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ABSTRACT of approximative reconstruction. In the medical area, the u
of lossy compression should be considered with care given

An evaluation of the impact of lossy compression on rigid o . . : . .
. : . L . the sensitivity of image-based diagnosis and knowing that i

registration algorithms for medical images is proposede Du . . . L
will be impossible to recover the original data. Most often,

to the lack of gold standard for many clinical problems, the.

h . . in the current practice, only lossless JPEG is considered to
framework relies on a statistical procedure that estimates . L .
. compress DICOM data, if any compression is applied at all.
reference from a large set of uncompressed images. The ro- o :
A trade-off has to be found between efficient image

bustness, repeatability and accuracy of registrationrétgos fae(chiving and the quality of archived data. In the litera-

can then be derived for each compression ratio. Results at ing int ‘1 lti-di ional medical alat
obtained thanks to a grid technology handling the Computa-ure’ a growing Interest tor muiti-dimensional medicalaia

tion cost of the method. Experiments reveal that the impfct g ompression recently appear&t[lL12, 3]. The authors often |

compression is quite negligible below a significant comprestﬁetri]slzsgr tS:nihoécoer:; trre]iecr%rg&rgf’s'c;?‘;ﬁiﬁ;‘:‘g?ég:ﬁfg&l
sion ratio if the registration algorithm has a good multisc geq Y.

handling. Beyond this threshold, feature-based methoels a}evel of lossy compression may remain acceptable in clinica
highly penalized ' routine though. For instance, Raf§y al [4] made a quanti-

tative evaluation of the impact of an increasing compressio

factor on the ability to detect pulmonary nodules. The study
1. INTRODUCTION shows that the detection performance of solid lung nodules

did not suffer until a compression ratio of 48. This kind of

With the generalization of digital image acquisition and-ma study needs to be performed case by case for different image
nipulation devices, an increasing number of medical imageg,qgdalities and different detection tasks.

are archived ir_1 digital_ware_houses. Manufacturers prov_i(_je Another important question is the impact of lossy recon-
DICOM compliant devices interfaced to local storage facili siryction on automated medical image analysis procedsres a
ties and PACS. The emergence of multi-sites PACS and teClsy jnstance image segmentation and Registration Algorith
nologies such as data grids ease the archiving of medical dgiras). The goal of a RA is to estimate a transformation en-
at a large scale. F_u_rthermor(_e, recent reg_ulat|ons shownd tre abling the resampling of a floating image onto the geometry of
forlong term archiving of patient data. Given the tremer&lou 5 reference image, so that both images are best superimposed
amount of radiology data acquired daily in clinical Centers|y this paper, we are particularly interested in the impédct o
(tens of TBytes per year) and the need for long term archivigssy compression on rigid RAs (RAs only considering the
ing, optimizing storage space is increasingly needed. translation and the rotation).

~ Image compression can lead to drastic data size reduc- s kind of study is difficult because in most real registra-
tion. Compression algorithms, such as the well known JPEG;,, problems, there is no ground truth (gold standard) td-ev

have been included in the DICOM standard. Compresseate the results. Phantom or simulated images may be used to
data size significantly depends on the data itself and tigetar provide a reference, but it is very difficult to produce retii

Compression Ratio (CR) defined as the ratio between uncomngygh images. An alternative is tBeonze-Standard statis-
pressed and compressed data size. Lossless COmpression gty method described ifi[5]. This method enables the use
sures a perfectreconstruction of the compressed datadsigt Ie f 5 yeq| image data set and can therefore be used for differ-
to the lowest CR: typically 2 for any binary data; in the rangegp¢ imaging modalities and different body regions. It isyer
of 3.3 to 3.9 for the brain Magnetic Resonance Images (M R'):omputationally intensive though.

with a large black background considered in this study. Com- In sectior®, we describe an experimental framework to
pression with loss can achieve much better CR but at the cogkimate the impact of compression on rigid RAsturacy

