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NORMAL MOLE
Amole is a small brown
spot or growth that
appears in the first few
decades of life. It can
be flat or raised and
generally is round.

ACTINIC KERATOSIS
The most common
precancer, it's a small,

It canitch and bleed and
can tumn into squamous-
cell carcinoma.

DYSPLASTIC NEVI
These noncancerous moles
resemble melanoma in
color variation within the
blemish and sometimes in
their unusual shapes and
border irregularities.



https://www.skincancer.org/skin-cancer-information/skin-cancer-facts/
https://www.skincancer.org/skin-cancer-information/skin-cancer-facts/
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Dermoscopg

+ Non-invasive c]iagnosis;

* lml:)roves cliagnostic accuracy

comParec to stancﬂarcl

Pho’cogra Dhg ;

! 3 ° Portable clevices are availablct;
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Related Work

What hav_e been done
s Network /feature ensembles:
* Segmentation—-guiclecl Classiﬁcation;

° lntc—:rl:)reting results.
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Network Ensembles

. High training cost;

* Couplingmoclels: harcl to tune

Classifier
Output

r .
Images* PreProcessing Mean score
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Fcattiie ‘Ensembles

+ Hand-crafted features: trickg to design .
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* DeeP features: requiring Pre~training;

* Coupling features: hard to tune.
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Disease Confidence
100%

Caffe ImageNet FC6 4096
DRN-101 1000 Concepts

0%

« Histogram Intersection SVM
u + Sigmoid Feature Normalization
+ Probabilistic Score Normalization
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Segmentatiomguiclecl Classification - Sequential

* Requiring accurate and complete Pixe

* Relying mucl‘l on the Per?ormance of t

Jevel annotations;

2l segmentation network;

+ Notend-to-end traming. |
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Yu et al. IEEE Transactions on Medical Imaging, 2017. 4
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| Segmentatiomguiclecl Classification - Parallel

2 Requiring accurate Pixel-level annotations;

o The Peﬁcormance of the segmentation network affects classification ?'
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| ‘ { . ClsNet % Melanoma

i : Feature
: | FeatureNet

Passing
L SegNet
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trained models;

* Experimental hgpothesis on what

the feature seems to focus QL

* lnterpretabilitg only; not helping

with classification Peﬁcormance.
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Molle et al. MICCAI Workshop, 2018. E e
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Visual | nterl:)retabilitg ~ Class Activation MaP

* Post—-Processing based on Fu“g trained mo&els;
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Ge et al. MICCAI, 2017
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What can be im[:)rovecl

s End-to-end training; no complex ensembles or Post~l:>rocessing;
. Flexibility of aPPlging Pixel—-level annotations
. Using them as attention Prior

. Plug—in attention regularization term
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© Setting up

= Binarg Classification




bemgn‘7
melanoma?
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achieving better accuracy

benign?

melanoma?

MACHINE LEARNING
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achieving better accuracy
benign?

melanoma?
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achieving better accuracy
benign?
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/2 , : 28
3 x 3 convolution + ReLU [|{|max-pooling
. attention module




3%
[}
i=s

&
3 x 3 convolution + ReLU ‘max-pooling

. attention module _— feature vector




o
3 x 3 convolution + ReLLU ‘max-pooling
. attention module




o
3 x 3 convolution + ReLLU ‘max-pooling
. attention module




AW 5 I 28
3 x 3 convolution + ReLU ‘max—poolmg 1
' attention module mf

intermediate feature (F) 256 channels

attention map (A)

) AN
.mput /output tensor [T __ convolution

256 channels - . . ReLU + convolu-
bilinear interpolation
— tion + Sigmoid

global feature (G) 256 channels




Attention Regularization
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Dermoscopic Features
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3 X 3 convolution + ReLU ‘ma.x—pooling

' attention module

| |feature vector

1 4




3 X 3 convolution + ReLU ‘ma.x—pooling

' attention module

| |feature vector

1 4
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ISIC2016
900 training
9 testing

SI2017
O training
150 validation
600 testing

A

: AW g

1SIC2018
10015 training
19% validation

1%

scular lesion
%

rmatoﬁbroma
1%

actinic keratosis
%

basal cell carcinoma
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Network Training

»  Software: PgTorch s

» Hardware: Nvidia GeForce GTX 1080 Ti

» Backbone network is initialized with ImageNet Pre-trainecl parameters;
s Stochastic graclient descent with momentum; 50 ePochs

+ The initial leaming rate is 0.0l and is decagecl 139 O.leverylO ePochs;
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VGG-16, AUC=0.806
VGG-16-GAP, AUC=0.815
Mel-CNN, AUC=0.844
AttnMel-CNN, AUC=0.852

0.4 0.6
False Positive Rate




AP AUC Lesion Interp Ensemble

Lequan et al. [52] 0.637 0.804 v

Codella et al. [8]  0.596  0.808

Yu et al. [53, 54] 0.685 0.852
VGG-16 0.602 0.806
VGG-16-GAP 0.635 0.815
Mel-CNN 0.664 0.844
AttnMel-CNN 0.693 0.852




