 2D models of the thinning al-
successive realigned and segmented images, from which we garithm, derived from the 1D formulation, are expected to be
appreciate the continuity of 3D structures and the mean FBfRathematically and numerically well-posed. The 2D algorithm

Images of Fig. 12 were taken from our clinical dataset. involves one main parameter: the input standard deviatioh
the Gaussian operat6t, , which smoothes-scan images. This
VI. SUMMARY AND CONCLUSION parameter was pre-estimated based on our whole database, as

In this study, we have presented an original segmentatitire mean thickness of hyper-echoic structures and it was bxed
method applied orB-scan images for the purpose of quantito 10 pixels(20 = 10 pixels). An optimalo could provide sym-