This work was funded by the AGIR French research program “Aci fepeatability, androlloustneﬁ.s. Itrelies on the Bron_ze-Stan(_jarq
Masse de donnédistt p: / / Www. aci - aqi r . of gl method, sketched in sectibnR.1. Itis then applied to the-cli



http://www.aci-agir.org

cal problem of the follow-up of brain radiotherapy. The quan This criterion is based on a robust distance on rigid trans-
titative results obtained considering four different dg®As  formations. It includes a2 threshold value to detect out-
are studied in sectiofl 3. Grid technologies are exploited tdiers. The Mahanalobis normis normalized by the variances
handle the computational cost of this evaluation. The procesr; ands? of the observations that have to be properly esti-
dure not only provides quantitative information on these-sp mated. Computing those variances is not straightforward be
cific algorithms but also a framework for further algorithms cause they are used as input parameters of the patefined
and image databases testing. in equation[(ll). Measured variances are thus re-injecttukin
minimization procedure which is iterated until they comyeer
towards a stable estimation. The larger the number of reg-
istered images, the more accurate the estimated bronze stan
dard. It is important to use various algorithms to prevest th

The founding hypothesis of this evaluation framework is Oreg 5 from being systematically biased by a specific regis
consider the transformations obtained from the uncomprkss tration technique. Results over several patients are geera

images as the reference for the evaluation. In absence
ground truth, this reference can be statistically built by e
ploiting a large number of longitudinal image sequences to
register and different RAs. It is then calledb@nze standard.

Our goal is to estimate to what extent the compression makes
the registration results deviate from their original locifie
robustness can be quantified by the size of the basin of attrac-
tion of the right solution or by the probability to find the hig
transformation.Repeatability (or precision) accounts for the
errors due to parameters of the algorithm (mainly the ihitia At this point, outliers may
transformation) and to the finite numerical accuracy of the 0 Fig. 1. Schema of transforma- correspond ,to images for
timization algorithm. It only measures the deviation frdmet  (jons in the 2D plane. Each RA which the rigid assumption

average vqluei,.e. it does_ not take into account systematic (igentified by a given shape) does not hold such as arti-
biases, which are often hiddeAccuracy measures the error produces transformations in fa tad or strongly patholog-

with respect to the truth (which may be unknown). the compressed (blue) and ical ones. Those outliers are

uncompressed (black) cases. removed from the evaluation
Bronze standards are depicted

2. EVALUATING THE IMPACT OF COMPRESSION

obtain more significant estimations.

Fig. I diagrams the
bronze standard notations.
The reference for the eval-
uation is built exclusively
from the uncompressed im-
ages (black items). Outliers
are first removed thanks to
the x2 test of equatior]1.

2.1. Building the Bronze-Standard reference by crosses. Ellipses represent procedure because the trans-
covariances. formations obtained at this
On uncompressed images, the reference is built using the sta step are going to be used to

tistical Bronze-Standard method. For each sequenesimf  estimate the (bronze) reference of the whole study and they
ages to be registered, let us dendfe, (i € [1,n — 1]) the  must be close enough to the truth. The bronze standard is then
n— 1 unknown (exact) transformations relating imade the  computed and the standard-deviations of the transformstio
following one. In our case-study, a sequence will correspon (s, ando,) are measured. They characterize the repeatability.
to images of the same patient. The unknown transformatiofthe accuracy of each algorithm is finally obtained from the
T;,5 (4,7 € [1,n]) relating any pair of images is obtained by average distance between its measured transformations and
properly composing the free parameters . The registration ahe standard built from the remaining methods (gray cross
all the possible image pairs by different methods yields a and arrow on Figd1).
set of observation§I); }.

The Bronze-Standard method considers the exact trans-
formations as hidden variables of an overestimated systen2:2. Evaluating the performance
n — 1 transformations have to be estimated whereas n x
(n— 1) observations are available. The exact transformationshe number of outlier transformations gives an estimatibn o
are estimated as the ones that minimize the prediction efror the robustness of the algorithms w.r.t the compression. For

the observations: each CR, outliers have to be identified by comparison to the
) transformations obtained from uncompressed images. Con-
{T;i+1} = arg min Z min (;ﬁ (Ti’fj(fl) oT_i,j) ,XQ) versely, running the bronze standard procedure on the-trans
g i 5 formations obtained from the compressed images only could
. ) 0 |t lead to a wrong detection of the outliers. Indeed, if compres
with  p7(R(0,n),t) = p R (1) sion leads to a similar bias for all the algorithnesg( by

making a particular structure disappear from the imagés), t
0 is the angle of rotatio andn is the unitary vector defin- resulting transformation set could be considered as tatis
ing its axis. t is the translation vector of the transformation. cally consistent although it may be far from the truth. In the



