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Abstract—We present two different methods to automatically yi L
quantify changes in a bone inin-vivo serial MR images of
an experimental rat model of rheumatoid arthritis (RA). Both
methods rely on rigid and nonrigid image registration to perform e
the analysis. The rst method uses segmentation propagation to Is T + 4
delineate a bone from the serial MR images giving a global T
measure of temporal changes in bone volume. The second
method analyses longitudinal intensity changes within a bone in
a common reference space to obtain a local measure of temporal
changes in bone lesion volume. We detected signi cant temporal I
changes in local bone lesion volume in 4 out of 8 identied Tz “"..\
candidate bone lesion regions, and signi cant difference in local rud "“H\
bone lesion volume between male and female subjects in 3 out
of 8 candidate bone lesion regions. But the global bone volume ty [l
was found to be uctuating, which is dif cult to understand and L-,‘)
interpret. Finally, we compare our ndings with histology of the
subjects.
Index Terms—Image analysis, rheumatoid arthritis. Fig. 1.  Principle of segmentation propagatidn, represents the atlas
(source) image with a segmented structiRg,, de ned by a connected set
of boundary points at voxel locations, shown as dots and.lihgsand | 2
represent the baseline and follow-up images of a subjectritidrregistration
|. INTRODUCTION of Ia tol1 andl, produces the transformatiofia 1 andTa 2. Imagel o is
transformed byTa; andTa 2 into the space of1 andl 2, which results in
A. Background propagated structuréd®; andR». Because a transformation results generally

in translations of boundary points by a non-integer numbevafels, the
HEUMATOID arthritis (RA) is a debilitating in am- transformed set of boundary points does not, in general ciclinwith the

matory joint disease, which, until recently, has bee\ﬁJX8| locations ofi1 andl, (excerpt from [8] permission granted).
untreatable. Recent innovations in drug therapies haveemad
it highly desirable to obtain sensitive biomarkers of d&ea
progression that can be used to quantify the performancespiown to be able to quantify small cerebral ventricular vol-
candidate disease modifying drugs. MRI allows visual@ati ume changes in treated growth hormone patients [8]. Fig. 1
and quanti cation of bone erosion, bone oedema and synovilmmarised the principle of segmentation propagation.

in ammation, which are important features in RA [1]-[4]. A multi-stage registration process was used in [8]. The rst
And longitudinal imaging using MRI has been proposed agage involved using af ne registration to compensate Far t
an effective tool for clinical studies, but the analysis &ed glohal motion and gross differences between source anettarg
on visual inspection [2], [5] or interactive analysis [#]{We jnages. The second and later stages involved using cubic
applied image registration and analysis algorithms to ifyan g_spline based nonrigid registration to compensate foalloc
changes in a bone im-vivo serial MR images of an ankle in geformation. The B-spline nonrigid registration algamithvas
an experimental rat model of RA. developed for the registration of dynamic contrast enhdnce
In order to quantify bone erosion, manual delineations aggr breast images [9]. It uses cubic B-spline based free
often carried out to measure bone volume. An automa§grm deformation (FFD), which models local deformation
delineation technique based on image registration, knows translations of a regularly spaced grid of control points
as segmentation propagation has been used for a variety|tofpliowed that the control point spacing was an important
segmentation tasks [6], [7], for example it was previouslyarameter in FFD - a 'large’ spacing of control points allows
the modelling of large scale nonrigid deformation and a ¥ma
Wit“rfz':j‘ésigggglrzﬁeivgg :rZ:n é?gfogr:'lfh"lzﬁr:‘; was supported byRBSRC  gpacing of control points allows the modelling of highly
K. Leung and Ig.pHiII are with the Unversity College London, Molden l0cal deformation. Successive smaller values of contrahtpo

is with BioMedIA Lab, CSIRO-ICT, N. Saeed, K. Brooks, J. Btmk, A. spacing were used in the second and later stages to model
Williams, S. Campbell, K. Changani and D. Reid are with GlaxdBKiline, mor nd more | li formation

Y. Zhoa and M. Wilde are with University of Chicago, D. Ruedkand J. ore a_ d more oca_ sed deformations. . .
Hajnal are with Imperial College London. In this work, we introduce two techniques for automatic



guanti cation of bone changes obtained from longitudinaime, thickness or integrity in osteoarthritis. Active cuurs
imaging studies. Both techniques make use of rigid and narquire the manual initialisation of points or contourspest
rigid registration to establish correspondence betweste ti knowledge) in each image as starting points for the contmurs
points and across subjects. The rst technique uses segmewelve. Active shape models require the collection of examp
tation propagation to enable automatic delineation of allsmahapes (shapes of pathological bones, in our case) to build
bone from MR volume images, and hence a global measuhe statistical shape model. We are not aware that these
of temporal changes ibone volumeThe second techniquetechniques have been used to quantify bone volume changes
analyses longitudinal intensity changes within the bone o rheumatoid arthritis in the literature.
obtain a local measure of temporal changesbane lesion  Recently, Carano et al. suggested using multispectralésag
volume Image registration enables all the analysis to be dot® classify tissues in the MCP joints of the hands into 3
in a reference coordinate system de ned by an atlas bone.tissue classes (Cortical bone and tendon, soft tissue, amel b
In this paper, we apply the two different methods (globaharrow) [18]. After registering the follow-up image to the
bone volume and local bone lesion volume) to automatifaseline image, the change in voxel class between timespoint
guanti cation of changes in the talus bone imvivo serial was used to quantify changes in bone lesion volume.
MR images of joints of an experimental rat model of RA. Histology is the arbiter of diagnosis in many pathological
We compare bone lesion volume between male and fematenditions, and has often been used to validate studiesvinvo
subjects, and measure bone lesion volume changes over tinteMR images [19]-[23]. In [21]-[24], specimens were stice
in all the candidate bone lesion regions. Finally, we comapain planes corresponding to the MR images, and histological
our ndings against the histology of the subjects. We useskctions were manually aligned to, and compared with the MR
Virtual Data System [10] to record the data provenance ohage slices.
our analysis, and to perform the analysis in high-throughpu Automatic registration of histological sections to MRI dat
computing facilities [11]. is a very challenging problem. Firstly, the histology is fig
The main contributions of this work are that: 1) We foundesolution in one plane, but frequently has very poor samgpli
that when using global bone volume obtained by segmentation3D (often to the extent that only one slice of histology
propagation to measure bone erosion, the results are dif cis obtained). Secondly, the sample preparation stages can
to interpret and understand, 2) We proposed a new methodritroduce substantial distortions, with, for examplefatiéntial
quantify local bone lesion volume by analysing longitudinashrinkage of different tissues within the sample, and in some
intensity changes in a common reference coordinate systerases, parts of the sample tearing or being destroyed. Post-
3) The results of our new method showed that there wemgortem optical data can be much easier to register (most
statistical signi cant difference between male and femalamously, the visible human dataset), as the cut face of
subjects, and statistical signi cant changes over timehe tthe sample is repeatedly imaged using the same camera
local bone lesion volume. This has potential in quantifyingeometry, but this is much lower resolution, and does not

