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Research Problem
Lyme disease

Tick

Source

Erythema Migrans (EM) �‡ Facial nerve paralysis

�‡ Heart Palpitations

�‡ Arthritis

�‡ Meningitis

Complications

�‡ 50000 per year in France

�‡ 300000 per year in USA

Frequency

�%�X�O�O�¶�V-eye 
pattern 

Atypical pattern
Source Source
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https://en.wikipedia.org/wiki/Lyme_disease#:~:text=Lyme%20disease%2C%20also%20known%20as,a%20week%20after%20it%20occurred.
https://commons.wikimedia.org/wiki/Category:Erythema_migrans
https://commons.wikimedia.org/wiki/Category:Erythema_migrans


Research Problem
DAPPEM project goal
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Research Problem
Related works

1. �ý�X�N��E., et al., 2014. Supervisedvisualsystemfor recognitionof erythemamigrans,anearlyskin manifestationof
lymeborreliosis. Stroj. Vestnik/JournalMech. Eng. 60, 115�±123. https://doi.org/10.5545/sv-jme.2013.1046

2. Burlina, P., et al., 2018. Skin imageanalysisfor erythemamigransdetectionandautomatedlyme diseasereferral,
in: LNCS (IncludingSubseriesLNBI) . pp. 244�±251. https://doi.org/10.1007/978-3-030-01201-4_26

Classical machine learning techniques 
(Private Dataset)

ResNet50 [1] Deep Convolutional Neural Network (DCNN)
(Private Dataset)

Limitations: considers image data only
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Age
Recent Forest Visit?

�Y�X�X
�Y�X�X

Patient Profile Prediction Model Prediction

Input Image

Research Problem
Problem statement
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Recentstudiesshow that deep
learning methodscompeteon
par with expertdermatologists
to identify skin lesions from
theimage[2]
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Research Progress
Benchmarking DCNN architectures (Dataset preparation)

Binary Classification

Erythema Migrans (EM)
866/1672 (51.8%)

Confuser
806/1672 (48.2%)

Total Images : 1672

7



Research Progress
Benchmarking DCNN architectures (Transfer learning)

F
ro

ze
n

F
ro

ze
n

F
ro

ze
n

1 2 3 N-U+1 N-U+2 N

ImageNet [3] pretrained DCNN

G
A

P

dr
op

ou
t

F
C

-1
si

gm
oi

d

EM classifier head
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training
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Research Progress
Experimental results: Burlina model 

Table 1: Five-fold cross-validation performance metrics of Burlina ResNet50 based model. Within each cell, 
the value after (±) symbol represents the standard deviation across five folds.

9



Research Progress
Experimental results: experiments with ResNet50 architecture
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Research Progress
Experimental results: experiments with ResNet50 architecture

CD Diagram on Accuracy

Friedman test �Lvalue of �r�ä�r�r�r�t
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Research Progress
Experimental results: performance metrics of trained DCNN architectures
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Benchmarking
Experimental results: performance metrics of trained DCNN architectures



Research Progress
Experimental results: performance metrics of trained DCNN architectures

CD Diagram on Accuracy

Friedman test �Lvalue of �r�ä�r�z�t�t

14



Research Progress
Experimental results: complexity metrics of trained DCNN architectures
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Research Progress
Experimental results: accuracy vs complexity bubble chart

Bubble chart reporting model accuracy vs floating-point operations (FLOPs). The size of each bubble represents number of 
model parameters measured in millions unit. Beside each model name the three values represent FLOPs, accuracy, and 

model parameters, respectively. 16
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Research Progress
Experimental results: detailed results and trained models

�‡Publicly available at https://drive.uca.fr/d/f360e65bfcd84b59b7c0/

�‡Can be used by others for transfer learning, and building pre-scanners 
for Lyme diesease
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Research Progress
Publication

�‡� Êxploring convolutional neural networks with transfer learning for diagnosing 
Lyme disease from skin lesion images�_

�‡In revision - Computer Methods and Programs in Biomedicinejournal 
�‡ S. I. Hossain et al.�����³�%�H�Q�F�K�P�D�U�N�L�Q�J���F�R�Q�Y�R�O�X�W�L�R�Q�D�O���Q�H�X�U�D�O���Q�H�W�Z�R�U�N�V���I�R�U���G�L�D�J�Q�R�V�L�Q�J���/�\�P�H���G�L�V�H�D�V�H���I�U�R�P��

�L�P�D�J�H�V���´���-�X�Q�����������������æhal-03271706�ç
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Research Plan
Skin hair augmentation
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Research Plan
Skin hair augmentation

Skin Hair: Image processing based removal

Hair Removal 
Algorithm

Image with Hair Hair Free Image

Disadvantage: will increase the computational complexity 
during real-time application
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Research Plan
Skin hair augmentation

Research Scope: : Mask is created manually, with random curve or lines and segmentation. 
Generative Adversarial Network (GAN) can be utilized to automate the process.

