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PROBLEM STATEMENT

Numerous neurodegenerative diseases affect
the structure of our brain

Measure of thickness for AD (Alzheimer’s Disease)

and HC (healthy control).



PROBLEM STATEMENT

Cortical thickness measurements
allows the diagnosis of:

* Alzheimer’s disease
* Parkinson’s disease
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EXISTING METHODS
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EXISTING METHODS
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EXISTING METHODS
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EXISTING METHODS

Pixel2Mesh



EXISTING METHODS
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EX I ST I N G M ET H 0 DS Latent Feature Extraction
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EXISTING METHODS
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PROJECT AIMS

With Voxel2Mesh:
* Reproduce the results of the original paper
* Apply Voxel2Mesh to Cortical Surfaces

* (Maybe) see improvements in prediction speed/quality



INITIAL RESULTS - LIVER (CHAQS DATASET)




INITIAL RESULTS - HIPPOCAMPUS
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INITIAL RESULTS - EVALUATION

RuntimeError: CUDA out of memory. Tried to allocate 1.35 GiB.
(GPU ©; 15.90 GiB total capacity; 13.63 GiB already allocated;

1.19 GiB free; 13.89 GiB reserved in total by PyTorch)




INITIAL RESULTS - EVALUATION

RuntimeError: CUDA out of memory. Tried to allocate 1.35 GiB.
(GPU ©; 15.90 GiB total capacity; 13.63 GiB already allocated;

1.19 GiB free; 13.89 GiB reserved in total by PyTorch)

Liver Hippocampus

IoU Ct. IoU Cf.
PS + UMU 83.3+0.8[3.3 x107° |[78.8+1.1[2.9 x10~°
HS + UMU 842+ 0.6 [ 2.8 x107° [79.9 £ 0.9 ] 2.3 x107 3
LNS + UMU 85.6 + 09|21 x107° [81.2+ 1.2 1.8 x107°
LNS + AMU (Voxel2Mesh)|86.9 + 1.1(1.3 x10%|82.3 £ 0.9(1.1 x10~ 3

Voxel2Mesh on Bracewell 42.5 5.7 x 102 75.4 2.3 x 103

loU: Rasterized intersection over union e.g. Jaccard
Cf'ZOClhamfer loss or point to point distance



INITIAL RESULTS - EVALUATION

Main issues:

* Limitations in memory
* Lack of flexibility in model geometry
* Alignment between prediction and original image

* Low down-sampled resolution of images
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INITIAL RESULTS - EVALUATION

Learnings from my first machine learning model:

What a PyTorch machine learning model ‘looks like’
* Scientific code from GitHub...

* Must keep track of trials and experiments

* Anatomical planes and LPS/RAS coordinate systems

* Working with Bracewell



PROJECT AIMS

With Voxel2Mesh:
* Reproduce the results of the original paper

* Apply Voxel2Mesh to Cortical Surfaces

* (Maybe) see improvements in prediction speed/quality



APPLY VOXEL2MESH TO CORTICAL SURFACES

Modifications to Voxel2Mesh:

* Move model to RTX 3090 ©

* Model a single hemisphere of a cortical surface at a time

* Modify ground truth from .PNGs to .OB)J



APPLY VOXELZMESH TO CORTICAL SURFACES
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APPLY VOXELZMESH TO CORTICAL SURFACES




APPLY VOXELZMESH TO CORTICAL SURFACES




PROJECT AIMS

With Voxel2Mesh:
* Reproduce the results of the original paper
* Apply Voxel2Mesh to Cortical Surfaces

* (Maybe) see improvements in prediction speed/quality
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FINE TUNING THE MODEL

_ _log [ &®(alclass])
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FINE TUNING THE MODEL

1 1
Denamger(4, B) = WZ da(D) + 75 D i)

i €A J EB

where A4, B are sets of points

dg (i) = Minimum distance between i
and some point in B

Chamfer Loss
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FINE TUNING THE MODEL

LnC(Fl-,Fj) = 1 — cos(N;, Nj)

where N; is the normal of a face F;

Normal Consistency Loss




FINE TUNING THE MODEL

Edge Loss = z|Ledge(i)|2
i

Where Legge(i) = Ltarget — Li

Liarger is target length

L; is length of edge i

Edge Loss
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FINE TUNING THE MODEL
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where d (v, w) is the distance between two vertices

Laplacian Loss



FINE TUNING THE MODEL
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FINE TUNING THE MODEL
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FINE TUNING THE MODEL
-m

C 1 1 0

Chamfer Loss and Cross Entropy




FINE TUNING THE MODEL
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FINE TUNING THE MODEL
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FINE TUNING THE MODEL
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FINE TUNING THE MODEL
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FINE TUNING THE MODEL
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FINE TUNING THE MODEL




FINE TUNING THE MODEL




FINE TUNING THE MODEL
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FINE TUNING THE MODEL
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FINE TUNING THE MODEL
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FINE TUNING THE MODEL
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FINAL RESULTS

(4 steps on RTX 3090)
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FINAL RESULTS

(4 steps on RTX 3090)




NUMERICAL RESULTS
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NUMERICAL RESULTS
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NUMERICAL RESULTS
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NUMERICAL RESULTS
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NUMERICAL METRICS

