Automated malignant melanoma detection Stellenbosch
using supervised contrastive learning
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Introduction

This study
investigates
supervised
contrastive learning
and diverse encoder
architectures for
improving melanoma
detection
classification
results.
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* Challenges associated with melanoma detection
* Promise of computer-aided melanoma detection

* Favourable ImageNet classification results from
‘Supervised Contrastive Learning’ paper by Khosla et al.

(2020).
* Encoder architectures explored:

* Vision transformer
* ResNet50
* |InceptionV3



Problem statement

forward together
sonke siya phambili
saam voren toe

([ Stellenbosch
UNIVERSITY
IYUNIVESITHI
UNIVERSITEIT

Does supervised contrastive learning
outperform traditional image classification
models in detecting melanoma?
*  Hypothesis: Supervised contrastive learning
has shown great promise in literature,

producing state-of-the-art classification
performance.

Do vision transformers yield superior
classification performance over CNNs for the
task of melanoma detection?

*  Hypothesis : Vision transformers have an
enhanced long-range spatial awareness,
resulting in impressive performance in
recent literature.
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Baseline and Supervised Contrastive @St"bh
Learning Methodology
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Supervised Cross Entropy vs Self-supervised CL vs Supervised CL

Stage 2 Stage 2 Ref:
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(a) Supervised Cross Entropy (b) Self Supervised Contrastive (c) Supervised Contrastive



forward together
sonke siya phambili
aaaaaaaaaaaa

Supervised contrastive learning & the @l&"bh
SupCon Loss
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Supervised contrastive loss function, SupCon:

Supervised o
) Losses per image in
contrastive loss the batch Large dot product
pushes encodings j\ when encodings are
well-aligne
from the same class =YL ﬁ
closer together in ! 1 AR
. _ — In exXplz; - Zp T
the embedding 2P| 2 (ZGEA@) explz;- za/ﬂ)
space while pulling \9 S
i mall values
apart encodings o . when negatives
' e Zz;: encoding of the anchor image
from different *  z,: encoding of an image from the same class are We)ltl_d
Classes * Z,:encoding of an image with a different HEPEEliEtL
y class label
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Supervised contrastive learning & the @l“bh
SupCon Loss
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Supervised contrastive loss function, SupCon:

SuperVised Negate increasingly large values — small
Contrastive lOSS loss values, shrinking as representation
: space improves.

pushes encodings
from the same class L= L ﬁ
closer together in ! 1 S
4 _ — In exXplz; - Zp T
the embedding 2P| 2 (ZGEA@) exp(zi-za/ﬂ)
space while pulling \_ )
apart encodings Y
from different Increasingly large value divided by shrinking values
> Increasingly large values
classes.
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Methodology

* C(Class-weighted
batching scheme

« Data processing &
augmentation

* Encoding
* Pretext training

« Staged training
method

« F, prediction
threshold
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Phase 1

__________________________________

Load
pretext
‘task
weights




Validation Results

Summary

1. SupCon vs
Baseline across
encoders

Small vs larger
patch size

Relative SupCon
Derformance as
patch size
increases
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ENCODER ViT RESNETHO0 INCEPTIONV 3
ENCODER PARAMETERS 34,276,288 23,564,800 21,802,784
TRAINING METHOD Base SurpCoN Base SurCoN BAse SuprCoN
BATCH sizE: THRESHOLD 0.2455 0.2859 0.2131 0.2212 0.2212 0.2455
16 AUC 0.8829 0.8759 0.8589 0.8889 0.8792 0.8740
ACCURACY 0.7109 0.7482 0.7728 0.7655 0.7568 0.6969
RECALL 0.9277 0.8735 0.8072 0.8916 0.8735 0.9398
F, 0.6210 0.6218 0.6052 0.6457 0.6288 0.6166
BEST SCORE 2 2 @ g? 3 1
MEAN SCORE 0.7856  0.7798 0.7610 0.7979 0.7846  0.7818
BATCH S1ZE:  THRESHOLD 0.2939 0.1646 0.2455 0.2374 0.1889 0.3101
64 AUC 0.8646 0.7604 0.8681 0.8750 0.8703 0.8741
ACCURACY 0.7295 0.5396 0.7688  0.6969 0.7022 0.7722
RECALL 0.8675 0.9458 0.7952 0.9277 0.9036 0.8373
F, 0.6040 0.5223 0.5951 0.6106 0.6024 0.6216
BEST SCORE 3 1 1 3 1 3
MEAN SCORE 0.7664  0.6920 0.7568 0.7776  0.7696  0.7763