performance of different drugs in drug discovery. provide the same opportunities for staining. Techniques fo
automatic registration of histological sections or posttern
B. Related work optical data and MR images are being actively researched.

The OMERACT (Outcome Measures in Rheumatoid Arthrifhese approaches involve reconstructing 3D image data from
tis Clinical Trials) rheumatoid arthritis magnetic resnna multiple 2D histological sections or optical data before th
image scoring system (RAMRIS) has been suggested for tiegistration [20], [25]-[28]. In [20]in-vivo MR images of rat
evaluation of inammatory and destructive changes in RArains were registered to the 3D histological volumes using
hands and wrists [2]. Here the core set of MRI sequenctgid (surface-based) and nonrigid (surface and landmark-
includes at least the following: Imaging in 2 planes, with- T1based) registration. The non-rigid registration was negui
weighted images before and after intravenous (IV) gadatmi to compensate for distortion in the histological sectiolms.
contrast; plus a T2-weighted fat saturated sequence or,[2b], [26], 3D post mortem optical data were registered to
the later is not available, a STIR sequence. The use of the MR images of a formalin- xed post mortem human brain
gadolinium contrast is not essential if destructive changesing surface-based rigid registration. Intensity-baatde
alone are considered important. As a result, important R&gistration was used to re ne the result. Finally, each 2D
joint pathologies, including synovitis, bone erosion amchd optical image was allowed to move within a constraint to e n
oedema, can be observed and given a score manually accthé-result of the registration. The authors of [25] staté Wark
ing to their intensities and sizes in the MR image. Othés$ in progress to register the 2D optical data to 2D histaabi
manual scoring methods have also been proposed and usggiions.
in different studies [12]-[14]. The slicing of multiple histological sections from mulépl

Semi-automatic computerised method of measuring tepecimens is a labour intensive task, and reliably comginin
erosion and synovial volume has been proposed in [3] liyese slices into consistent 3D volumes remains an unsolved
manually outlining the erosion and synovium in the MMPproblem. In animal studies, it is possible to use ducial
images. All of the above methods involve a fair amount aharkers to assist in the alignment, eg: [29], where needles
human interaction and expert knowledge. were inserted to the subject before MR image acquisition.

Active contours [15], [16] and active shape models [17The markers were used as landmark in the rigid registration
were used to segment cartilages in order to access its wvol-tissue section photographs and MR images of rabbit thigh.



But such approaches do not correct for the distortions in thaused by the disease arise in the same location in all 4abjec
histology. We can, therefore, combine all subjects and all time pomts t

In the work described in this paper, only a single histolabiclearn these lesion locations. In order to learn these loosji
section was available with each stain, so the only feasiple @one lesions in all subjects and all time points are identby
proach for comparing this with MRI was by means of manudlistogram thresholding and mathematical morphology. rAfte
alignment. The aim was not, therefore, accurate volumettite bone lesions in all subjects and all time points were
comparison, but to ascertain whether lesions visible in tls@mmed and averaged, sites on the bone where lesions arise
histological section were also visible in the processed MRIcan be automatically found by using connected component

analysis.
Il. MATERIALS AND METHODS Sections II-C to II-H describes stages of the algorithm in
A. Image data and disease model details.

The data set consisted of a group of 12 Lewis rats (sub-
jects 1 - 12; 6 male, 6 female; mean age: 60 days @t Atlas
the time of rst scan). Animals were housed, maintained, |n this work, we used an atlas - a reference image with

and experiments conducted, in accordance with the Hom@elled structures - registered to each subject imagelio-de
Of ce Animals (Scienti ¢ Procedures) Act 1986, UK. An RA gate structures of interest from the cohorts' scans. Thelibas
inducing agent (proteoglycan polysaccharide (PG-PS) frofyage of subject 1 was chosen to be the reference image.
Streptococcus pyogenes) was injected to the right ankle g expert segmented the talus bone in the baseline image.
the rats at day -14. Reactivation at day 0 to produce joifffanual segmentation of the talus bone at one time point
in ammation was carried out by injecting PG-PS intravengus tgok about 3 hours. The baseline image plus the manually
into the tail vein [30]. MR scans of the right ankle were take@egmented bone formed our atlas. Non-rigid registraticeta

at day -12, day -4, day +3, day +10, day +14 and day +2dn optimising the normalized mutual information was used
MR scans of the left ankle were taken at day -12 and day -449 register the atlas with images of the same subject and
provide a control. The T1-weighted images were acquired @ffferent subjects. The resulting deformation eld was kiggb

a 7T 20cm bore (Bruker BiospBt) system and a Birdcageto the manually segmented talus bone to obtain the boundary
coil using a 3D gradient echo sequence with the followingf the corresponding bone in the target image. All automatic

parameters: TE = 3ms, TR = 14ms, ip angle38 , FOV =  segmentations were derived from the manual segmentation.
15 40 15(mm)3, matrix =256 256 256 This gave voxel

size 0of586 156 586(m )3. [you might want to double o o
check what the resolution really was. It is sometimes low& Follow-up to baseline image registration
than the voxel size would suggest, and it is useful to record1) Rigid registration: In order to visualise changes over
this]. Only data from subjects 1 - 11 were analysed becausme in the talus bone, and generate difference images for
subject 12 (female) died after the rst MR scan. subsequent analysis, rigid registration was performedigm a
Esseret al described the disease model in [30]. The initiahe bones in follow-up images and the baseline image of
injection to the ankle caused acute in ammation that redcheach subject. The baseline image was the target ( xed) image
a maximum in about 24 hours and then subsided so that #oed follow-up images were source ( oating) images. Instead
joint appeared grossly normal or minimally inamed by 2of registering the whole image, a region of interest (ROI)
- 3 weeks. No apparent in ammation was developed in theround the talus bone was identi ed in the baseline image and
ankle without the initial injection. An intravenous injem only voxels in this region were considered in the regisrati
resulted in the reactivation of in ammation in the ankle tthaThe calculation of ROI will be described in the next section
was previously injected with PG-PS. This was followed bysection II-D.2).

