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I Dementia vs Alzheimer
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Figure 1. Model of the clinical trajectory of AD. The stage of preclinical AD precedes MCI
and encompasses both asymptomatic individuals in whom the pathophysiological process has
already begun but who are clinically indistinguishable from the profile of normal or “typical”
aging, as well as individuals who have demonstrated subtle decline from their own baseline
that exceeds that expected in typical aging, but would not yet meet criteria for MCI.
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Figure 3: Hypothetical model of dynamic biomarkers of the Alzheimer’s pathological
cascade, expanded in the preclinical phase. AB as identified by CSF AB42 assay or PET
amyloid imaging. Synaptic dysfunction evidenced by FDG PET or functional MRI. Tau-
mediated neuron injury by CSF tau or phospho-tau. Brain structure by structural MRI.
Biomarkers change from maximally normal to maximally abnormal (y axis) as a function of
disease stage (x axis). The temporal trajectory of two key indicators used to stage the disease
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I Neuroimaging for AD Prediction
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Previous Approach

Neuroimaging research survey

« ML & 7|t 2 8t X|Of RICH oqﬂgg 7 A}
= 2006 ~ 2016 77HX|2 11171 Ar== XMzl &7, SSA0l 5 280AM =5
—AD vs CN =/ : 76 %
— ADIMCl vs CN : 42 %
—AD vs MCI : 9 %

= Dataset
— &= A0l ADNI &7l IO & AFE (T1, FAIR, PET)

= Methodology

— Visual feature 7|8t (Voxel wise, Local/Nonlocal image patch)
— Cortical thickness &7

— Gray matter, white matter, CSF &%

— Relevant pathologies keywords

« microvascular change, cognitive impairment, cognitive decline, MCl, Lewy bod*, LBD, frontotemporal, FTD, lacun*, white
matter hyperintens*, white matter lesion*, WMH, leukoaraiosis, periventricular microbleed*, microhaemorr*, microhemorr*,
stroke, cerebrovascular, CVA, perlvascular space*, PVS, Virchow-Robin space*, pathological aging, pathologlcal agei ,g bram
cerebr*, medial temporal, mesial temporal, LA O



I Previous Approach

Data sources HCvAD |HCvMCI| MCIncv |[MCIVAD | Total | [Total 68* 30 38 8 144

MClc Types of Imaging and imaging plus non-
ADNI 54 24 34 7 119 |imaging data used
ADNI + Bdx-3C 0 0 1 Ol 1 [Tiw only 46| 13 26| 6| 91
AddNeuroMed 1 0 2 0 3| [T1w & other imaging data 8 8 2 0 18|
AddNeuroMed + ADNI 2 1 1 0 4 T1w & other types of data 8 3 8| 1 20
Local 4 3 0 0 7| [T1w & both other imaging & types of data 6| 6 2 1 15
OASIS 7 2 O 1 10y [Total 68* 30 38 8 144
Total 68* 30 38 8 144 |Size of dataset (range from 100 to 902
Machine learning method participants).
AdaBoost 1 0 1 0| 2| [150 and under 30 4 9 2 45
Deep Learning 2 2 O Ol 4 (151 to 200 4 10 6| 0| 20
Gaussian Process 0 0 1 0 1 (201 to 250 9| 4 6| 0 19|
LDA 5 0 5| 1 11f 251 to 300 4 2 3 Ol 9
Logistic Regression 4 0 2 0| 6| |[Over 300 21 10 14 6| 51
OPLS 2 1 1 Ol 4 [Total 68* 30| 38 8 144
QDA 0 0 1 0 1
RBF-NN 0 0 1 Ol 1
fandom Fores 3 1 : ‘ /' HC=healthy control;

: , : _

=y - 3 = = o AD=AIz.he|mer _s.dls_easez
UM T AL 3 ] 1 o 4  MCI=mild cognitive impairment;
SVM + OPLS 1 0 1 0 2 nc=non converter to AD;
SVM + Random Forest 2 1 2 0| 5 c=converter to AD
SVM + SRC 1 1 0l Ol 2
KNN 3 0 0 0 3
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I Evaluation

