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Summary

= Medical Image Registration
- Finding Physically plausible spatial transformation between two images




Summary

When using displacement vector field (DVF)
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Gradient Inverse Consistency



Summary

Using Gradient Inverse Consistency as an
implicit transformation regularizer results in

« Spatially regular maps
« Better registration accuracy on knee, brain
and Lung registration tasks

COPDGene




Background — Medical Image Registration

Given a paired I4 and I, a registration neural network

oA = @14, 1]
aims to predict the transformation between I+ and 5. We train such
a neural network via

N
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Previous Work

Displacement Vector Field (DVF) ®47 = Id + D
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gending Energy  Lreg = 3 [[V2((@4% —1d),)| 13

Diffusion Lreg = ||V(®AF —1d)||%

Limit large and complex deformation when trying to minimize them

IN the loss function.
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Previous Work

= |CON proposed and proved that inverse consistency on the map
yields regularized transformation map

Line = || @42 0 @54 —1d|[2 + || @54 0 845 — 1d||;

But it has difficulty reduce percentage of folding to zero, especially
when the resolution gets greater.
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Gradient Inverse Consistency

oz — |7 [0 o 4] 1|

= In theory, it is an implicit H! type regularization. (see paper)

= Empirically, we observe that it
- converges faster
- Is less sensitive to varying lambda A

= Thus, we can learn registration networks with the same architecture, same
learning rate and same lambda across registration tasks (inter-patient and intra-
patient).

I I all ok sl L o Mang, Andreas, and George Biros. "Constrained H*1-regularization schemes for diffeomorphic image
— i v bt bk 1 registration." SIAM journal on imaging sciences 9.3 (2016): 1154-1194.



GradlCON

A multi-step and multi-resolution
network structure

Stagel Stage2
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GradlCON

A multi-step and multi-resolution
network structure

Stagel Stage2

L =Lym(I" 0 I, I7],17) +
Lein(IZ 0 ®[IZ, 4], I?) +
+ A|V(@[IA, IB] o ®[IB, I1]) — 1||%



Experiments

= Comparison to other regularizers
= Empirical convergence analysis
= Applications on three datasets
- A knee MRI dataset of the Osteoarthritis Initiative (OAI)

» The Human Connectome Project’s collection of Young Adult brain
MRIs (HCP)

- A CT inhale/exhale lung dataset from COPDGene.



Better Trading off between Similarity and Regularity
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Figure 3. GradICON vs. other regularization techniques.
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Converge Faster than ICON

« GradICON (DRIVE) == ICON(DRIVE) --- GradICON (Triangles and Circles) == ICON(Triangles and Circles)
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Figure 4. Comparison of the convergence speed (/eft), visualized
as 1-LNCC (i.e., dissimilarity), for ICON and GradICON when A is
set to produce a similar level of map regularity (right).
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SOTA on Knee, Brain and Lung

« GradlCON achieves SOTA results on inter-
patient registration and intra-patient
registration tasks.
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Method Trans, Croe Lom DICE t %]} Reportedby
OAT

Initial 76
Demons [62] ADVF  Gausian MSE 65 0006 152]
SyYN [3] AVF  Goussisn LNCC 657 00000 (82
NiftyReg [43] AB-Spline  BE NMI 97 00000 152)
NiftyReg [43] ABSpline  BE LNCC 679 00068 |52
VSVE-opt [52] ANSVF  m-Gauss LNCC 674 00000
VM 1] 598 il MSE W60 0008 153
VM 4] ASVE DAY, MSE 661 00013 |52
AVSM [52] ANSVE  m-Gauss LNCC 684 00005
1CON* [23)] DVF TCON MSE 651 00040
Ours (MSE, A-0.2) DVF  GradICON MSE M5 00000
Ours (MSE, \-0.2,0pt)  DVF  Gradlcon MSE 05 00001
B it i DVF  GradICON LNCC M ama

DVF  Gradlcon LNCC .