chronic in ammation and moderate erosion in the ankle. Due to different orientations of the joints in different time
points, the rigid registration was initialised by intefaety
B. Overview of image analysis method aligning the talus bones in follow-up images and baseline

The technique we propose makes use of a segmen- ijges so that they were within approximately 1 mm and

reference image, which we refer to as an atlas, to de neFﬁ ?(; r:gldis?rlgir:)rr?e\?vtés-rhI:r;JosrlrJnae”()j/ tg\?:r Ifﬁ; tggr; tsri?]mu:ﬁ'e
common coordinate system for the analysis. Image registrat 9 9 P 9

is used to determine the correspondence between regions‘f'tgf“ng estimate. Correlation coef cient (CC) was usedhas

interest in this atlas image, and all the subject images it ec)E.im.iIarity measure and was given by, for a set of n data points
time point. This non-rigid inter-subject registration bles us XiiYi),

g (xi  xXyi y)
to (a) propagate the bone delineations from the atlas to each cc=~PR ! I : Q)
subject and time point, implicitly segmenting these bomemf i x) oY)
all the images and (b) provides a reference coordinate mmyst&he running time for registering a follow-up image to a ROI
for subsequent analysis of longitudinal intensity chan@g in a baseline image was less than 10 minutes.
analysis of the longitudinal intensity changes makes ushkeof  Follow-up images were transformed using the resulting
observations that bone lesions are associated with imyendgransformations by sinc interpolation (using Hanning win-
changes in the difference images, and that the bone lesialwsv of kernel size (diameter) = 6 voxe(§:352 0:936




0:352(mm)?)). Difference images were generated by subtraadf misregistration before the nonrigid registration. Altigh
ing the baseline image from the transformed follow-up insagé¢he interpolation of B-splines depended on a support region
for visual assessment and subsequent analysis. provided by the dilation, the rigid property of the bone ired!

2) Determination of ROI:All ROI's were derived from the that the soft tissue outside the bone had minimal effect on
manual segmentations of talus bone in the reference imdbe shape of the bone. Furthermore, the larger the ROl was,
(baseline image of subject 1). the longer the program ran. Dilation of 4 voxels was used in

The ROI for the talus bone in the reference image wadl stages. The nal deformation eld was used to propagate
de ned by the boundary, which was obtained by dilating ththe manual segmentation in the reference image to obtain
manual segmentation twice in Analyze (Mayo Foundatiom boundary of the corresponding bone in the target image.
Rochester, USA) using the kernel size of x = 1 voxel, y €orrelation coefcient and normalised mutual information
3 voxels, z = 1 voxel. They were the ROIl's used for thavere used as the similarity measures in the af ne registnati
follow-up to baseline image registration of subject 1. Tlzes and nonrigid registration respectively. The running tinfe o
of the kernel was chosen such that there were about 1 s@gmentation propagation for a bone was 2 - 4 hours.
extra voxels surrounding the manual segmentation acaprdin
to visual inspection. A symmetrical kernel (x = 3 voxels, y =
3 voxels, z = 3 voxels) would dilate the manual segmentatieh Comparison with manual segmentation
more so that the resultant image contained more voxels of _ _ ] ) )
nearby bones. Since the nearby bones might be in a different he talus bones in all the time points of subject 1, subject
position with respect to the talus bone in the target imagje, t 2 @nd subject 3 were segmented manually and were compared
could lead to greater error in the rigid registration. to the resglts of the automatic segmentgtlon. The automatic

Segmentation propagation was then used to obtain ﬁspegm(_entatlon res_.ult_s were compared with the manual ones
ROI for the talus bone in the baseline images of the othBY Using the similarity index [7], [8]. Vi and V; are two
10 subjects. A starting estimate was chosen interactivgly Begmentations to be compared, the similarity indgx,was
aligning the talus bones in the reference image and in tHiven by T
baseline image of another subject (S) so that the two images . 2 volume(V: V)
were approximately within 1 mm an8 of rigid alignment. st= volume(V;) + volume(V,)
Rigid registration was carried out to register the basetimege
(source) of the subject S to each ROI (target) in the referenc The talus bones in the baseline images of subject 2 and
image using the starting estimate. Using the result of thiel ri subject 3 were repeatedly segmented by the same observer
registration, af ne registration with 12 degrees of freado (observer A) two more times to measure the intra-observer
was used to register the same pair of images. The resultiagiability. The talus bones in the baseline images of subje
transformation matrices were inverted and used to propagdt and subject 3 were segmented by a different observer
the ROI in the reference image to obtain the ROI in th@bserver B) once. The manual segmentations by observer B
baseline image of subject S. Correlation coef cient wasdusavere compared to the manual segmentations by observer A to
as the similarity measure because it was found to have arlargeeasure the inter-observer variability.
capture range and produced similar results when normalised
mutual information was used. The running time for regisigri
a baseline image to a ROI in the reference image was less ti@nidenti cation of candidate bone lesion regions
10 minutes.