Reference Dataset Classification Image features Additional imaging Classifiers Results
tasks (n) (FS and representation) sequences and features
(Aggarwal, Rana et al. 2015) OASIS HC vs AD (99 /99) 3D-DWT (symmlet) of 7 ROI's:  hip- n.a. kNN Sen=0.789 / Spe = 0.810
pocampus. amygdalae. ventricles, an-
terior and posterior cingulate (FS by
FDR and rnPMP)
(Aguilar, Westman et al. 2013) AddNeuroMed HC vs AD (110/116) 68 cortical thickness wvalues and Education. SVM (non-lin) Sen=0.862/ Spe =0.900
MClInc vs MCIc (98 /21) 50 regional volumes obtamned with n.a. OPLS Sen=0.810/ Spe = 0.684
FreeSurfer.
(Ahmed. Mizotin et al. 2015) ADNI HC vs AD (162 /137) Circular harmonic features extracted n.a. SVM (RBF) Sen=0.791 / Spe = 0.882
HC vs MCI (162 /210) from hippocampus and posterior cingu- Sen=0.626 / Spe = 0.748
AD vs MCI (210/137) late cortex (FS by PCA: BoW represen- Sen=0.490 / Spe =0.752
tation)
(Anagnostopoulos. Giannoukos et al. 2013) AddNeuroMed HC vs MCI vs AD Cortical volume and thickness for spe- T2w, demographics. Ensemble of Acc=0.771
(113/122/123) cific ROI's. manual volume measure- FF-NN. SVM,
ment of the hippocampus. PESFAM,
P-NN, kNN
(Archana and Ramakrishnan 2014) OASIS HC vs AD (92 /45) Voxel-wise texture features from struc- n.a. SVM Sen=0.877 / Spe = 0.849
HC vs MCI (92 /67) ture tensor analysis (FS by FDR). Sen=0.764 / Spe =0.783
AD vs MCI (67 / 45) Sen=0.747 / Spe = 0.767
(Babu, Suresh et al. 2013) ADNI HC vs MCIc (232/167) Voxel-wise GM probability values from  n.a. RBF-NN Sen=0.730 / Spe = 0.840
MCInc vs MCIc (236/167) VBM analysis (FS by t-test). Sen = 0.880 / Spe = 0.890
(Beheshti, Demirel et al. 2015) ADNI HC vs AD (130/130) Voxel-wise GM probability values from  n.a. SVM (RBF) Sen =0.908 / Spe = 0.908
VBM analysis (FS based on PDF of
ROTI’s).
(Casanova. Hsu et al. 2013) ADNI HC vs AD (188 /171) Voxel-wise intensities from GM, WM  na. Regularized Sen=0.843 / Spe = 0.890
HC vs MCInc (188 / 182) and CSF maps. n.a. logistic Sen = 0.586 / Spe = 0.681
HC vs MCIc (188 /153) n.a. regression Sen=0.740 / Spe = 0.881
MClInc vs MCIc (182 /153) Cognitive scores. Sen=0.579 / Spe = 0.701
(Chaddad, Desrosiers et al. 2016) OASIS HC vs AD (62 / 62) 3D co-occurrence matrix. n.a. Random forest. Sen=0.742 / Spe =0.759
(Chen and Pham 2013) OASIS HC vs AD (75 /75) 2D regularity information from semi- n.a. HMM Sen = 0.800 / Spe = 0.800
variogram analysis of GM maps.
(Chen, Wei et al. 2015) ADNI MCInc vs MCIc (167 /236) GM volumes in 93 ROI’s (sparse repre- n.a. SRC Sen=0.581/ Spe =0.763
sentation).
(Chincarini, Bosco et al. 2011) ADNI HC vs AD (189 / 144) Voxel mtensities of filtered masks in 9 n.a. Random Sen = 0.890 / Spe = 0.940
HC vs MCIc (189 /136) ROTI’s: hippocampi. amygdalae. middle forest + SVM Sen = 0.890 / Spe = 0.800
MCInc vs MCIc (166/136) and inftemp gyri. rolandic. Sen=0.720 / Spe = 0.650
(Cho, Seong et al. 2012) ADNI HC vs AD (80 / 66) Cortical thickness values (FS by PCA). n.a. LDA Sen=0.820/ Spe =0.930
HC vs MCIc (80/35) Sen = 0.660 / Spe = 0.890
MClInc vs MCIc (66 /35) Sen =0.630 / Spe =0.760
(Costafreda, Dimnov et al. 2011) AddNeuroMed MClInc vs MCIc (81 /22 Thickness values of hippocampi. n.a. SVM (RBF) Sen=0.770 / Spe = 0.800
(Coupé. Fonov et al. 2015) ADNI MClInc vs MCIc (309 /37) SNIPE (Scoring by Nonlocal Image n.a. LDA Sen=0.649 / Spe =0.735