N Inter-patient

Initial a2z
FreeSurfer-Afline” (48] A = ™ SES 00000
SyN* (3] AVF  Goussian M 089 0.0000
sm-shapes” 1311 ASVE Dift, DICE 735 02886
sm-beains® [31] ASVF Diff. DICE 724 0038

DVF  GradIcow LNCC A 00009
Ours (s prolocel) DVF  GradICON LNCC 725 00003

‘V

Method Trans, Lo f TR mTRE | %/}
frwam|
Initsal 2336
SyN [3] AVF Gaussian LNCC .79 = 126]
Elastix [38] AB-Spline BE MSE 1.32 — 126)
NiftyReg [43) A.B-Spline BE Ml 219 - 126)
PTVReg [65] DVF v LNCC 0.96 =
RRN (28] DVF ™ LNCC 083 —
VM* [4] ASVF Diff. NCC 9.88 0
LapIRN™ [45] SVE Daft, NOC 292 0
LapIRN" [45] DVF Diff. NCC 424 00105
Hering et al. [30) DVF Curv+VCC  DICE+KP+NGF 200 0.0600
GraphRegNet [26] DV = MSE 1.34 =
PLOSL |66] DVF Difi. TVD+VMD o -
PLOSLy; |66) DVF Daff. TVD+VMD -
1o (23] DVE  1oow e Inter-patient
A DVF GradlCON INCC ey ammes
s [aid: projocal) DVF  Gradlcow LNCC 0.96f 00002

Table L. Full comparison on OAL HCP and Dirlab. | and | sdicate results from owr stundard traming protocol, with (1) and without (1)
imstance optimization (Soc. 4.2). Oaly when GradICON is traimed with MSE, we st A = 0.2 Top and honom table parts desote noa-learming
and keaming based methods, resp. For Dirkab, results are shown i the common upiration —sexpination direction, Results marked with *
are obtiined using code from the official repository; o * indicates vilues from liscrature. A: affine pre-registration, BE: bending energy,
MIE: mutual information, DY displacement vector of spane key points, TV total variation, Cury: curvatare regularizer, YO volume

i vesseloness

differeoce, INE diffusion, VE: velocity fickd, SV stationury VE DVE: displacement vector ficld, PLOSLw: SO iterutions of instance

optimizaton with PLOSL.
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SOTA on Knee, Brain and Lung
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GradlCON achieves SOTA results on inter-
patient registration and intra-patient
registration tasks.

GradlCON achieves best performance on
knee and lung registration and on par with
the SOTA method(need Affine pre-
registration) on brain registration.
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Method Trans, Loieg Lum DICE t  %lJ| |1 Reported by

OAl
Initial 1.6
Demons [62] ADVFE Graussian MSE 6315 00,0006 152]
SyN 1) AVFE Gaussian INCC 65,7 00,0000 152)
NiftyReg [43] AB-Spline BE NMI 59.7 0.0000) 152)
NiftyReg [43] A.B-Spline BE LNCC 679 0.0068 152]
vSVE-opt |52] ANSVE m-Cramiss LNCC 674 0.0000
VM 4] SVF Dty MSE 46.1 0.002% 152
VM |4} ASVE Dff MSE 66.1 00013 152]
AVSM [52] ANSVE m-Giansy INCC 684 00008
1CON® [23) DVF 1CON MSE 65.1 00040
Ours (MSE, A-0.2) DVF GradICON MSE 65 0.0000
Ours IMSE, A=0.2, Opt.) DVF GradlCON MSE 70.5 0.0001
Ours (sid. protocal) DVF GradICON LNCC ] . 00261
' . DVF GradlCON LNCC 0.0042
HCP
Initial 45.2
FreeSurfer-Afhine” |45} A 1313 8.5 00000
SyN* {3} AVFE Caussian Mi 0689 0,.0000
sm-shapes”® [31] ASVFE Dift. DICE 725 (1.2886
sm-brains* [31) ASVF Diff. DICE 724 00318
Ours (xtd. protocol ) l)\’l'- GradICON LNCC #‘ 0.0009
DVF GradlCON INCC 7254 0.0003
Dirlab
Method Trans, ' oo 7 P10 mTRE | %/}
Jram |
Initial 2336
SyN |3] AVF Gaussian LNCC L7 - 126]
Elastix [ 38] AB-Spline BE MSE 1.32 — 126]
NiftyReg [43) A.B-Spline BE Ml 219 — 126]
PTVReg |65] DVF ™ LNCC 0.96 —
RRN (28] DVF ™ LNCC 083
VM* |4] ASVE Diff. NCC 9.88 0
LapIRN™ [45] SVE Dafy NCC 292 0
LapIRN" [45] DVF Diff. NCC 424 0.0105
Hering ct al. [30] DVF Curv+VCC  DICE+KP+NGF 200 (L0600
GraphRegNet [26] DV — MSE 1.34 -
PLOSL |66] DVF Diff TVD+VMD 384 0
PLOSL;; |66) DVF Daff. TVD+VMD 1.53 0
1CON" 23] DVF TCON LNCC 7.04 03792
Ours (x4d. protocel) DVF Grad1CON INCC 2 0.0003
DVF GradICON INCC 0.961 00002