@)

1) Brief overview: A brief overview of the algorithm will
be given next, followed by more details on each step of
E. Automatic delineation of talus bone the algorithm (see Fig. 2 and Fig. 3). The basic idea of
A 4-stage registration process was performed to obtainthe algorithm was to identify 'bright' bone lesions in all
deformation eld for segmentation propagation. The sourdge difference images (see black arrow in Fig. 6 for an
image was the reference image (baseline image of subjecte¥ample) generated in section 1I-D. The bone lesions were
The target images were all time points of the 11 subject®apped to a common image space (i.e. to the atlas) using the
Each time point was treated independently. The rst stagesults of nonrigid registration from section II-E. Mathetinal
was an af ne registration with 12 degrees of freedom. Stgrti morphological operators were used to remove small isolated
estimate for the af ne registration was provided by the hessu bone lesion regions, and the bone lesions were summed to
of section 1I-D. generate candidate bone lesion regions. The kernel sizk use
The second, third and fourth stages were cubic B-splifizthe mathematical morphology was in the unit of voxel usles
nonrigid registrations with control point spacing of 1.1mgn, Ootherwise speci ed.
0.586 mm and 0.293 mm respectively. These control time2) Method details:Since it was expected that the progres-
spacing corresponded to 20 pixels (1.172 mm), 10 pixed®on of bone lesions in all the subjects were similar due to
(0.586 mm), and 5 pixels (0.293 mm) in the high resolutiosimilar experimental conditions, candidate bone lesigiores
plane. Each registration used the result of previous magish of all subjects for each time point were generated initiédlye
as the starting estimate. The number of dilations for de rFig. 2). Then, candidate bone lesion regions of all subjicts
ing the ROI in the target image depended on the amouadt the time points were produced (see Fig. 3).



Identi cation candidate bone lesion regions of all the SUD-  stp1: | pone s scbioets strme et | | o of mont s o i o

jects for a time point: Fig. 2 shows the process to obtain T

T
candidate bone lesion regions in talus bone of all the stdjec ., ,.
for a time point. - Otswsmethed Otsu’s method

Step 1: Using methods described in section II-D and sectior Map to a common
II-E, the talus bones in the baseline images of all subjeetew > image space image space

delineated and all the follow-up images were rigidly regist
to the baseline images for all the subjects over a ROI aroun
the talus bone. Difference images containing only the talus -

. . . Summed image of the
bone were produced by subtracting the baseline images froi candidate bone lesian
the transformed follow-up images for all the subjects aridgis teglons inthe talus bone
the delineated talus bones as masks.

Step 2: To identify bone lesions in the talus bone in a
difference image, voxels were roughly classied into two
groups by the intensity value that equalled to the mean plu: step4:

Morphlogical
opening by “upper
half kernel”

Morphlogical
opening by “lower
half kernel”

the standard deviation of the intensity histogram in theoreg :

of the talus bone. This global thresholding was to roughly @
separate out the bright voxels (bone lesions) in the diffeze —
image. The high intensity group now contained voxels of bone it tals o of o the byt
lesions and normal tissues in the difference image. Otsu? attime point ¢

method was therefore used to ne-tune the result by further ) ) ) o
| e Is in the high intensity aroun into two Fig. 2. _ Process to obtaln candidate bo_ne lesion regions s tadne of all
classifying voxe g yg p gpsuU  the subjects for a time point t. See section 1I-G.2 for more ideta
The bone lesions in the talus bone in the difference image
were given by the group of voxels with the highest intensity.
inthe talus bone attime point t, in the talus bone at time point t,

Step 3: In section II-E, the nonrigid deformation elds for | ‘

mapping the talus bone in the atlas to the talus bones c St

different subjects were obtained for the delineation oftttes

bone. Therefore, the bone lesions in the talus bones irrelifte

subjects were mapped back into the common image space

the atlas by using the inverse function in Visualizationlkdo ~ - —————1——

(VTK) [31]. Then, for each time point, the transformed bone

lesions in the talus bones of all the subjects were summed.
Step 4: Binary opening operator was applied to remove

isolated candidate bone lesion regions or errors due tcegusr

istration or the thresholding algorithm. Binary dilatiopevator

of kernel size3 3 3 was then applied. More details about

. . . . . . . dilation
the binary opening and dilation operators will be given in o Trmo T
section 1I-G.3.
omponent labelling
¥

The process just described was performed on all the follow: ~ Ster3:
‘ Candidate bone lesion region| | ...... ‘ Candidate bone lesion region n |

Candidate bone lesion regions Candidate bone lesion regions

Morphlogical
opening by “upper
half kernel”

Morphlogical
opening by “lower
half kernel”

Step 2:

up images to give a time series of ve images (one for eact

follow-up time point) containing candidate bone lesionioeg

in talus bone for all the subjects. Fig. 3. Process to obtain candidate bone lesion regions s taone of all
Identi cation of candidate bone lesion regions of all thehe subjects for all the time points. See section 1I-G.2 for enetails.

subjects for all the time pointsFig. 3 shows the process to

obtain candidate bone lesion regions in talus bone of all the

subjects for all the time points. Step 3: Candidate bone lesion regions, which was de ned
Step 1: The time-series of ve images containing candidate the image space of the atlas, in the talus bones of all the

bone lesion regions were summed together. Bone lesicgubjects for all the time points were de ned by the connected

that were found in only one time point were removed bgomponents in the resulting image.

thresholding (using the value 2). This was to ensure that the3) Binary opening and dilation operatorsThis section

nal candidate bone regions consisted of bone lesions thdgscribes the binary opening and dilation operators used in

were found in two or more time points. step 4 in Fig. 2 and in step 2 in Fig. 3. Binary opening operator
Step 2: Isolated bone lesion regions were removed by theuld remove excessive bone lesions if a nor®al 3 3-

same binary opening operators as used in Fig. 2. The regultgiructuring element was used. This was due to the anisotropi

images after opening by the two kernels were unioned. Thiexel size(58:6 156 58:6(m )3) giving lower resolution in

unioned image was used as mask to apply to the summedirection of our MR images. To avoid the disadvantages of

image. Dilation operation using a kernel of sZe 3 3 was interpolation (slight blurring of the image and larger dsitze),

performed on the masked image. we chose to perform the mathematical morphology on the
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() ) E-:].'l f [C)] Fig. 5. Kernels in 2D. (a) A norma&8  3-structuring element, (b) A 2D ”

upper half kernel”, (c) A 2D "lower half kernel”.