worst cases, the compression is likely to disturb the resgist 50 ——
tion so much that algorithms converge towards the wrong lo- s Cresttnes i
cal minimum. Those transformations cannot be included in s e o X
the evaluation of the accuracy and repeatability becalese th 30 S
would make it completely unstable and dependent only on a ol O
few number of outliers. 15 | /
Outliers are detected with the test included in the mean 10
computation. Among the rejected transformations, a visual 3 [ ]
inspection has to be performed to determine whether they 0 10 20 3 40 50 60 70
correspond to wrong local minima (when it is obvious that N COTprefs'°T 'at"" .
a manual registration can lead to a better result) or not. Whe oxs | 7 4 oses
a transformation is found to be in a wrong local minimum, the 0128 | /4 o036
whole patientis removed. Otherwise, the absence of a specifi 0126 | B
algorithm for a given patient could bias the quantificatién o 0124 ] Ziiis
the accuracy of the remaining ones. To allow a fair compari- 0122 - / { 034
son between the CRs, patients leading to a wrong local mini- ooiz | 4/ 7 0388
mum inany of the CRs are excluded for the repeatability and ousk /[ een —— | g:zzs
accuracy studies. Indeed, it would be likely that high CRs oa1a e LU I
would have been evaluated on less patients than lower ones, ° Zﬁomf,f;si;‘;’ w
thus leading to potential artificial standard-deviatiodue- 02— 055
tion. oy ando, are also re-estimated from the uncompressed s | e
images after having removed those patients. - )
For each CR, the repeatability is given by the variances | S
of the transformations obtained from the compressed images

only. Repeatability is pictured by ellipses on Hiyj. 1. It &d 012 “’/;:mm B\

termined without performing any? test in the distance of Cresitnes o (e

CrestLines tr (mm)
01 PFRegister rot (deg) ---a---

equation[(ll): due to potential biases on compressed images, prRegters (o) <~
a transformation may be considered as an outlier for com- ool MR - ]
pressed images while it is an inlier for uncompressed images Compression o

(and vice versa). This is the case of the blue triangle inlig. Fig. 2. Top: ratio of outlier patients w.r.t the CR ; Middle:

The transformations obtained from the uncompressed iMmean variances of the transformations ; Bottom: accuracy of
ages are considered as the reference for the evaluation. Thg algorithms.

accuracy of each algorithm is computed by measuring the

mean distance of compressed transformations to the uncom-

pressed reference. To avoid biases, the evaluated RA is ex-

cluded from the algorithms used to build the uncompressetp maximize an intensity-based similarity measure. The two
reference. We should be aware that taking uncompressed irathers Cr est Li nes andPFRegi st er ) are feature-based
ages to build the reference does not imply that the accuradfpased on the crest lines extracted using the third devasti

is always lower for compressed images. It is for instance thef the images). The diversity of the RAs makes the procedure
case of the transformation of the algorithm depicted with anore robust against systematic biases of each algorithm.
square on figurEl1: compression has brought it closer to the A total of 3024 transformations (128 4 algorithmsx
bronze standard without compression. This caafflbe the 6 CRs) have to be computed. The total sequential execu-
consequence of a smoothing effect of the compression. tion time of this experiment is about 7.5 days. Thanks to
a workflow-based grid implementation, the total duration of
the experiment reduces to 18 hours on the shared EGEE pro-
duction grid and to 4.2 hours on 60 dedicated CPUs spread

Experiments were made on a database of 65 images corraver 3 clusters of a national grid. In practice, computation

sponding to 25 patients for which MRIs have been acquireame reduction is very Important as similar studies showdd b
at several time points to monitor the tumors growth. 126 reg_reproduced for every new image database or RA to evaluate.
istrations are required. This database has been comprassed
CR:6,12,_24,48 and_ 64, with the 3D-SPIHT algorittirn [6]. 3.1. Impact of compression on registration algorithms

Four different rigid RAs are used. Two of theBal adi n
andYasni na are intensity-basedBal adi n uses a block- Among the 25 patients of the database, 6 were removed by
matching strategy andasni na uses a Powell optimization they? test on the uncompressed images (witi30). Those
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patients correspond to ones were the rigidity assumption is 4. CONCLUSIONS
hardly valid, for instance because of high deformationsiin t _ .
mor areas. The reference was built from the uncompressedfe presented an evaluation of the impact of the 3D-SPIHT

images of the remaining 19 patients. compression algorithm on the rigid registrations of longit

