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AM-FM Texture Segmentation in Electron Microscopic Il. AM—FM M ETHOD

Muscle Imaging A. Skeletal Muscle Ultrastructure

Marios S. Pattichis*, Constantinos S. Pattichis, Maria Avraam,  Normal skeletal muscle consists of sarcomeres; these are micro-
Alan Bovik, and Kyriacos Kyriacou scopic functional units that are being repeated horizontally, along
muscle fibers. In addition, the sarcomeres are vertically aligned and
contain thin filaments of actin and thick filaments of myosin. The
_ Abstract—This paper describes the application of an amplitude modula- porders of the sarcomeres, are delimited by Z lines, which line up in
tion—frequency modulation (AM-FM) image representation in segmenting 5 yia cant myofibrils giving rise to the typical striated appearance of
electron micrographs of skeletal muscle for the recognition of: 1) normal . L
sarcomere ultrastructural pattern and 2) abnormal regions that occur in ~ SKeletal muscle [Fig. 1(a)]. The actin filaments are attached to the Z
sarcomeres in various myopathies. A total of 26 electron micrographs from line while the myosin filaments are centered in the sarcomere. The
different myopathies were used for this study. Itis shown that the AM—FM  actin filaments do not extend completely across the sarcomere, so the
image representation can identify normal repetitive structures and sarcom- H-zone, in the center of the A-band contains only myosin filaments.

eres, with a good degree of accuracy. This system can also detect abnor-—, . ) . .
malities in sarcomeres which alter the normal regular pattern, as seen in This arrangement of myofilaments creates a repeating pattern of light

muscle pathology, with a recognition accuracy of 75%-84% as compared -bands and dark A-bands [Fig. 1(a)].
to a human expert.

Index Terms—AM-FM modeling, electron microscopy, muscle imaging, B. Material
myopathies, texture analysis. Muscle biopsies were obtained and processed for transmission elec-
tron microscopy according to standard protocols [4]. For this study,
electron micrographs obtained from a normal biopsy, and others ob-
tained from three different types of myopathy—outlined below—were
Accurate diagnosis of neuromuscular disorders often requires examed.

ination of muscle biopsies with both light and electron microscopes. « Normal: Fig. 1(b) illustrates an electron micrograph of normal
Ultrastructural examination is useful for confirming the diagnosis of human skeletal muscle showing the regular sarcomere structure.
specific disease entities, such as congenital, vacuolar, and metabolic Nemaline MyopathyFig. 2(a) illustrates an elecron micrograph
myopathies [1], [2]. Most of these myopathies are characterized by the  of a longitudinal section from skeletal muscle showing the pres-
abnormal accumulation of various types of structures, such as nemaline ence of nemaline rods. These are abnormal structures which occur
rods, tubular aggregates, or vacuoles. These structures disturb the very in a number of myopathies but are pathognonomic for the diag-
regular and repetitive sarcomere pattern of myofibers. The sarcomeres nosis of nemaline myopathies. It should be noted that nemaline
are the basic functional units of myofibers and the microscopical recog-  myopathy is a rare disease, altogether ten electron micrographs
nition and precise description of abnormal structures provides the basic from different muscle fibers of two such cases were used.
criteria for classifying certain myopathies. « Tubular Aggregates Myopath¥ig. 2(b) illustrates an electron

In recent years, in order to increase the diagnostic value of electron mijcrograph of a longitudinal section from skeletal muscle which
microscopic observations, muscle morphometry has also been intro- shows accumulation of tubular aggregates. These tubules accu-
duced. Although this has been found useful for providing important  mulate in sarcomeres causing disruption of the regular sarcomere
supplementary diagnostic information [3], it still relies on the precise  pattern. In this case, we used six electron micrographs from dif-
recognition of abnormal structures by a human expert. In order to as-  ferent muscle fibers of the biopsy from one patient.
sist the human expert in this recognition task, a novel amplitude modu- « Mitochondrial MyopathyFig. 2(c) illustrates an electron micro-
lation—frequency modulation (AM—FM) image representation method  graph of a longitudinal section from skeletal muscle showing
has been developed for segmenting electron microscopic muscle im- accumulation of mitochondria. Although mitochondria are nor-
ages. The main objective is to develop a system capable of recognizing mally present in sarcomeres, the finding of mitochondrial aggre-
structural abnormalities that affect the regular sarcomere arrangement gates is often a characteristic and significant finding in mitochon-
of muscle fibers. drial myopathies. For this part of the work, ten electron micro-