Fig. 4. Effect of the binary opening and dilation operatga3.A hypothetical

example of identi ed bone lesions, (b) The result after théonrof outputs :
from the two binary opening operators, (c) The result afteaty dilation by a kemel of size3 3 3 so that voxels around the

operators, (d) The result after applying the mask (c) to theeHesions (a). €dge of the automatic segmentation were ignored. The eroded
segmentations were used as masks to apply to the transformed
candidate bone lesion regions. Then, the number of voxels
original data provided by the scanner. Therefore, we designin each masked candidate bone lesion region in the Otsu's
the "upper half kernel” and the "lower half kernel” to addsesthresholded difference images of all the follow-up timentsi
this problem by only removing voxels either above or belowas counted to give the bone lesion volume. The average
the kernel in the erosion step. An "upper half kernel” was laone lesion volumes in male and female subjects were then
3 3 3-structuring element with O at all the positions where galculated in all the candidate bone lesion regions.
= -1, whereas a "lower half kernel” was3a 3 3-structuring
element Wlth 0 at all the positions where y = +;. | Error estimation
All the images were thresholded before applying the binary . . L
opening operators. The resulting images after openingaeper According to [30], the ankle without the injection of PG-
tions by the two kernels were unioned to compensate for aRy at day -14 was unaffected by the reactivation at day O.
asymmetry introduced by one of the kernels. T grefore, the MR scans of the_ left ankles were used to
Fig. 4 shows an example describing the effect of binastimate the error in the calculation of bone lesion volume
opening and dilation operators in step 4 in Fig. 2. Fig. 4(&sSuming that the bone lesion volume was zero. .
shows a hypothetical example of a 2D image of identi ed bone The methods used to calculate the bone lesion volume in
lesions. In particular, notice that (1) the anisotropicepigize the talus bones of the left ankles were the same as described
in the example resembled the anisotropic voxel size in olif Section II-H. The average bone lesion volume in all the
MR images, and (2) the four pixels at the top of the imad@ndldate bone lesion regions determined in the right ankle
simulated error due to misregistration and thresholdimgad Was calculated.
the top edge of the bone.
First of all, if a normal3  3-structuring element (shown in 3, Histological analysis
Fig. 5(a)) was used in a binary opening operation, all theesbon
!sehscl)f/)vnsst\r,lvgtrltladsa? ;ﬁgqrot\;zdlj;?é?q t:fetr']rg%%?' ligv;/r%\ﬁréhzg&is(mgical analysis. The left and right legs were dissecteanfro
opening operations using the “upper halfpkernel” and ”IowZ{Pe animals and xed in formalin. The legs were immersed
P 9 p using PP L in 10% formic acid to remove calcium from the bones. The
half kernel” (shown in Fig. 5(a) and 5(b)). The majority oéth | .
. ) . ) ; L egs were then dehydrated and embedded in paraf n wax. Two
pixels remained in the image. Then, binary dilation operratg . . - )
Fn thick sagittal sections were cut from each block, in very
0S

was applied to retain more pixels surrounding the cluster Qse proximity to each other. One section was stained with
bone lesions. The result is shown in Fig. 4(c). Finally, thﬁ .

image in Fig. 4(c) was used as mask to apply to the ima aematoxylin and eosin (H&E), and the other one was stained

L . . . fth toluidine blue for visualisation of cartilage. Theseea
in Fig. 4(a) to produce an image of bone lesions with small. . . :

. : widely used histological stains.

isolated bone lesions removed.

An expert histologist examined all the histological seasio
and recorded any synovial changes, cartilage changes, bone
H. Calculation of bone lesion volume changes, and soft tissue changes. Typical bone changes in th
The candidate bone lesion regions in the image spacedidease model are shown in the white boxes in Fig. 17(a).
the atlas were transformed to the image space of the baselinehows bone destruction along the shafts by in ammatory
image of each subject by using the nonrigid deformationseldissues extending from synovium and adjacent soft tissues.
that were used to delineate the talus bones. Misregigtratio Since only two histology sections were obtained from each
or interpolation artefacts could result in high signal ire thleg, it was not possible to correlate and align all the MR-
difference image at the bone boundary. To reduce these edgeived candidate bone lesion regions with the histologg.da
effects on the result, the automatic segmentations of flas taAn observer visually identi ed the closest slice (in saagjitt
bones in the baseline images of all the subjects were erodedal or coronal orientation) in MRI to the histology sectio

All animals were killed after imaging at day +21 for histo-



TABLE |
MEAN SIMILARITY INDEX AND MEAN % DIFFERENCE BETWEEN THE
VOLUME OF AUTOMATIC AND MANUAL SEGMENTATIONS OF TALUS BONE
OF SUBJECTI, 2,AND 3 AT ALL THE TIME POINTS.

Subject | Mean similarity Index| Mean % difference between the
volume of automatic and manual
segmentations

Subject 1 0.9541 2.09
Subject 2 0.9415 2.92
Subject 3 0.9462 3.78

for each subject. For each lesion visible on the histoldgica
section, the corresponding location in the MRI difference
images was visually determined, and the presence or absence
of a MR-visible lesion was recorded. Where the MR-visible
lesion was part of a candidate lesion region, this was noted.
For all subjects, only a small part of the bone volume was
visible in histology, because it is a single slice technjgeit

was not possible to compare each MR lesion with histology.

K. The Grid and Virtual Data System

Yong and Mike need to add more details here.

Different stages of the registration mentioned in sectldD |
and II-E were described in virtual data language, the work o
language used, so there is no user interaction involved afte
manually nding the initial starting estimate for the regges
tion.

All registration tasks were run on AMD Athlon 1.0GHz

to 1.5GHz machines with 1.5Gb of ram. The machines were

running Linux version 2.4. Fig. 6. Difference image (transformed follow-up image minuselins
image) for the serial images the right ankle of subject 2. Eash shows
the transaxial, coronal and sagittal view (from left to t)gfrom the same

Ill. RESULTS time point. The talus bone is within the white rectangle. Fiomto bottom,
A I . b l . . . the images are from follow-up images at day -4, day +3, day +&9,+l4
. Follow-up image to baseline image registration and day +21. The black arrows indicates a bone lesion apgeatiday -4.

An example of difference images for serial images is shown

in Fig. 6. They were generated by subtracting the baseline .
image from the transformed follow-up images of subject é)_etween the repeated manual segmentations of the talus bone

The baseline images and the transformed follow-up imagls the baseline images of subject 2 and subject 3 by two
were placed next to each other for visual assessment. Brosijferent observers (observer A and observer B). The result

was found in similar locations in the talus bones of 6 sukjec®® Summarised in Table II. _
as shown in Fig. 7. The volume of the manual segmentation of the talus bone

of subject 1, 2, and 3 is plotted against time in Fig. 9

B. Aut tic delineati  talus b for comparison with the graph of volume of the automatic
. Automatic delineation of talus bone segmentation in Fig. 8.

