NONNEGATIVE ODF ESTIMATION VIA OPTIMAL CONSTRAINT SELECTION
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* High Angular Resolution Diffusion Imaging (HARDI) can be used to study * The key idea behind our approach is that P, Is equivalent to * We compare our methods OCS and ICS with LS, DC, and EC.
the neur(_)nal fiber architecture of the brain In order to study causes of min,_pe | Bc=s llz s.t. minp(x; ) > 0. * We reconstruct a set of 375 synthetic 1-, 2-, anc 3-fiber ODFs distorted with
neurological diseases. X€S? SNR of 4, 8, and 12 dB, as well as a real HARDI brain data set.

+ Current Q-Ball Imaging (QBI) methods [1,2,3] estimate the Orientation * Therefore, one may hope that only one constraint needs to be enforced. * We evaluate the overall performance of each method using three metrics:

Distribution Function (ODF) p(x), x € S%,using a Spherical Harmonics * Indeed, when p(-;c) has only one zero, x,, the constraint p(xo;c) = 0 _ —
(SH) basis representation for the HARDI signal s(x), x € S?. suffices to recover c. Negativity Distance from Solution p Runtime
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the (nonnegative) ODFs (red). If the optimal ODF
p( ;) has only one zero, such that there Is only  EC always provides nonnegative ODFs, but has a runtime on the order of 10s
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. L. Tey—1 \ai ) :
found by maximizing the (B B)™" -weighted « OCS is the fastest method, with a runtime of Ground Truth

p(x; C) 1 \/L

-~

_ _ _ _ J=1 _ distance (represented by its level sets) to ¢, s. S
» However, due to signal noise, ODF estimates may contain negative values, 0.5ms per ODF. ASR 43 EE{ Sbogor b
which are physically impossible and thus incorrect. » Minimization with only one constraint, p(x,;c) = 0, is done at negligible gtj/g?arne IO gslcz)i;;ei?cr)?r%ir?ﬁleest;tteh?)tfotLggr.t . ..3.,‘.,',7"; 3 1311V 3duw
L ae computational cost in closed form. ' U FRTaE T IR 1T N
Paper Contributions P by producing ODFs that are closer to the optimal ,;;,‘_f,”:j,;,‘,.',:,‘,_..;3':‘ k@ e d fts s
T nonnegative ODF and improving runtime. I el 5.7 RS
h d f - - - f . 47T+Y(x0) CLS T -1 ke e v 5 scn;«a,-:oc(-). -su;‘ PP S
* We propose two methods for estimating nonnegative ODFs from HARDI Cocs = Cjs v r )T (BTE) -1y (203 (B'B)™ Y (xp) Pl ket o oo n,..‘..
:O.p:u:n: *’~.(§)i é‘: :: i :(é’k“ . \‘ ;
data, Synthetic fiber field reconstructed with state-of-the-art ‘:3,”{; zric -"",\
_ 5 ] - (o [ | : methods in comparison to the proposed method ICS and | | ercncns £ & 2 % § @me @ .
Co = argmin, . pe | Bc—s |, st p(x,c)=>0Vx€ES (1) Least-Squares Solution (2) Find x,, enforce p(xo) = 0 (3) OCS Solution the ground truth F())DFS. prop “XXinbdtiinGson
» The fundamental challenge is that there are infinitely many constraints. Tixxaplisenrine bhussi]1/idvs $h01 0 (@1 xinel inasaitiintine
o v 185 N b akarsn t A % é 4 e & PPl ¥ e ;* £ 5 PR