The robustness of the algorithms was determined on thoginal images from a database of brain MRIs using 4 differ-
19 patients (360 transformations per algorithm and per CRENt registration mthods. It is based on ;taus‘ucal method
The ratio of outlier patients is plotted on top of Figy. 2 focka that is able to provide aronze standard while no gold one
algorithm.Bal adi n is the most robust method (at most 1 pa-iS @vailable on this particular clinical problem. Thanksato
tient is rejected by the? test). Yasmi na is also very robust, grid |_mplementat|on, we could perform the 30_24 registnagio
with 1 or 2 rejected patients. For those two algorithms, e b required by the study in about 4 hours on ded|cateq resources
havior does not seem to be monotonic with respect to the CRYhereas 7.5 days would have been needed on a single PC.
some patients are rejected for low CRs but are again accepted !N our case, results show that the impact of 3D-SPIHT
for higher ones and vice versa. The good robustness of tho§@MPression on robustness, repeatability and accuracy is
methods may be a consequence of their multi-scale strateg§tit€ negligible until a significant CR (64), in particuldr i
they both use a pyramid of under-sampled images and initiaf"€ registration algorithm has a good multi-scale handling
ize the input transformation of a given sampling level with B.eyond this .threshold, the meth(_)ds based on cres.t-lmes are
the result of the upper one. The robustness of the cress-lindighly penalized: half of the patients can be considered as
methods is lower, which can be explained by the extractio@utliers and their accuracy is lowered by 50%. Surprinsing|
of the crest-lines at a single scale. The number of rejecteBOMPression improves the registration accuracy (up to 30%
patients is almost constant until a CR of 48, with 2 or 3 pa_for Bal adi n on our setup) probably because the registration

tients rejected. For a CR of 64, it highly increases up to al&!gorithm focuses on informative subsets of the image.
most 50% of rejected patients fér est Li nes. At this CR, Thus, the bronze standard method is able to estimate the

PFRegi st er performs a little bit better, with only 37% of performances of rigid registration algori_thms in the alzsen
rejected patients, which could be explained by a more robudf 9old standard and to evaluate the influence of parame-
matching of the crest-lines extracted by the previous ohe. T t€rs such as the compression ratio of the images. This kind
fact that feature-based methods are less robust to conipmess ©f computation-intensive methods greatly benefit from grid

may come from the use of first to third order derivatives of thel€chnologies that speed up the experiments. Lossy compres-
image, which are likely to be impacted by compression. sion does not seem to be problematic until a given compres-

Among the patients rejected for at least one method ion ratio (48 in our study), which is coherent with the résul

were corresponding to wrong local minima for at least oneounOI in [2] on another_cllmcal problem. E_valuatlng the im-
CR. They were removed and the repeatability and the accl2ct of other compression algorithms on different regisir_a
racy were evaluated on the remaining 296 transformations fomethOdS should be done to allow more general conclusions.
each algorithm. The middle of Fifll 2 plots the evolution of
the mean variances of the transformations. Despite a subtle

improvement of 1% at CR=6, the main behavior is an impair{1l] G. Menegaz and J.P. Thiran, “Lossy to lossless objeseti@oding of

ment of 4 to 6% before a strong decline of 13% at CR 64. 3-D MRI data,” |EEE Transactions on Image Processing, vol. 11, no. 9,
The b ¢ Ei displ h f th | pp. 1053-1061, Sept. 2002.

. e bottom o I@ Isplays the accuracy of the ago-{2] M. Unser, A. Aldroubi, and A. Laine, “Special Issue on Véets in
rthms w.rtthe CR. The accuracy of feature_'based metr®ds I \edical Imaging (editorial).”IEEE Transactions on Medical Imaging,
highly reduced at CR=64. At this compression level, the mean vol. 22, no. 3, pp. 285-288, Mar. 2003.
error of Cr est Li nes has increased by 48% for the rotation [3] A. Kassim, P. Yan, P. Yan, W. Lee, and K. Sengupta, “Mot@om-
and 29% for the translation whereas the onBleiRegi st er pensated Lossy-to-Lossless Compression of 4D Medical ésiatsing
has increased by 17% for the rotation and by 2504 for the 'nteger Wavelet Transforms [EEE Transactions on Information Tech-

. . . Lo .. nology In Biomedicine, vol. 9, no. 1, pp. 132—-138, Mar. 2005.
translation. Yasm na is quite insensitive to the compres- _ _
sion: its mean error only increases by 10% for the rotatiod® P- Raffy, Y. Gaudeau, D. Miller, J.M. Moureaux, and R. @iso,
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