The volume of automatic segmentation of talus bone of all

the subjects is plotted against time in Fig. 8. D. Identi cation of bone lesion regions
) ) . Fig. 10 shows candidate bone lesion regions in the talus
C. Comparison with manual segmentation bone at day -4 before morphological operations were applied

The similarity index and the mean percentage differenégg. 11 shows candidate bone lesion regions in the talus bone
between the volume of automatic and manual segmentati@isiay -4 after morphological operations were applied. E&y.
of talus bone of subject 1, 2 and 3 at all the time points ashows the sum of the candidate bone lesion regions in 5 time
summarised in Table 1. points (day -4, day +3, day +10, day +14 and day +21). Then,
An estimate of intra-observer variability was given by th&ig. 12 shows candidate bone lesion regions in the talus bone
similarity index between the repeated manual segmentatiafter morphological operations were performed on the image
of the talus bones in the baseline images of subject 2 aimdFig. 13.
subject 3 by the same observer (observer A). An estimateThe surface rendering of candidate bone lesion regions are
of inter-observer variability was given by the similaritydex shown in Fig. 14. In total, eight candidate bone lesion negio



(a) Baseline image (day -12) at top (b) Baseline image (day -12) at top
row and transformed follow-up im- row and transformed follow-up im-
age (day +21) at bottom row of age (day +21) at bottom row of
subject 1. subject 2.

(c) Baseline image (day -12) at top (d) Baseline image (day -12) at top

row and transformed follow-up im- row and transformed follow-up im-
age (day +21) at bottom row of age (day +21) at bottom row of
subject 3. subject 4.

(e) Baseline image (day -12) at top (f) Baseline image (day -12) at top
row and transformed follow-up im- row and transformed follow-up im-
age (day +21) at bottom row of age (day +21) at bottom row of
subject 5. subject 6.

Fig. 7. Baseline image and transformed follow-up images ofitjie ankles
of 6 subjects after rigid registration. Erosion was obsémund a particular
region (white arrow) in the talus bones of 6 subjects. Eash shows the
transaxial, coronal and sagittal view (from left to rightyrh the same image.

TABLE I
MEAN SIMILARITY INDEX AND MEAN % DIFFERENCE BETWEEN THE
VOLUME OF REPEATED MANUAL SEGMENTATIONS OF TALUS BONE IN THE
BASELINE IMAGE OF SUBJECT2 AND SUBJECT3 AS MEASURES OF INTRA
AND INTER-OBSERVER VARIABILITY.

Variability Mean % difference betwee
the volume of repeated man
ual segmentations

1.02

1.29

Mean similarity Index

Intra-observer
Inter-observer

0.9786
0.9437

Graph of volume of automatic segmentation of the
talus bone against time

23
e N
— — d
Hﬂk—pf”””\ o

Volume of talus bone / mm’

20

o

30
Time/day

—+— Subject 1 (male) —m— Subject 2 (male) —a— Subject 3 (female)

— Subject 4 (female) —— Subject 5 (female) —»— Subject 6 (male)

—+— subject 7 (female) — subject 8 (femle) —— subject 9 (female)

—+— subject 10 (male) - subject 11 (male)

Fig. 8. Graph of volume of automatic segmentation of talus bdredl ahe
subjects against time.

Graph of volume of manual segmentation of the talus
bone against time

23

Imm’®

F L

Volume of the talus bone

10 20

Time/day

-20 30

|+ subject 1 (male) —8- subject2 (male) —&— subject 3 (female) |

Fig. 9. Graph of volume of manual segmentation of the talus bosalgect
1, 2 and 3 against time.

(region 93, region 41, region 37, region 24, region 121 aegi
105, region 7 and region 1) were found. Region 24 was the
candidate bone lesion region observed in all the subjects in
Fig. 7.

E. Calculation of bone lesion volume and error estimate

Fig. 15 shows the graph of the average bone lesion volume
in the talus bone in the left ankle against candidate boneries
regions. Assuming that the disease did not affect the lédiean
the error of the bone lesion volume in each region was equal
to the average bone lesion volume in the graph. Region 1
and region 41 had the largest errors. The error estimates wer
smaller than twice the standard deviation of the average bon
lesion volume.

The average bone lesion volume in male and female subjects
in candidate bone lesion region 24 is shown in Fig. 16. The
error bars in the graphs indicate the standard deviatiohef t
average bone lesion volume at each time point. Increase in
bone lesion volume in region 24 over time can be observed in
Fig. 16.



10

Fig. 10. Candidate bone lesion regions (in green) of thestabne at day -4
before morphological operations. The transaxial, coromal sagittal views
of the same image are shown from left to right. The brighter tleey voxel,
the more subjects in which a bone lesion was found in that voxel

Fig. 11. Candidate bone lesion regions (in green) at day #efalus bone Fig. 14. Surface rendering of candidate bone lesion regivesaid with the
after morphological operations. The transaxial, coronal sawittal views of ~semi-transparent talus bone in the atlas. Each candidat bsion region is
the same image are shown from left to right. The brighter thergreoxel, coloured in a different colour as speci ed by the legend oe tiottom left
the more subjects in which a bone lesion was found in that voxel corner.

F. Statistical analysis

When examining the in uence of time and gender on the
bone lesion volume in this longitudinal study, we used a
repeated measure analysis of variance. The bone lesiomeolu
in all the candidate regions at all the time points were sely
in a analysis of variance using SPSS (SPSS Inc., Chicago,
Illinois, USA) with time (day -4 vs day +3 vs day +10 vs
day +14 vs day +21) as a within-subject factor and gender
(male vs female) as a between-subject factor. The resudts ar
shown in Table Ill. The ANOVA yielded signi cant time main
effect in regions 1, 24, 37, 93 and 121, and signi cant gender
between-subject effect in regions 24, 93 and 121.

Pair comparisons between bone lesion volume at different

Fig. 15. Graph of average bone lesion volume in the talus borthd left
ankle against bone lesion region.