graphs, obtained from four different cases, diagnosed as mito-
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Fig. 1. (a) Annotated electron micrograph of human skeletal muscle. (b) Electron micrograph of normal human skeletal muscle (MagnificatidRe50B90).
of AM—FM analysis of image in (b): (c) AM—FM amplitude histogram. (d) The result of thresholding the amplitude at< 20. (€) AM—FM instantaneous
frequency magnitude. (f) The result for thresholding the instantaneous frequency for low magnit{ides; af(x)|| < 0.046 cycles per image length. (g) The
result for thresholding the instantaneous frequency at higher magniiuifesc ||V ®;, ;(x)|| < 0.15 cycles per image length. (Thick bar Z lines: sarcomere
boundaries. Thin bat H-zone: mid-regions of sarcomeres).
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Let T} be the horizontal length for a sarcomere unit, dhcbe the i i Lt L
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In electron micrographs [see Fig. 1(b)], the sarcomere regions are mod- .
eled as normal regions that have undergone slight local variations due
to biological activity and function. These slight variations are modeled
by a coordinate transformation from the normal image coordinates of
x1 — w2 to the deformed image coordinatesx1, x2) — @2 (w1, x2).
Furthermore, subtle variations in the sarcomere image intensity are
modeled by multiplying the coordinate-transformed image by an am-
plitude functionus.-(x1, 22). Aregular sarcomere image is expressed
as [setx = (x1, x2)] [5]
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is called the ‘instantaneous-frequency” of the FM function
exp{j2n[(n/TV)é1(x) + (m/T2)d2(x)]}. To avoid confusion
among the indexes, we note that the phase subscripts refer to the vector
components (one for first, and two for second), while the double
indexes inA.., ... refer to the AM—FM harmonics.

For an abnormal case, some of the image regions deviate signifi-
cantly from the regular sarcomere pattern. To account for these regions,
we introduce a new amplitude functiof,..ma1 and a new curvilinear
coordinate systerm; — v5. We rewrite (3) as

I —asar Z An m

- exp |:j277 <f¢1(x)+ié2(x)>:| . o am .a- = I- ll-

+ aabnormal(x) Z Bn m Aam
i

T, M

. n m
- exp {72# <IT Pi(x) + T 'U’Q(X))} (4) ©
! 2 Fig.2. AM-FM segmented electron micrographs: (a) nemaline myopathy, (b)
. . . . tubul t thy, and itochondrial thy. (Magnificati
where the first summation describes the image over normal regloﬁjggoeg)aggrega es myopathy, and (¢) mitochondrial myopathy. (Magnification

while the second summation describes the image over the abnormal

regions. In (4), we note that at any given pixel, only one of the two am-

plitude functions is nonzero. If a pixel belongs to a normal region, thet, | .., Bx, ... To segment the image into sarcomeres and abnormal

the normal amplitude is nonzera;.,(x) # 0, while the abnormal regions, we estimai€, ., ¢abnormal, and the instantaneous frequency

amplitude is zeroa.buormal (X) = 0. Conversely, if a pixel is part of magnitude functions}|Vé:||, ||V+1]|]. The instantaneous frequency

an abnormal regionts., (x) = 0, dabnormal (X) # 0. magnitudes associated with the second curvilinear coordinates:
Using (4), an arbitrary electron microscopic muscle image can §& ¢.(x)|| and||V+2(x)|| are not used. To estimate these functions,

described in terms of the amplitude functions:.,, @abnormal, the  we use dominant component analysis (DCA) [6]-[8] as described in

phase functionsp:, ¢, 1, ¥» and the AM—FM series coefficients: the following subsections.
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D. Isolating the Fundamental AM—FM Components from its background. The same segmentation procedure is applied to
Itis expected that most of the “local” power is captured in the fundé"[‘-“ the cases, but different AM—FM parameters were uged for dn‘rer_ent
mental AM—FM components. Without loss of generalityslet 1, and myopathies. The AM—FM parameters are: 1) the amplitude (for mito-

m = 0 be the indexes of the fundamental components that dominat&hondria and nemaline myopathy cases) and 2) the angle of thg instan-
taneous frequency vector (for tubular myopathy cases). An initial seg-

N o ]2 mentation of the image is then computed using maximum likelihood.
A1, 0sar (X) exp [J T, Ql(x)} The final segmented image is computed from the initial, binary image
o using a morphological filter. We will next explain these two steps in
Bi, 0dabnormal (X) exp {j T U1 (XJ} (5)  more detail.