MKL : Multiple Kernel Learning

Patch Estimator) hippocampal fea-
tures.
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I Evaluation

Reference Dataset Classification Image features Additional imaging Classifiers Results
tasks (n) (FS and representation) sequences and features
(Jiang and Shi 2014) ADNI HC vs AD (52/51) 83 ROI volumes from GM maps (FS by na KNN Sen =0.920 /Spe =0.904
sparse kernel entropy component anal-
).
(Jie, Zhang et al 2014) ADNI HC vs AD (52/51) )(r}ml\i volumes and PET intensity values PET. MKL Sen =0.947 /Spe =0.958
HC vs MCI (52/99) m 93 ROI's(FS by manifold regularized CSF biomarkers. Sen =0.894 /Spe =0.708
multitask learning method).
(Khedher, Ramirez et al 2015) ADNI HC vs AD (229 / 188) Voxel mtensities n GM and WM maps na SVM (linear) Sen =0.913 /Spe =0.851
HC vs MCT (229 /401) (FS by partial least square). Sen =0.822 /Spe =0.816
MCI vs AD (401 /188) Sen =0.870 /Spe =0.838
(komlagan laetal Z014) ADNI MCInc vs MCIcC (230 / 100) SNIPE (dconng by Nonlocal Image na >VM (lmnear) >en =0.015 /5pe =0.850
Patch Estimator) hippocampal features
(FS by sparse logistic regression).
(Korolev, Symonds et al. 2016) ADNI MCInc vs MCIc (139 /120) Cortical thickness. volumes, curvature Risk factors. MKL Sen =0.834 /Spe =0.764
and surface area of 180 ROI's (FS by cognitive scores,
joint mutual nformation criterion). proteomic data.
(Krashenyi, Ramirez et al. 2016) ADNI HC vs AD (229 /188) Mean ROI mtensity values of GM and PET. Fuzzy inference = Sen =0.933 /Spe =0.922
HC vs MCIT (229 /401) WM maps from Tlw and mean inten- system. Sen =0.759 /Spe =0.861
MCI vs AD (401 /188) sity from PET (FS by t-test). Sen =0.749 /Spe =0.820
(Lebedev, Westman et al. 2014) ADNI HC vs AD (75/35) Volumes from 41 ROI's and corti- APOE3, Random Sen =0.920 /Spe =0.886
MClInc vs MCIc (130 /35) cal thickness values (FS by PCA and demographics. forest. Sen =0.833 /Spe =0.813
RFE).
(L1 Wang et al. 2010) OASIS HC vs MCI (80/89) GM valuesm 19 ROI's (FS by t-test MMSE. SVM (RBF) Sen =0.919 /Spe =0.880
and feature ranking).
(Lt L et al. 2014) ADNI MCIc vs MClInc (161 /132) Cortical thickness values, volumes of Demographics, Random Sen =0.667 / Spe =0.814
cortical ROI's, voliumes of WM i genetic data, forest
ROI’s, total surface area ofthe cortex cognitive scores,
(FS by hierarchical Lasso method). lab tests.
(L1, Otishi et al. 2014) ADNI HC vs AD (142 /80) Voxel-wise combination of 2D-LBP na SVM Sen =0.804 /Spe =0.827
MClInc vs MCIc (142 /141) from axial coronal and sagittal orienta- Sen =0.615 /Spe =0.635
tions (FS by t-test and a priori knowl-
edge).
(Lt Yanet al 2015) ADNI HC vs AD (60 /60) Volume and 15 texture features from 4 na SVM (RBF) Sen =0.927 /Spe =0.973

HC vs MCI (60 / 60)

structures (GM, WM, CSF, hippocam-

pus) i L /R hemispheres (FS by chamn-
like agent genetic algorithm).