Fig. 12.  Sum of the candidate bone lesion regions (in greétheo5 time
points (day-4, day +3, day +10, day +14 and day +21). The &dak coronal
and sagittal views are shown from left to right.

Fig. 16. Graph of average bone lesion volume of male and femajects

Fig. 13. Candidate bone lesion regions in the talus bone. Eegion is in region 24 against time.

coloured differently.



TABLE Il
RESULTS OF THE COMPARISON OF THE BONE LESION VOLUME BETWEEN

DIFFERENT TIME POINTS AND BETWEEN MALE AND FEMALE SUBJECTS TABLE V
USING ANOVA. P VALUES THAT ARE SIGNIFICANT AT P< 0.05ARE COMPARISON BETWEEN HISTOLOGY AND THE RESULTS OF OUR
MARKED WITH *. METHODS.
Region Within-subject factor (time)| Between-subject fac+ Subject Car_1didate pone lesion Bone lesion volume caly
tor (gender) region that is close to _culated by_ our method
. bone lesion observed in in the candidate bone let
Region 1 P < 0.009* P < 0.274 the histological section | sion region
Region 7 P< 0.127 P< 0.201 Subject 2| Region 105 21 voxels
Region 24 P < 0.0005* P < 0.024* Subject 3| Region 105 5 voxels
Region 37 P < 0.015* P < 0.459 Subject 4| Region 24 106 voxels
Region 41 P< 0.114 P< 0.913 Subject 8| Region 24 105 voxels
Region 93 P < 0.0005* P < 0.025*
Region 105 P < 0.154 P< 0.343
Region 121 P < 0.0005* P < 0.022*

time points in regions 1, 24, 37, 93 and 121 (regions where the
ANOVA yielded signi cant time main effect) were performed
using Bonferroni adjustment. Only pair comparisons that ar
signi cant at P< 0.05 are shown in Table IV .

G. Comparison with histology

Histology sections of the 11 subjects were examined under
microscope. Only 5 subjects were observed to show RA-like
pathology, such as bone destruction and lesion, in thelbgsto
section taken through the talus bone. Because only a single
slice of histology was available, it was not possible to jgidg
whether RA-like pathology might have been visible elsewher
in the talus bone. Bone lesions in the histology sectiongwer
found to be near to candidate bone lesion region 24 and 105.

Fig. 17 to Fig. 19 shows some results of comparison be-
tween the histology and MR images. Each gure contains (a)
a histological section of the right leg with RA-like pathglo
enclosed in white boxes; (b) the registered follow-up imé&de
day +21) and the baseline image reformatted in the sagittal
and axial plane, centred on the location in the MR image
that was judged visually closest to the histology lesion.IMR
bone lesions that are near to the pathology in the histcdbgic
section in (a) are enclosed in white boxes; (c) the diffeeenc
image generated by subtracting the baseline image from the
registered follow-up image (at day +21) in (b). The MRI
bone lesion corresponds to the bright voxels enclosed itewhi
boxes. Bone lesions in white boxes are found to be close to
one of the candidate bone lesions regions that were cadcllat
by our method, but the bone lesions in black dotted boxes are
not. Other details are described in the caption of individua
gure.

Table V summarises the comparison between histology and
the results of our methods:

IV. DISCUSSION AND CONCLUSIONS

We devised a technique to automatically identify candidate
bone lesion regions, and calculate bone lesion volume ialser

MR images of joints. This has the advantage over traditionidf- 17- Comparison between histology section and MR imageiost 2.

segmentation propagation, because the volume changes in-
volved are too small to be reliably detected on their own.

(a) Histological section of the right leg of subject 2
(H&E, magni cation  2). Moderate bone destruction was
observed in the white box.Bone destruction in the black
dotted box is not in any of the candidate bone lesion
regions.

(b) Registered follow-up image at day +21(left) and

baseline image (right) of subject 2. The top and bottom
rows show the transaxial and coronal planes from the
same image. Bone lesions were observed in the white
boxes in the follow-up image.

(c) Difference image of the registered follow-up (day
+21) and baseline image. From left to right, it shows the
transaxial, coronal and sagittal views of the same image.
Bright bone lesions were observed in the white boxes that
correspond to candidate bone lesion region 105.

11



TABLE IV
RESULTS OF PAIR COMPARISONS THAT ARE SIGNIFICANT AP < 0.05BETWEEN DIFFERENT TIME POINTS IN REGIONY, 24, 37, 93AND 121.V45 AND
Vp ARE THE BONE LESION VOLUME AT TIME POINT A AND TIME POINT B RESECTIVELY.

Region Pair (time point a and time point b) Signi cance | Mean difference (/a2 - Vp) | 95% CI for the mean difference
Region 1 Day +3 and day +10 P < 0.032 -16.58 (=8.62-25.20) -31.94 to -1.22
Region 24 Day +3 and day +14 P< 0.010 -28.00(=7.68-35.68) -49.62 to -6.38
Day +3 and day +21 P< 0.019 -57.53(=7.68-65.22) -106.6 to -8.46
Day +10 and day +14 P < 0.026 -15.05(=20.63-35.68) -28.49 to -1.61
Day +10 and day +21 P< 0.019 -44.58(=20.63-65.22) -82.65 to -6.51

Region 37 No signi cant pair

Region 93 Day -4 and day +3 P < 0.005 -11.58(=1.80-13.38) -19.66 to -3.50
Day -4 and day +10 P < 0.008 -13.83(=1.80-15.63) -24.16 to -3.51
Day +3 and day +14 P< 0.022 9.27(=13.38-4.12) 1.21to 17.32
Day +10 and day +14 P< 0.024 11.52(=15.63-4.12) 1.32to 21.71

Region 121 Day -4 and day +3 P< 0.015 -4.02(=0.10-4.12) -7.30 to -0.74

(a) Histological section of the right leg of subject 8 (H&E,
magni cation  2). Slight replacement of bone marrow
with in ammatory tissue was observed in the white box.

(b) Registered follow-up image at day +21(left) and base-
line image (right) of subject 8. The top and bottom rows

show the transaxial and coronal planes from the same
image. Bone lesions were observed in the white boxes
in the follow-up image.

(c) Difference image of the registered follow-up (day
+21) and baseline image. From left to right, it shows the
transaxial, coronal and sagittal views of the same image.
Bright bone lesions were observed in the white boxes that
correspond to candidate bone lesion region 24.