*SupCon = supervised contrastive learning
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ENCODER VIT RESNETHO0 INCEPTIONV 3
ENCODER PARAMETERS 34,276,288 23,564,800 21,802,784
TRAINING METHOD Base SurpCoN Base SurCoN BAse SuprCoN
BATCH S1ZE: THRESHOLD 0.2455 0.2859 0.2131 0.2212 0.2212 0.2455
16 AUC 0.8829 0.8759 0.8589  0.8889 0.8792 0.8740
ACCURACY 0.7109 0.7482 0.7728 0.7655 0.7568  0.6969
RECALL 0.9277 0.8735 0.8072 0.8916 0.8735 0.9398
F, 0.6210 0.6218 0.6052 0.6457 0.6288 0.6166
BEST SCORE 2 3 3 1
MEAN score  [0.7856 - 0.7979  0.7846  0.7818
BATCH S1ZE:  THRESHOLD 0.2939 0.1646 0.2455 0.2374 0.1889 0.3101
64 AUC 0.8646 0.7604 0.8681 0.8750 0.8703 0.8741
ACCURACY 0.7295 0.5396 0.7688  0.6969 0.7022 0.7722
RECALL 0.8675 0.9458 0.7952 0.9277 0.9036 0.8373
F, 0.6040 0.5223 0.5951 0.6106 0.6024 0.6216
BEST SCORE 3 3 1 3
MEAN SCORE 0.7664 0.7776 0.7696  0.7763

*SupCon = supervised contrastive learning
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ENCODER ViT RESNETHO0 INCEPTIONV 3
ENCODER PARAMETERS 34,276,288 23,564,800 21,802,784
TRAINING METHOD Base SurpCoN Base SurCoN BAse SuprCoN
BATCH sizE: THRESHOLD 0.2455 0.2859 0.2131 0.2212 0.2212 0.2455
16 AUC 0.8829 0.8759 0.8589 0.8889 0.8792 0.8740
ACCURACY 0.7109 0.7482 0.7728 0.7655 0.7568 0.6969
RECALL 0.9277 0.8735 0.8072 0.8916 0.8735 0.9398
F, 0.6210 0.6218 0.6052 0.6457 0.6288 0.6166
BEST SCORE 2 2 1 3 3 1
MEAN sCORE 0.7856  0.7798  0.7610 0.7979 0.7846 0.7818
BATCH S1ZE: THRESHOLD 0.2939 0.1646 0.2455 0.2374 0.1889 0.3101
64 AUC 0.8646 0.7604 0.8681 0.8750 0.8703 0.8741
ACCURACY 0.7295 0.5396 0.7688  0.6969 0.7022 0.7722
RECALL 0.8675 0.9458 0.7952 0.9277 0.9036 0.8373
F, 0.6040 0.5223 0.5951 0.6106 0.6024 0.6216
BEST SCORE 3 1 1 3 1 3
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*SupCon = supervised contrastive learning
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ENCODER ViT RESNETHO0 INCEPTIONV 3
ENCODER PARAMETERS 34,276,288 23,564,800 21,802,784
TRAINING METHOD Base SurpCoN Base SurCoN BAse SuprCoN
BATCH sizE: THRESHOLD 0.2455 0.2859 0.2131 0.2212 0.2212 0.2455
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RECALL 0.9277 0.8735 0.8072 0.8916 0.8735 0.9398
F, 0.6210 0.6218 0.6052 0.6457 0.6288 0.6166
BEST SCORE 2 2 1 3 3 1
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*SupCon = supervised contrastive learning



Test Results

e Actual
True Positives True False

Positives

(Melanoma) R

AUC: 0.8569
Accuracy: 0.7055
Recall: 0.8304
F2:0.5717

Predicted

-

Mean score: 0.7411

- I‘

False ; B i & R True Negatives
. Sl %5 7, N d > 3
Negatives i ' (Non-melanoma)
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Does supervised contrastive learning
outperform traditional image classification
models in detecting melanoma?

*  Finding: Supervised contrastive learning

does not consistently produce superior
melanoma detection performance.

Do vision transformers yield superior
classification performance over CNNs for the
task of melanoma detection?

*  Finding : ViT encoders do not necessarily
outperform CNN architectures.
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