AP AUC Lesion Interp Ensemble

| #1 Lequan et al. [52] 0.637 0.804 v
#2 Codella et al. [8] 0.596 0.808
#3 Yuetal [53,54] 0.685 0.852

| #5 VGG-16-GAP 0.635 0.815
46 Mel-CNN 0.664  0.844

#7 AttnMel-CNN 0.693 0.852 X

X
X
0.602 0.806 X
X
X




True Positive Rate

VGG-16, AUC=0.824
VGG-16-GAP, AUC=0.834
Mel-CNN, AUC=0.854
AttnMel-CNN, AUC=0.872
AttnMel-CNN-Dermo, AUC=0.864
AttnMel-CNN-Lesion, AUC=0.883

0.4 0.6
False Positive Rate




Lesion Dermo Interp Ensemble External

Winner 1 [29]
Winner 2 [9]

>
x
>
N
N

Winner 3 [31]

Harangi et al. [14]
Mahbod et al. [28]
VGG-16

VGG-16-GAP

Mel-CNN
AttnMel-CNN
AttnMel-CNN-Dermo
AttnMel-CNN-Lesion

N SN NN %X N % [ %X % % %
X X X (X X X X |\ %X N SN

v v
X X
X X
X X
X X
X X
X X
X X
X v
v X
v X

* X X |[X X %X X [N N N %

AttnMel-CNN-Bkg




AUC Lesion Dermo Interp Ensemble External

41  Winner 1 [29] 0.868 X
#2  Winner 2 [9] 0.856 v
#3  Winner 3 [31] 0.87

x
>
N
N

#4  Harangi et al. [14] 0.836
#5 Mahbod et al. [28] — 0.873

#7 VGG-16-GAP 0.627 0.834
#8 Mel-CNN 0.653 0.854

| #9 AttnMel-CNN 0.655 0.872

#10 AttnMel-CNN-Dermo 0.665 0.864

X
X
X
#6 VGG-16 0.600 0.824 X
X
X
X

v
X
X
X
X
X
X
X
v
X
X

N SN SIS N % [ % % % %
* X X IxIx %X %[N N N %
X X X IxIx X X [N x N N

X
#11 AttnMel-CNN-Lesion 0.672 0.883 v
#12 AttnMel-CNN-Bkg 0.647  0.849 v




Lesion Dermo Interp Ensemble External

Winner 1 [29]
Winner 2 [9]

>
x
>
N
N

Winner 3 [31]

Harangi et al. [14]
Mahbod et al. [28]
VGG-16

VGG-16-GAP

Mel-CNN
AttnMel-CNN
AttnMel-CNN-Dermo
AttnMel-CNN-Lesion
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AUC Lesion Dermo Interp Ensemble External

x
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N
N

#1  Winner 1 [29] 0.868 X
#2  Winner 2 [9] 0.856
#3  Winner 3 [31] 0.874
#4  Harangi et al. [14] 0.836
#5 Mahbod et al. [28] — 0.873

#7 VGG-16-GAP 0.627 0.834
#8 Mel-CNN 0.653 0.854
#9 AttnMel-CNN 0.655 0.872
#10 AttnMel-CNN-Dermo 0.665 0.864
#11 AttnMel-CNN-Lesion 0.672 0.883

#12 AttnMel-CNN-Bkg 0.647 0.849 v
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-CNN
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pool-4
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+ Multi-class Classification
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1ISIC2018 - “Fake” Lesion Segmentation

. Training U-Net on a small segmentation dataset (2594 images)

* Generating lesion segmentation of the classification training set
(10015 images)

* Using the generatecl masks for attention regularization




MEL NV BCC AKIEC BKL DF  VASC AVG
VGG-16 0.829 0.848 0.902  0.750  0.782  0.545 1.0  0.808
VGG-16-GAP 0.811 0.870 0.863  0.813  0.845 0.545 1.0 0.821
Mel-CNN 0.811 0.861 0.902 0.906 0.827 0.545 0.929 0.826

AttnMel-CNN 0.784 0.896 0.941 0.813 0.818 0.636 1.0 0.841

AttnMel-CNN-Lesion® 0.801 0.896 0.922  0.750 0.873 0.727 1.0 0.853




MEL NV BCC AKIEC DF  VASC
VGG-16 0.829 0.848 0.902  0.750 0.545 1.0
VGG-16-GAP 0.811 0.870 0.863  0.813 0.545 1.0
Mel-CNN 0.811 0.861 0.902 0.906 0.545  0.929
AttnMel-CNN 0.784 0.896 0.941 0.813 0.636 1.0

AttnMel-CNN-Lesion* 0.896 0.922 0.750 0.873 0.727 1.0 0.853
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Results on 1SIC2018

Lesion
Image
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E mPCﬁCCCt” attention regularization

can also improve Pemcormance.
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Conclusion

+ Attention helps with skin cancer

* Attention regularization: a flexib

applging any tgl:)es of Pixel—-leve
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e and robust way of

Prior information:
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Future Work: User Stuclg

Machine

/ Human
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