Our results compare favourably to original Voxel2Mesh loU and Chamfer

Loss

Liver Hippocampus

IoU Ct. IoU Cf.
PS + UMU 83.3+0.8[33x103[788+1.1]29 x10?
HS + UMU 842 £ 0.6 28 x1073[79.9+0.9] 2.3 x10~°
LNS + UMU 85.6 £ 09|21 x103[81.2+1.2]1.8 x10~°
LNS + AMU (Voxel2Mesh)|86.9 + 1.1{1.3 x10~>|82.3 4+ 0.9|1.1 x10~ 3

Significantly decreased inference time 4.8s in comparison to DeepCSR and
FreeSurfer
Precision on TRT Accuracy on MALC Runtime
Method AD (mm) % >1mm % >2mm Dice VS (minutes)
. 0.241 , 0.841 0.953 373.86
SRS | 1.4 5507) s 0983 | (£0.020) (£0.027) | (+47.64)
: 0.204 ‘ 0.834 0.942 28.943
HASISUHES | ¢ 401098) e 03741 (£0.021) (£0.029) | (+13.281)
0.193 » . 0.846 0.958 27.824
DeepCot | (ii0nT) S 0263 | (£0.019) (+0.024) | (+1.393)

@
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NUMERICAL METRICS

Our results compare favourably to original Voxel2Mesh loU and Chamfer

Loss

Liver Hippocampus

IoU Ct. IoU Cf.
PS + UMU 83.3+0.8[33x103[788+1.1]29 x10?
HS + UMU 842 £ 0.6 28 x1073[79.9+0.9] 2.3 x10~°
LNS + UMU 85.6 £ 09|21 x103[81.2+1.2]1.8 x10~°
LNS + AMU (Voxel2Mesh)|86.9 + 1.1{1.3 x10~>|82.3 4+ 0.9|1.1 x10~ 3

Significantly decreased inference time 4.8s in comparison to DeepCSR and
FreeSurfer
Precision on TRT Accuracy on MALC Runtime
Method AD (mm) % >1mm % >2mm Dice VS (minutes)
. 0.241 , 0.841 0.953 373.86
SRS | 1.4 5507) s 0983 | (£0.020) (£0.027) | (+47.64)
: 0.204 ‘ 0.834 0.942 28.943
HASISUHES | ¢ 401098) e 03741 (£0.021) (£0.029) | (+13.281)
0.193 » . 0.846 0.958 27.824
DeepCot | (ii0nT) S 0263 | (£0.019) (+0.024) | (+1.393)
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NUMERICAL METRICS

Our results compare favourably to original Voxel2Mesh loU and Chamfer

Loss

Significantly decreased inference time 4.8s in comparison to DeepCSR and

FreeSurfer

Liver Hippocampus

IoU Ct. IoU Cf.
PS + UMU 83.3+0.8[33x103[788+1.1]29 x10?
HS + UMU 842 £ 0.6 28 x1073[79.9+0.9] 2.3 x10~°
LNS + UMU 05600191 <1073 [81.2 + 12 [ 1.8 sc10=73
LNS + AMU (Voxel2Mes1)[86.9 + 1.1[1.3 x10~°|82.3 &+ 0.9[1.1 x10~3

Precision on TRT Accuracy on MALC Runtime
Method AD (mm) % >1mm % >2mm Dice VS (minutes)
HEsEaer (i()()221; 1) s Ugicn (i()(')?.g()l;()) (i()(.)?(?;?) (i;i;f)()l)
FastSustcs (io(')?(())éls) 132 D.aré (33()?3211) (:&.)%1229) (f f :%?;:1)
DeepCSR (iool(?j p L0 0265 (io(;.g(‘)lfo) (i()(.)g.)(.?;l) (17183)1;)

@
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NUMERICAL METRICS

Our results compare favourably to original Voxel2Mesh loU and Chamfer

Loss

Liver Hippocampus

IoU Ct. IoU Cf.
PS + UMU 83.3+0.8[33x103[788+1.1]29 x10?
HS + UMU 842 £ 0.6 28 x1073[79.9+0.9] 2.3 x10~°
LNS + UMU 85.6 £ 09|21 x103[81.2+1.2]1.8 x10~°
LNS + AMU (Voxel2Mesh)|86.9 + 1.1{1.3 x10~>|82.3 4+ 0.9|1.1 x10~ 3

Significantly decreased inference time 4.8s in comparison to DeepCSR and
FreeSurfer
Precision on TRT Accuracy on MALC Runtime
Method AD (mm) % >1mm % >2mm Dice VS (minutes)
. 0.241 , 0.841 0.953 373.86
SRS | 1.4 5507) s 0983 | (£0.020) (20.027)| (+47.64)
: 0.204 ‘ 0.834 0.942 28.943
HASISUHES | ¢ 401098) e 03741 (£0.021) (20.029)]| (13.281)
0.193 » . 0.846 0.958 27.824
DeepCot | (ii0nT) S 0263 | (£0.019) (+0.024)] | (+1.393)
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COMPARISON TO DEEPCSR

* 14.7K vs. 900K vertices
e 29.4K vs. 1.9M faces

* Quality /detail is no
comparison
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LEARNINGS AND FURTHER IMPROVEMENTS

* Mesh deformation is able to successfully generate models of
cortical surfaces

* Voxel2Mesh is fast
* The biggest limitation to Voxel2Mesh is GPU memory usage

e CorticalFlow

@
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FINAL RESULTS
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