Sen =0.804 /Spe =0.864

Neuro Computing 2015
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I Evaluation

(Martinez-Murcia, Gorriz et al. 2016) ADNI HC vs AD (180 /180) LBP features from GM and WM maps na SVM (linear) Sen =0.899 /Spe =00919
(2D representation of the bramm and FS
by t-test).
(McEvoy, Fennema-Notestme et al. 2009) ADNI HC vs AD (139 / 84) Morphometric measures from 58 ROI's. na LDA Sen =0.830 /Spe =0.930
(Moradi, Pepe et al. 2015) ADNI MCInc vs MCIc (100 /164) Voxel-wise GM density values (FS by Age. RAVLT, Random Sen =0.870 /Spe =0.740
regularized logistic regression). ADAS-Cog, MMSE., forest +
CDR-SB. FAQ. SVM (RBF)
(Morgado and Silveira 2015) ADNI HC vs AD (75/59) Voxel-wise GM density values (FS na SVM Sen =0.869 /Spe =0.872
HC vs MCI (75/135) by Minimal Neighborhood Redundancy Sen =0.688 /Spe =0.670
Maximal Relevance).
(Nho, Shen et al. 2010) ADNI HC vs AD (226 / 182) GM density values from 86 ROI's, cor- APOE3, SVM (RBF) Sen =0.850 /Spe =0.948
HC vs MCT (226 /355) tical thickness values from 56 ROI's (FS family history. Sen =0.694 /Spe =0.698
by SVM-RFE).
(Plocharski and Ostergaard 2016) ADNI HC vs AD (96/109) Depth, length. curvature and surface na SVM (linear) Sen =0.900 / Spe =0.867
area of 24 sulci (FS by forward selec-
tion).
(Rao, Lee et al 2011) Local HC vs AD (60/69) Voxel-wise GM density values (FS by na Logistic Sen =0.904 /Spe =0.803
spatially regularized fornmlation). regression
(Rueda, Gonzalez et al 2014) OASIS HC vs MCI + AD (98 /100) Vozxel mtensities (graph-based saliency na MKL Sen =0.670 /Spe =0.735
map representation).
nanamann amas vewanny
(Zhou, Goryawala et al. 2014) ADNI HC vs AD (127 /59) 41 regional and 10 morphometric vol- MMSE. SVM (RBF) Sen =0.840 / Spe = 0.961
HC vs MCIc (127/67) umes (FS by t-test). Sen=0.611/Spe =0.834
HC v MClac (127 /356) Sen—02353)/Cos 0232
(Zhu, Suk et al. 2014) ADNI HCvs AD (52/51) GM volumes and PET intensity values na. SVM Sen=0.886/ Spe 0.978
HC vs MCI (52 /99) in 93 ROI's (FS by regularized least Sen =0.948 / Spe = 0.569
comare morpccmﬂ\
(Zhu and Shi 2014) ADNI HCvs AD (52 /51) GM volumes in 93 ROI's (co-training na. SVM (linear) Sen =0.869 / Spe = 0.904
semi-supervised learning approach).
(Zhu, Shi et al. 2014) ADNI HCvs AD (52 /51) GM volumes and PET imntensity values na. SVM (linear) Sen=10.952 / Spe =0.907

in 93 ROI's (FS by Hessian regulariza-
tion semi-supervised approach).

MICCAI 2014
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Our Approach

Neuroimaging to Diagnose AD

= Bio marker extraction
— Whole brain parcellation 2 £ atrophy &M
— Multi center | multi device | multi sequence adaptation
= AD prediction
— AD | MCI | CN ZtXt9| age-sex-volume-biomarker & O| &%t 2&
= WMH, CSF, Cortical thickness
= Non-imaging data
— Cognitive test scores, CDR

vVuno



I Whole Brain Parcellation

= Neuroquant

-5

— Crot &4

— W= F4 Al
= Freesurfer

-SNEEESR

— =8 A ZF 6A

|01

Zt (full parcellation)

Comprehensive
Volumetric Reports

Five standard reports provide
supplemental volumetric data in
the assessment of neurological

conditions.

NeuroQuant Output

Custom Volumetric  Color-Coded Brain  Exportable CSV file
Reports Segmentation with Raw Data

,;fx;

v -

€7 ~c
2

An alternative to standard A color overlay of the 3D MR Add exportable, thorough CSV
NeuroQuant reports, users can images enabling closer file with extensive data for
create custom volumetric reports inspection on a PACS or other research needs.
relevant to clinical needs. DICOM viewer.