Table L. Full comparison on OAL HCP and Dirlab. | and | sdicate results from owr stundard traming protocol, with (1) and without (1)
imstance optimization (Soc. 4.2), Oaly when GradICON is tramod with MSEL we set A = 0.2, Top and Aorsom table parts desote noa-learming
and keaming based methods, resp. For Dirkab, results are shown i the common iupiration —sexpination direction, Results marked with *
are obtiined using code from the official repository; o * indicates values from liscrature. A: affine pre-registration, BE: bending energy,
ME: mutisal information, DV displacement yector of spane key poimts, TV total varation, Cary: cuevature regularizer, VOC: volume
change control, NGF; sonmalized gradient flow, TVD: sum of squared tissue volume difference, VMD: sum of squarcd vesseloess measure
differcoce, INT diffusion, VE: velocity fickl, SV statonury VE, DVE: displacement vector ficld, PLOSLw: S0 iserutions of instance
optinizaton with PLOSL



SOTA on Knee, Brain and Lung

GradlCON achieves SOTA results on inter-
patient registration and intra-patient
registration tasks.

GradlCON achieves best performance on
knee and lung registration and on par with
the SOTA method(need Affine pre-
registration) on brain registration.
GradlCON does not need affine pre-
alignment even for large deformation.
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Method Trans, Loieg Lum DICE t %lJ| 1 Repoaed by

OAl
Initial 7.6
Demions [62) ADVF Gaussian MSE 615 0.0006 152]
SyN 3] AVE Claussian INCC 657 0.0000 152]
NiftyReg [43] AB-Spline BE NMI 59.7 00,0000 152]
NiftyReg [43] A.B-Spline BE LNCC 679 0.0068 152]
vSVE-opt |52] ANSVE m-Ganiss LNCC 674 0.0000
VM |4) SVi i MSE 46.1 00028 152
VM [4] ASVE Diff MSE 66.1 0.0013 152]
AVSM |52 ANSVFE m-Giaissy INCC 684 00,0008
1CON® 23] DVF 1CON MSE 65.1 00040
Ours (MSE, A-0.2) DVF GradICON MSE [N 0.0000
Ours IMSE, A=0.2, Opt.) DVF GradlCON MSE 70.5 0.0001
Guurs {3 prosaon) DVF GradICON LNCC 70.1% 0.0261
' ' DVF GradlCON LNCC TL2Y 0.0042
HCP
Initial 45.2
FreeSurfer-Atline® |45} A s 5%.5 00000
_SyN* {31 e Gaossian Mi 68.9 (0.0000
sm-shapes”® [31] ASVE Daft DICE 725 (1.2886
sm-brains® [31) ASVFE Diff DICE 724 00318
O (i, peviocil) I—UH—I GradICoN ILNCC 7.1 0.0000
DVF GradlCON INCC 7254 0.0003
Dirlab
Method Trans, ' o F o) mlIRE | %/
Jroam |
Initial 23,36
SyN |3] AVF Gaussian LNCC L7 — 126]
Elastix [ 38] AB-Spline BE MSE 1.32 — 126)
NiftyReg [43) A.B-Spline BE Ml 219 — 126]
PTVReg |65] DVF ™ LNCC 0.96 -
RRN 28] DVE v LNCC .83
VM* [4] |A.SVI7 I Diff NCC 9.88 0
LapIRN™ [45] 1 sy NCC 292 0
LaplRN" [45] DVF Diff. NCC 424 0.0105
Hering et al. [30) DVF Curv+VCC  DICE+KP+NGF 200 (L0600
GraphRegNet [26] DV — MSE 1.34 —
PLOSL |66] DVF Diff TVD+VMD 384 0
PLOSLy; |66) DVF Daff. I'VD+VMD 1.53 0
ICON" |23) DVF TCON INCC T4 032
e Grad1CON INCC 1.261 0.0003
Cuns.{ie: projocel) GradICOoN LNCC 096t 0.0002