First, we explain the maximum likelihood step. Letdenote the
in the sense that AM-FM segmentation variable. Using the training set as ground truth,

we computey(1) denoting the probability of abnormal pixelg2) the

[A1 0] > [Au,m|  for(n, m)#(1,0) probability of normal pixels, and the conditional probabilitigé:|1.)
|Bi,0| > |Bn,ml for (n, m) #(1, 0). (6) andp(z|2). The probability density functions were averaged over the

training set. On the test set, an image pixel is classified as abnormal if

In practice, this assumption [see (6)] was satisfied for the cases that|1),(1) > p(z]2)p(2), else, it is classified as normal.
were investigated in this study. To verify that the fundamental AM—FM The initial segmentation image is then modeled as a noisy binary
harmonic was actually computed, we compared the “instantaneous gage that needs to be denoised. Denoising is achieved via the use
riod” of the estimated harmonics against the Original electron micrgf an a|ternating Sequentia| filter (ASF) (to be defined next)_ To he|p
scopic images. They were found to share similar wavelength valuesjetermine an appropriate ASF filter, we compute and then compare:

For simplicity, and without loss of generality, we will assume that) the average granulometric size distribution of the training set and 2)
fundamental coefficientsl, oand By, oare both one (e.g., absorb thethe granulometric size distribution of the particular test image. We will
first harmonic coefficients into the amplitude functions, and rescale thgxt define each morphological term in more detail.
rest of the harmonic coefficients). A granulometric filter is defined by [9], [10]

E. Estimating the Fundamental AM—FM Component M=({((({IoB)o2B)o3B)o4B)---)onB 9)

The DCA algorithm is presented in this subsection as documented,ifiore
[6], [7]. The DCA algorithm is spatially adaptive. At every pixelinthe g
image, estimates of the amplitude, phase, and instantaneous frequengyy
are obtained from a Gabor chan_nel filter that gives the maximum re- standard open operation.
sponse over a bank of channel filters. _ _ We select a structural elemeBtthat favors abnormal components that

In order to use the DCA algorithm to estimate the appropriatg o nq horizontally (an ellipsoidal disk)

AM-FM harmonics [as described by (5)], we rely on the funda-

mental assumption stated in (6). Then, at every pixgelbelonging B ={(i, D|E/T) + (/3> < 1}.

to the normal regions, we expect the Gabor channel filter with a

frequency response closer {@x/T6)Véi(xo) to dominate (in Wecompute the probabililty density function of the granulometric size
the sense of capturing more power) than any other channel. On ghgtribution using the filter described in (9) (see [9] and [10] for details).
other hand, at every pixe{l be|0nging to an abnormal region’ we We assume that the noise in the Segmented image is due to small
expect the Gabor channel filter with frequency response closer uctural components that do not belong to the abnormal regions.
(27 /T1)Vii(x1), to dominate. Hence, over the normal regionpnderthis assumption, it can be shown that the optimal morphological
the dominant Gabor channel estimates the fundamental sarconfBi®f Will be an ASF defined by [11], [12]

harmonic: asa-(x) exp[j (27 /T )¢ (x)]. Similarly, over the ab- , ,

normal region, the dominant Gabor channel estimates the fundamental M= ((({IoB)eB)o2B)e2B):-)onb)enB (10)
abnormal harmoniCiabnormal (x) explj(2m/T1)¢1(x)]. Hence, by \heree denotes the close operation. In (10), the value ofeeds to
selecting the suitable Gabor channel at every pixel, DCA does 1t chosen so that the smaller, noisy structures are removed, while the
depend on specific parameters of the image (e.g., it does not reqyifiger structures are preserved. To chopsghe granulometric size
knowledge ofl andTy). . distribution is computed for the test image. Theris chosen as the