L3 - [
w, . - S 'Y ' -
% T . < * ¥ o
g § £ - * X 3 s p
-1 1 1 e A | ¢ FF° Yo' 1@ g 2 & £ o & ®
% 1 R 2 . z & . » 0 - s & R
p PV § 2 "% [} . N FET LN Y * 5 % & ;:'"; Sy U9 g %
v ¥ o 4 d - bl - 4 2 e
o . o Co T b B . 5 t & . b3 » adi Nk ¢ v " - 3 P, 5’ '.»‘ = e 8 < L3 pi A,
= R rn e § ¢ 4 » it P ¢ %9 C e T W o N N o O, ¢ "‘.J‘ w 2 % f} X Q2 5 e ®, W« % &t ) + e P+ = ‘-“ i ¥
) v L b e 5 . v - L4 - . = <+ 3 < - v & - & > v/ v - v - |l -9
& 4 8- ol v B » R i /.‘ [ P o ud & B wa » > f we 2 > s & * 2 5 & F " [ - - - o 2 b 3 Py A a
- D A ey M”55 " - i oo 4 o € 4 . 3 ¢ > w® . ] e el e B P ne? A -, 5 % \
o ; j : . : ; : 0 : ; : NWEEROPE FRMDLTF AWK NFWA R0 W] |l e, d VLG A | |Bdpodp i & 8§+ &N R @
1 2 3 1 2 3 1 2 3 . . e .2 ~ s _ B . a ¢ a o A N N - & - a 3 - r - 2 .
r \/ w GptramBgom & R, B oo ar | a0 ¢ W, 3 HPonard ool labee .n.n;..)- S T ) -'.un.«o,glz).-n:v(:)ﬂj D Cyer SO fpeisess
v w ” v - L - - v v L ] [ " . L ¥ - ] - - - e v
- e Ty & 2 - . - ol - - % - a - a & ~ -
a e O e u,n)'n.?,(u)lu.'r,, 3‘&‘: 4 ‘.t‘(fz)nv"i-"*;u*' '.!D"'p');iouu)'!‘,())\;‘ = 'l;(ﬁjn*'l»e-»'r..‘*' uuw",-),(un-p'r,(a)\:;\ » 'a,rq)unm.(r'\a' e e .(,wnn.(c«p)..."l,‘.q;\,.fn,«.'c.)..c.ng-,c;. ,l"htt,.
3 3 " v - o 3 ~ [ v - - v o - .
) s 4 s _§ 8 8. > 5 ] s S 2 . a P ) - - P - ~ P - P
e W, (89 5] it @0 o0 G | Fracieao @ %), 9 3 ckucta sk, (W ome oo gamendhte, by F ook ook, 00 omeon| [ ckeetaco S @8, 9, de o dhn cllagiderorainain
= = - v ¢ y- - § e v (s r O & v », Z 2479 & ¢ » - J Lo > N - ¢ -
- v
2 *» . » > " P oy
e s el PO, e et oy (58 NV ¢ )r‘““;’.‘ bad wen €y ‘;cuh*’r“’t» & 292 W ey, & (8 € > en & o 2 % Ne L6 D 4o 2€ Hy 2E K T &) &N X DD Y oy e

. , 50 %O HPG & O -u‘\ P L, O O » § &) o L;Q\nuu*.‘ G @20 W & Oy [ ARG (B @) & T OGP e
- - T Tal I I I o I I\/I “ "",'*ﬁ'?"b‘h."ﬁ"f‘:c.':*: ':‘.":g";"""::"’ (o, (1) fea®a® .:'3'."-'-"'_;3;, baeSenkock e, L (DNt 30 W o % C dhpelomrcionn,| k@i S, o ) Bresd & avesis
« The discretely constrained (DC) method [4] enforces nonnegativity on a Note that the minimum in this 1D example Is at x = 4.5. However, to obtain nonnegativity SR S PO | b i ok SR SRR | ot wvin ok B SR | e 2o s ) o I POPE
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does not solve P.,, which can result in a distorted estimate of the ODF. : : DC EC 1G5

* OCS is only guaranteed to work when p( - ; ¢, ) has only one zero; however, s -
/ with low SNR this assumption may fail.

* In this case, we find a new solution for ¢ subject to p(x;; ¢) = 0, where x4 IS * We propose two methods for estimating a nonnegative ODF from HARDI
the minimum of p(-; cocs). data: | | | |
+ Iteratively adding the minimum of the current estimate to the set of * OCS solves a quadratic problem subject to one constraint and Is guaranteed

constraints generates a converging sequence ¢,, = Ce. to produce a nonnegative ODF under some condition.
« |CS iteratively solves a quadratic problem subject to multiple linear

: :2 _2 _2 _2 constraints and Is guaranteed to converge to the correct solution.
Aganj, |. et al. (2010). Reco on of the orientation distributic 2 gle- ana ole-she _1 /\ / _L / _1 l\ / * Experiments showed that our methods produce more accurate solutions than
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