Table L. Pull comparison on OAL HCP and Dirlab. | and | ssdicase results from ower standard tratming protocol, with (1) and without (1)
imstance optimization (Soc. 4.2) Oaly whoen GradICON is tramed with MSEL we set A = 0.2 Top and horiom table parts desote noa-learming
and keaming based methods, resp. For Dirkab, results are shown i the common iupiration —sexpination direction, Results marked with *
are obtiined using code from the official repository; oo * Indicates villoes from liscrature. A: affine pre-registration, BE: bending encrgy,
ME: mutual information, DV displacement yector of spane ey points, TV total varation, Cyry: cuevature regularizer, YOC: volume
change control, NGF: sormalized gradicnt fow, TVD: sum of squarcd tissue volume difference, VMD: sum of squarcd vesseloess measane
differcoce, INT diffusion, VE: velocity fickl, SV statonury VE, DVE: displacement vector ficld, PLOSLw: S0 irerutions of instance
optunizaton with PLOSL



Method Trans, Lsoe Lum DICE t  %lJ| 1 Repoaed by

OAl
- 7I:I‘::Im\ 62 ADVE Gaussian MSE (\Ill(: 0.0006 52
SOTAon Knee, Brainand Lung &7 3% &= & & ksl @
il e 2B o -
VM [4] SViI (] MSE 46.1 00028 152)
VM| lll A.SVI" Dff MSE 66.1 00013 152)
- - AVSM |52 ANSVE m-Giass INCC 684 00008
GradICON achieves SOTA results on inter- N an o e = o R
patient registration and intra-patient ot gy DV N LN I
registration tasks. uce
GradlCON achieves best performance on —— s s, ¢ OB
knee and lung registration and on par with DOl Awe  be b i [
the SOTA methOd(need Affine pre- Bt oo DVE f;::f" LNCC 75t (0003
registration) on brain registration. M T, L Lo WTREL %]}
- Initial 2336
GradlCON does not need affine pre- SN AN G e —
alignment even for large deformation. TR ) T N e A = ™
- RRN |28 DVF v LNCC 083
GradICON creates very small portion of T 5 B
: peaisc ove D N a2 [oolos
foldings. e b e moneas o I
GraphRegNet [ 26] DV — MSE 1.34 -
PLOSLw 166 v D TvowMp 1% | 0
ll('f;w.‘ll‘_;“i:~ l :)\'D- ICO& INC '(~‘ 71” 03792
Ours (std. protocol) DVF Grad1CON L\:(:(: 1.26§ 0.0003
DVF GradICON ENCC 0961 00002