Next, we provide more details on the bank of Gabor channels, agdmber of times where the training set's size distribution (where we
how each channel is used to estimate the parameters. First, a highpage dropped the word granulometric), first exceeds the test image’s
filter is applied that removes the low-frequency components. This d$,a distribution. Next, we explain why this approach works.
accomplished by: 1) filtering the image with a lowpass filter that is Tpe test image is noisy and, hence, it has a larger number of small
supported within a circular disk centered at the origin of the freque”ﬁ)ﬂmponents, while the average distribution from the training images
plane and 2) subtracting the lowpass filtered image from the origingls g larger number of large components. This implies that the test
image. A collection of Gabor (bandpass) channel filters are applieditgage’s size distribution dominates (maintains larger values than) that
the new, [highpass filtered) image. (Hence, the low-frequency compg-ihe training set'’s, for the smaller, noisy components. Furthermore,
nents were significantly reduced (due to both highpass and bandp@gstraining set's size distribution dominates the one of the test image’s
filtering)]. The Gabor channel filters are chosen so as to cover the 2tE} ihe larger components, where the signal is. It, hence, makes sense to
frequency plane. Over each channel, estimates of the instantaneousde; to the value where the training set’s size distribution exceeds the
quency and amplitude are obtained using the equations given in [6]-{@lst image’s size distribution, since this choice will most likely reject
the noise in the image.

The electron micrographs were separated into training and evalua-

After estimating the fundamental AM—FM components, the estiion (or test) sets, by running five, randomly selected, sets in each dis-
mated AM—-FM parameters are used to extract the abnormal regi@ase entity. In order to evaluate the performance of the AM—FM texture

structural element;
result ofn dilations of B by itself;

F. Segmentation Based on the AM—FM Parameters
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TABLE | C. Tubular Aggregates Myopathy
RECOGNITIONACCURACY OF THEAM—FM TEXTURE SEGMENTATION METHOD . —
A case of tubular aggregates myopathy is shown in Fig. 2(b). Upon

Type of myopathy close examination, it is observed that the tubular aggregates are domi-
Nemaline Tubular  Mitochondrial nated by vertically repeating, thinly spaced patterns as opposed to the
Aggregates horizontally repeating patterns of the normal background. This obser-
Number of 2 1 4 vation allows us to use the instantaneous frequency angle as the AM-
cases FM parameter for the automated segmentation procedure.
Number of 10 6 10 ; S . . .
regions In this rare myopathy, six different regions were studied, using three
Recognition 4% 78% 75% regions _for training and three_ for gvaluatlon. The average percentage
accuracy recognition accuracy for the five trials was 78% (see Table I).

D. Mitochondrial Myopathy

segmentation method, its recognition accuracy was compared to that dfig. 2(c) illustrates a case of mitochondrial myopathy. As in the ne-
the human expert. For this purpose, the area recognized by the expeline myopathy cases, it is observed that there is a sharp intensity
was used as the “gold standard.” For each region, this was comparedatation between the white background surrounding the mitochondria
the area segmented by the system to calculate the system’s percerg@gghe black color density of the mitochondria themselves. As a result,
recognition accuracy. This value was computed as the mean of the fa@ormal regions are characterized by a large amplitude to account for
evaluation sets in each type of myopathy. the white to black and black to white transitions. This observation justi-
fies the use of the amplitude parameter for the automated segmentation
procedure.
IIl. RESULTS Four cases of mitochondrial myopathy were used from which ten
regions were processed. Five of these regions were used for training and
A. Normal Muscle five for performance evaluation. The average percentage recognition

- . . o
In Fig. 1(b)—(g), the results of AM—FM analysis for the normal casaceuracy for the evaluation set for five trials was 75% (see Table I).

are displayed. For illustration purposes, on top of each image the hor-
izontal line depicts a single muscle fiber. The sarcomere boundaries, IV. CONCLUDING REMARKS

Z lines, are .represented by thick perpendicular bars, a}nd the mid.-sarThe results of this study suggest that the application of AM—FM tex-

comere regions, H-zones, are represented by the thin perpendicylial s mentation in electron microscopic muscle imaging can iden-
bars. The amplitude histogram of the AM-FM fundamental transforfy, ;o ma| repetitive structures with a good degree of accuracy. Fur-
is shown in Fig. 1(c). The result of thresholding the original electrofye more  this AM—FM texture segmentation is capable of detecting
micrograph image [Fig. 1(b)] at(x) < 20 is given in Fig. 1(d). To _apn6rmal regions which disturb the regular sarcomere pattern of my-
help explain the results, it is noted that the amplitude of the AM=FMay,o < This is a novel approach since the task of recognizing abnor-
harmonic defines the maximum range of the image intensit( ().  ajities in myofibers is currently carried out manually by human ex-

rts. Although a small number of regions was studied, the system’s

Fig. 1(d) displays the Z-bands as continuous dark vertical stripes (m;
imum intensity, also characterized by small amplitude values) Whi%n‘ormance recognition accuracy was found to be relatively good,