I Brain MR Preprocessing

v

v

Reorientation AC-PC
Alignment

Dcm to nii (nifti format)

Dimension: 160 x 384 x 384
Spacing: 1.20 x 0.62 x 0.62
Number of Components: 1
Datatype: 16-bit integer

Intensity Range: 0.00 - 956.00
Intensity Mapping Slope: 1.00
Intensity Mapping Intercept: 0.00

NIfTI Intent Code: NIFTI_INTENT_NONE
NIfTI q factor: 1
NiTIgto_xyz: 1.20 0.00 0.00 -90.00
0.00 0.62 0.00 -94.41
0.00 0.00 0.62-116.68
NIfTI sto_xyz: 1.20 0.00 0.00 -90.00
0.00 0.62 0.00 -94.41
0.00 0.00 0.62-116.68 p3 MPR/ND/NORM

Previewed by DTI-TK QuickLook Plugin 2.2.1 AAHScout_MPR

Try ITK-SNAP for your detailed image
viewing & annotation
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I Brain MR Preprocessing

Bias field correction ; Resample to : AC-PC

Tmm Isotropic Alignment

vVuno



I Parcellation Algorithms

2 q 2 —b )
! A ‘ . —
‘ » . » -~ ; ‘

AN | e
P— e T

T1 Weighted Skull Stripping  Volumetric Labeling Intensity

Input Normalization

|

Gyral Labeling T e Surface Atlas White Matter
1 Surface Extraction Registration Segmentation

B
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Whole Brain Parcellation with ML

s 2.5D HiResNet

— Atrous convolution
— ResNet
— Dice loss

1 d 2 Zr?:l 0(yn = ¢)Fe(xn)

D({-Tn} {?/-n}) - E — Z;‘Y:Jd(yn - c)]Q -+ Z;:l[Fc(l'n)]Q :
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Preprocessing

Image Quality Variation (Device, Sequence, Clinical center)

= Part based Normalization (Gray matter)
» Histogram matching
= Noise synthesis




I L ocation Aware

. | FAOIMO| ATHE QXIS Q14
« 7|ZEYH - Brain atlas mapping (AFH X[ Al)
— Co-registration (S1t2})
— Atlas map & (et=¢l)
— Re-location
— Segmentation

o ZHKQIAIEHE

— No registration/standardization
— No atlas map

— Detection and segmentation = SA|0f|
- fX[E A L SHof elgst IR = O._Vil,

Hippocampus Parahippocampal

Entorhinal

Parietal lobe

Frontal lobe \
!

Temporal
lobe

Brainstem
Cerebellum

Occipital
lobe
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Object Detection

= Negative (background) 7t 2% B2 G|O|H, A2 $X| B=
= Faster RCNN vs Deconvolutional network

— #X| : class map + clustering | class map + deconvolution

— /| : box regression | pixel classification

— Negative X 2| : output selection | loss weighting

— 574 :instance detection | pixel level classification (= segmentation)

k anchor boxes

2k scores 4k coordinates

7
4

cls layer reg layer s
o /‘
Rol pooling s Convolution Deconvolution

256-d

layer P




I Pixel Classification

* [mage Segmentation
- UM =X EAE &= 7| E

— Histogram/edge based clustering
— GraphCut
— Segmentation by classification

Hippocampus VUM O



Data Imbalance

= Positive, negative, class imbalance

» Categorical weight balancing
— Label 2| H[ L £ class & loss HE2 & LG,5) = = Y Wiynk 10g 9
nk

» Dice coefficient loss

— Dice coefficient : piiiz (p : softmax output t : target)
. 2t X '
— Gradient : Dt
o r : , 2XNY
_P 9t 7t A2 [jf gradient 7 O 7% dice(X. V) = S

—t Of k2t CHE loss function 2 AFHE 22 Gradient clipping
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I H Ig h Res N et http://www.ucl.ac.uk/interventional-surgical-sciences/research/research-platforms/nifty-net

= No pooling
— 4K 1A ZH + 58 HlO|EH 0| A= pooling O] ==0] 2r=

-l 77 S82% =X (B =&)
= Network depth
—GPU M2 2|7} 5 &ot= Z[OH
— 1 batch : oscillation &X|. Group norm O] =20] &,