Fig. 18. Comparison between histology section and MR imageilojest 8.

(a) Histological section of the right leg of subject 8 (H&E,
magni cation 2). Slight replacement of bone marrow
with in ammatory tissue was observed in the black dotted
box. Bright bone lesions were observed in the black dotted
boxes that do not correspond to any candidate bone lesion
region.

(b) Registered follow-up image at day +21(left) and base-
line image (right) of subject 8. The top and bottom rows

show the transaxial and coronal planes from the same
image. Bone lesions were observed in the black dotted
boxes in the follow-up image.

(c) Difference image of the registered follow-up (day
+21) and baseline image. From left to right, it shows the
transaxial, coronal and sagittal views of the same image.

12

Fig. 19. Comparison between histology section and MR imageilojest 8.
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The technique was applied to analyse the talus bones of 11
subjects that were scanned at 6 time points. A total of eight
candidate bone lesion regions were identi ed and were shown
in an animation of surface rendering to allow visualisation
in 3D. Graphs of bone lesion volume in region 24 were
plotted against time to show the progression of bone lesion.
In regions 24, 93 and 121, bone lesion volume in male ] ) )
and female subjects were signicanty different. Signirua 19,20, A1 exemple of napag bone lesons 0 e atas st of
changes between some time points were also detected in ghig at day +3 after mapping to the atlas using af ne regismaEach row
same regions. Region 24 and 105 were found to be near ghews the transaxial, coronal and sagittal view (from leftight) from the
RA-like pathology in the histology sections. same Image.

We also applied segmentation propagation to the segmen-
tation of the talus bone. A total of 65 segmentations wer N . . _
performed (discounting the one bone at or?e time point us@aCk dotted boxes in Fig. _19) in all the subjects. Work is in
for the atlas). We plotted the bone volumes against time, arp&ogres; to address t_hese ISSUes. ) ]
for subjects 1-3 carried out a comparison of the automaticEm_)”n_the calculation of bone lesion volume was estlmated
segmentation results with those obtained by labour-iitensPY USing images of the normal left ankles. The change in the
manual segmentation. The agreement, assessed using the e lesion volume in all bone lesion region was very small,
larity index, between the automatic segmentations and afanl#SS than 1% of the volume of the talus bone. It would be
segmentations is very similar to the inter-observer agezsm VerY hard to achieve this level of accuracy in manual segmen-
in the manual segmentation. tatlor}s. A lot of Iabo.ur was .savepl in au'FomancaIIy identity

The graphs of volume of delineated talus bones in Fig_c@ndldate bone I'eS|on regions in the images. It wguld have
and in Fig. 9 show increase and decrease in bone volume oREFN extremely dif cult to make these comparisons withbet t
time. It is dif cult to interpret and understand those rasul 2Utomatic mapping all bones to a reference coordinate frame
with respect to the progression of bone erosion because it is'h€ correct mapping of the Otsu's thresholded difference
expected that the bone volume will decrease monotonicalljj2g€es into a common image space (i.e. atlas) was very
over time as the bone is eroded. Possible reasons are a) HBHPrtant. We initially carried out the mapping into a commo
volume was a global measure and included changes duec%_)rdmate frame using af ne registration and foynd thatdo
other factors such as growth and bone remodelling; b) tigsions were mapped outside the talus bone in the atlas as
precision of the automatic and manual segmentations wéfePWn in Fig. 20. But, we later on used non-rigid alignment
too low to detect the volume changes involved (the averalfegreatly improve the results (compared with Fig. 10).
intra-observer variability - assessed by similarity indesf ~ The anisotropic voxel size of the MR image added some
the manual segmentation was 0.9786). On the other hand, @ikculties when performing morphological operations. &h
are able to observe increase in bone lesion volume over tin@per half kernel” and the "lower half kernel” were con-
in region 24 as shown in Fig. 16 by measuring local changg&fucted to avoid removing too many voxels in the y direction
in the talus bone. In future, isotropic voxel size may be considered amongrothe

We compared our results with the histology of the subject§aging factors (such as image resolution, SNR, CNR and etc)
Comparison ofn-vivo imaging and histology remains a great0 address this problem.
challenge in many aspects of medical imaging. Our studyMathematical morphology was found to be a very exible
is not a full validation, but the histology does support th&ool in extracting clusters or regions of bone lesions frdw t
ndings of our image analysis technique. We were able totsu's thresholded difference images. The choice of sizk an
con rm that candidate bone lesion region 24 and region 1athape of kernel is not limited to the ones that were used here.
were close to regions with RA-like pathology in the histglog Take Fig. 4(a) as an example. If the resolution in y-directio
sections of 4 subjects (true positives). Since only 1 higfiohl is doubled, a normaB  3-structuring element as shown in
section per stain was taken from each leg, no informatidrig. 5(a) may be used instead of the two custom-made kernels
was provided in other parts of the leg and therefore it £ achieve similar results.
impossible to correlate all the candidate bone lesion regio In the calculation of the bone lesion volume, the automatic
with the histology. This prevents us assessing whether aggmentations of the talus bones were eroded to act as a
technique generates false positives compared to histolagy mask to apply to the bone lesion regions in order to decrease
future studies, more histology sections could be takenyto tthe sensitivity to misregistration. This also decreased th
to correlate other candidate bone lesions regions in thes tagensitivity to any bone lesion around the edge of the bone,
bone, but this is a highly labour intensive procedure, arahin especially in the y direction. Decreasing the voxel sizehia t
case, the preparation of the histology samples is likely tkemay direction would also help to increase the sensitivity tméo
it dif cult to detect bone oedema. The histology sectionsoal lesion around the edge of the bone.
contained bone lesions that were not close to any candidat&he error in the calculation of bone lesion volume in the
bone lesion regions found from the MRI (false negatives)s Thright-ankle (pathological case) images was different &t tf
is probably because those bone lesions are small (blackddotthe left-ankle (normal case) images. The error found in the
boxes in Fig. 17) or the locations of them are not commdrone lesion volume in the talus bones of the left ankles can



only serve as a lower bound on the error in the bone lesigms]
volume in the talus bones of the right ankles. Also, only one
follow-up time point of the left ankle was available.
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