Table L Full comparison on OAL HCP and Dirkab. | and | sdicate results from owr standard traiming prostocol, with (1) and without (1)
imstance optimization (Soc. 4.2), Oaly when GradICON is tramod with MSEL we set A = 0.2, Top and Aorsom table parts desote noa-learming
and keaming based methods, resp. For Dirkab, results are shown i the common upiration —sexpination direction, Results marked with *
''HE UNIVERSITY are obtained using code from the official repository; a0 * Indicates vidoes from liserature, A: affine pre-regisaration, BE: bending energy,
c 3 x M mutual infocmation, DV displacement yector of spane key points, TV total varation, Cyry: cuevature regularizers, YOC: volume
of NORTH CAROLINA change control, NGF: sovmabized gradient flow, TVD: sum of squared tissue volume difference, YMD: sum of squarcd vesseloess measane
differcoce, INE diffusion, VE: velocity fickl, SV stationury VE, DVE: displacement vector field, PLOSLw: SO ierutions of instance
at CHAPEL HILI optimization with PLOSL S



Method Trans, Lsoe Lum DICE t %I/}  Repored by

OAl
Initial 1.6
- rl)«'mun\ 162] ADVF Craussian MSE 615 00,0000 152)
O n n ee ral n an u n g SyN [3] AVFE Gaussian INCC 657 0,0000 152]
] NiftyReg [43] A.B-Spline BE NMI 597 (4000 152]
NiftyReg [43] A.B-Spline BE LNCC 679 00068 (52]
vSVE-opt |52] ANVSVF m-Ganss LNCC 67.4 0.0000
VM TSVE Dl TMSE A6.1 00008 182
VM 4] ASVE Iy MSE 66.1 000113 152)
- - AVSM |52 ANSVE m-Gimiss INCC 68 4 0.0008
G d CO h SO I - 1CON® [23) DvE TCON MSE 65.1 00040
ra I N a.C Ieves TA resu tS On Inter (;:jr\ (MSE, A-0.2) DVF GradICON MSE 695 0.0000
= = - - = Ours IMSE A 02 One ) DVE Cradlcon MSE s [T
patient registration and intra-patient bbbl — el —— S — R r—
. . g DVF____ GradlCoN LNCC 7012t 00042
registration tasks. - T
1A L > 4
G d CO h i b f FreeSurfer-Alline® |45} A s 5%.5 00000
radlCON achieves best performance on oo -
“sm-shapes” [31] ASVE Daff DICE 25 012886

knee and lung registration and on par with o b (31

DVF GradICoN INCC 711} 0.0000

Ours (xtd. protocod )

the SOTA method(need Affine pre- S L L. L UL
registration) on brain registration. - A
GradlCON does not need affine pre- B =
alignment even for large deformation. bt shig = W B o= W
GradICON creates very small portion of i T
foldings. e b aw s b0

In the table, GradlCON is trained with the Mol oW ba o w0
same network structure, same lambda and PR S I

same learning rate for all three tasks.

imstance optimization (Soc. 4.2), Oaly when GradICON is tramed with MSEL we set A = 0.2, Top and horsom table parts desote noa-learming
and leaming based methods, resp. For Dirlab, results are shown im the common igpiration -sexpination direction. Results marked with *
L are obtiined wsing coxde from the official repository; so * Indicates vidoes from liserature. A: affine pre-registration, BE: bending encrgy
R UNIVERSITY M mutual infocmation, DV displacement yector of spane key points, TV total varation, Cyry: cuevature regularizers, YOC: volume
of NORTH CAROLINA change control, NGF. sovmabized gradient fow, TVD: sum of squarcd tissue volume difference, YMD: sum of squarcd vesseloess measane

differcoce, INT diffusion, VE: velocity fiekl, SV stationury VE, DVE: displacement vector field, PLOSLw: SO iierutions of instance
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Summary

= We develop Gradient Inverse Consistency, a versatile regularizer for learning-
based image registration that relies on penalizing the Jacobian of the inverse
consistency constraint and results, empirically and theoretically, in spatially
well-regularized transformation maps.

= We demonstrate SOTA performance of models trained with GradlCON on
three large medical datasets with a unified training protocal.
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