Loss : 0.933 Acc : 0.086
1.0
0.950 A
def GroupNorm(x, gamma, beta, G, eps=ie—5):
0.925 - # x: 1nput features with shape [N,C,H,W] ,, |
0.8 4 = :;.‘ beta: scale AT et, with shape [(1,C,1,1)
0.900 4 \{ # G: number oI groups 1Ior GN
N, C, H, W = x.shape
0.875 A 0.6 - x = tf.reshape(x, [N, G, C // G, H, W])
0.850 - W'l mean, var = tf.nn.moments(x, [2, 3, 4], keep_dims=True)
' /J\/\;/V X = (x — mean) / tf.sqrt(var + eps)
0.825 1 0.4 1 / x = tf.reshape(x, [N, C, H, W])
0.800 A / ﬁ return X %= gamma + beta
0.775 - 0.2 7 / Figure 3. Python code of Group Norm based on TensorFlow.
—— train
0.750 91 —— vyal
1 | I 1 0.0 1 1 1 ) u
0 20 40 60 0 200 40 60 https://arxiv.org/abs/1803.08494 V U N o



I High ResNet

= Atrous convolution
— Convolution 2| Zl== stride size, kernel size & =2|™ Receptive field 7 &

ng, +2p—k .
n: number of features : : Mout = \ s ‘ +
e . k : convolution kernel size , )
r: receptive field size . . . Jout = Jin *S
: . . . p : convolution padding size ’ . ,
j: jump (distance between two consecutive features) Tout = Tin + (k — 1) * jin

s : convolution stride size

start : center coordinate of the first feature k—1 .
Startout - Startln + T - p *]in

— 40| m2t0| =& SA[0]| =0|HA Receptive field 2F ‘d= 714

-~

n . - L \ g ¥
. - .,-
. ()tj" an . . :
: - QU= O —

up-sampling | | ‘
10x10 p-sampling LR e

standard convolution

atrous convolution
kernel size=10
rate=2 stride=1

vVuno
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I 2D vs 3D

ModelNet40 | ModelNetd40 | ModelNet10 | ModelNet10
Algorithm Classification | Retrieval | Classification | Retrieval
(Accuracy) (mAP) (Accuracy) (mAP)
- Y o " SO-Net[34] 93.4% 95.7%
3D chel ClaSS|flcat|On Minto et al.[33] 89.3% 93.6%
. ol M- RotationNet[32] 97.37% 98.46%
—Vanilla 3D CNN —| o|—7:” LonchaNet[31] 94.37
. —_— AL Achlioptas et al. [30] 84.5% 95.4%
— 3D convolution _Ql -Ll-l' E-|'|:I| E-I T PANORAMA-ENN [29] |  95.56% 86.34% 96.85% 93.28%
3D-A-Nets [28] 90.5% 80.1%
-
— 3D voxel data 2| &M &EX| (surface/volume texture) Soltani etal. 27] | 82.10%
. . Arvind et al. [26] 86.50%
s 3D ObJeCt detection LonchaNet [25] 94.37%
3DmFV-Net [24] 91.6% 95.2%
_ - O|AFA Q| K| OF S{AI™H © O Zanuttigh and Minto [23] 87.8% 91.5%
3D FCN : | o | | - == _'_E O-I E:IE Wang et al. [22] 93.8%
| ECC [21] 83.2% 90.0%
. C X
GPU DllE | = -” PANORAMA-NN [20] 90.7% 83.5% 91.1% 87.4%
. Ak : MVCNN-MultiRes [19] 91.4%
Voxel sliding window TN 18 o
_ 7 S PointNet[17] 89.2%
2 SD n H Sllce 2D Channel E ;L Klokov and Lempitsky|[16] 91.8% 94.0%
. o| &}X} LightNet[15] 88.93% 93.94%
3D E_l 1O Xu and Todorovic[ 14] 81.26% 88.00%
— FCN 2 kernel & 2& G0 M share StEZ, slice £F9| batch learning = slice = FCN = Geometry Image [13] 83.9% 31.3% 88.4% 74.9%
Mst H7E © S &1 Set-convolution [11] 90%
neeh Al T"A'-o'— g PointNet [12] 77.6%
— Slice = shuffling & 2 =M 9183t slice correlation & MEZ|= 21} 3D-GAN [10] 83.3% 91.0%
_ — VRN Ensemble [9] 95.54% 97.14%
— O] 8O0|ot A= HA MEE ORION [8] 93.8%
FusionNet [7] 90.8% 93.11%
Pairwise [6] 90.7% 92.8%
MVCNN [3] 90.1% 79.5%
GIFT [5] 83.10% 81.94% 92.35% 91.12%
VoxNet [2] 83% 92%
DeepPano [4] 77.63% 76.81% 85.45% 84.18%
3DShapeNets [1] 7% 49.2% 83.5% 68.3%

http://modelnet.cs.princeton.edu/
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AD Prediction
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I Conclusion
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