the remaining sarcomere regions appear white (nearly maximum @hging from 75% to 84%

tensities, also characterized by large amplitude values). The instantaMore work is currently being carried out in order to make the

neous frequency magnitude histogram_is giv.en_ in Fig. 1(e). It is. nOtie-\(R/I—FM recognition system more accurate. The wider applicability of
that the frequency instantaneous magnitude is inversely proportionalf@y +echnology will also enhance the cell biologist's or neuropathol-
the period of the locally repeating pattern (instantaneous wavelengityisys aility to recognize and quantify similar changes that alter the
Fig. 1(f) was thresholded for low |r_15tantaneous freq_uer_my magn_'tugeepetitive cellular patterns at the ultrastructural level. This AM—FM
at||Ve;, j(x)]| < 0.046 cycles per image length. It highlights (White ,othog has been successful in segmenting sarcomere images and
stripes) the sarcomere centers corresponding to the mid-regions ofifigs . nizing structurally abnormal areas, that characterize certain
A-bands, with the rest of the sarcomeres appearing black. Fig. 1m?/opathies

was thresholded at larger instantaneous frequency magnitufgss ’

[[V®;, ;(x)]| < 0.15 cycles per image length. It is the composite of

Fig. 1(d) and (f) illustrating the boundaries as well as the mid-regions ACKNOWLEDGMENT
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A Jini Service to Reconstruct Tomographic Data

Peter Knoll*, E. Groller, K. Holl, S. Mirzaei, K. Koriska, and H. Kéhn

i

Abstract—Distributed computing that uses dynamic networks will Fia 1. Sch i tati f the Jini i

change the way we work and communicate thanks to the interaction of 9. 1. Schematc presentation of the Jini concept.
devices and services, that are automatically added and removed from
the network as needed. The Jini technology, which is built atop the Java o ) ) ) )
programming language, provides a homogenous view of the network a standalone application fails, processing terminates and remains un-
and extends the ability of code to migrate in Java. This software design available until it is restarted. In contrast, distributed systems are able to
m‘#\’;' simplifies the Co”f'guri‘t'o?] and %Ccess to hard\t/)vlare devices and 5|arate a limited number of failures, since they consist of multiple in-
software services in a network. Thus, it becomes possible to execute new o ' .
services without pre-installing software on client machines. This new dePendent processes. A distributed system has the advantage of easily
programming paradigm is especially important in medical applications, ~Supporting and coordinating remote access to patient data and software
where the reliable transmission of information is essential. This paper services. Although distributed medical image processing and viewing
demonstrates how single photon emission computerized tomography data software uses the already existing client-server programming model
can be iteratively r_eco'”StrUCIEd using a‘]'”_' setvice. N [1], it lacks an important feature: A distributed system has to be able

Index Terms—Distributed computing, Jini, nuclear medicine, recon- to adapt to network changes, which always will occur. In the future,
struction. services and devices will be dynamically added to and removed from
computer networks, and it is necessary to adapt application software
to this situation. Built on top of Java, object serialization and remote

] ) o ) method invocation (RMI), the Jini application programming interface
The commercial software used in our medical imaging departme ﬁ?PI) [2] aims to extend the benefits of object-oriented programming

is in general stored locally on image processing workstations. If sughnanvork enabling plugged-in devices and services to communicate
through interfaces. Because Jini does not require centralized adminis-

Manuscript received February 28, 2000; revised September 24, 2000. tfation of available services, it is a truly distributed system [3].

Associate Editor responsible for coordinating the review of this paper and rec-pjstriputed Jini networks are customizable for a given user but can

gumthmoerndmg its publication was M. W. Vannidsterisk indicates corresponding also add themselves automatically when powered up, and remove
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and also with the Department of Computer Graphics and Algorithms, Tedlinning and responsive over a period of time, with little or no human
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; Intervention.
wien.gv.at). Thi d ibes th licati f 2 Jini . .

E. Groller is with Department of Computer Graphics and Algorithms, Tech- ' 1S Paper descri e_St € aPP ication of a 'n_' S(_arVIce, using as an ex-
nical University of Vienna, Vienna, Austria. ample the reconstruction of single photon emission computed tomog-

K. Holl and K. Koriska are with the Departments of Nuclear Medicine, Wilraphy (SPECT) data. The advantage to the physician of such an appli-
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