Skin Hair: Augmentation

�‡ Mohamed et al. [5]

Hair 
Augmentation 

Algorithm

Hair Free Image

Image with Augmented Hair

Hair Mask
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W. Li, A.N. Joseph Raj, T. Tjahjadi, Z. Zhuang, Digital hair removal by deep learning for skin lesion segmentation, Pattern Recognit. 117 (2021) 107994. 
https://doi.org/10.1016/J.PATCOG.2021.107994.

DATA:
-Curated after segmentation from images processing
-Claimed 306 images in paper but there were 288 unique (18 
duplicate in train and test)
-Accuracy 0.984 (without augmentation and basic Unet)
-Ignored images with under segmentation

Image Ground truth Unet Pred.
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Research Plan
Skin hair augmentation
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Research Plan
Planned system architecture with segmentation

Object Detection 
Model

Age
Recent Forest Visit?

�Y�X�X
�Y�X�X

Patient Profile Multimodal Deep 
Learning Model

Cropped Lesion Image

Prediction

Input Image
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Research Plan
Integrating Patient Profile

26

Questions Réponses
Pondérati

on
O Lesens N Mrozek J Beytout C Theis L Sauvat M Vidal C Cornille Moyenne std dev

Autres symptômesobservés Aucun 0 0 3 0 0 3 3 1.38 1.05
Fièvre -1 0 -1 1 1 3 0 0.75 0.90
Fatigue 0 1 1 2 0 3 0 0.81 0.81
Malaise 0 0 1 0 0 3 0 0.38 0.86
Douleurs articulaires 1 1 -1 2 2 2 0 0.94 0.75
Maux de tête 0 0 -1 0 2 1 0 0.56 0.79
Démangeaison -1 -1 -1 -1 1 -1 0 -0.34 0.76

Quelle est ou a été la taille maximale de cette tache Moins de 1 cm -1 -1 0 -1 -1 -1 -1 -0.69 0.58
de 1 à 5 cm 1 1 1 0 1 1 1 1.00 0.50
+ de 5 cm 3 2 2 2 3 3 3 2.44 0.61
Je ne sais pas 0 0 0 0 0 0 0 0.00 0.35

La taille de cette tache augmente-t-elle ou a-t-elle augmentée progressivement Oui 3 1 3 3 3 3 3 2.81 0.53
Non 0 -1 -1 -1 -1 0 -1 -0.63 0.60
Je ne sais pas 0 0 0 0 0 0 0 0.06 0.24

Avez-vous constaté une piqûre de tique à l'endroit de cette tache rouge au cours des 30 
derniers jours ? Oui 3 2 3 2 3 3 3 2.50 0.71

Non 0 0 0 0 0 0 0 0.09 0.51
�&�Œ� �‹�µ���v�����������•���‰�]�‹�¸�Œ���•���������š�]�‹�µ���•�����µ�����}�µ�Œ�•�������•���ï�ì�������Œ�v�]���Œ�•���i�}�µ�Œ�•�����À���v�š���o�[���‰�‰���Œ�]�š�]�}�v���������o�����š�����Z����
rouge Jamais -1 -1 0 0 -1 0 0 -0.38 0.48

1 fois 0 0 2 1 1 3 1 1.19 0.73
2 à 5 fois 1 1 3 1 1 3 1 1.56 0.79
plus de 5 fois 2 2 1 2 2 3 2 1.88 0.70

�����š�]�À�]�š� �•���������‰�o���]�v�����]�Œ�����µ�����}�µ�Œ�•�������•���ï�ì�������Œ�v�]���Œ�•���i�}�µ�Œ�•�����À���v�š���o�[���‰�‰���Œ�]�š�]�}�v���������o�����š�����Z�����Œ�}�µ�P��Oui 1 1 2 2 1 2 2 1.75 0.56
Non -1 -1 -1 -1 -1 0 0 -0.63 0.60



Research Plan
NAS : PSO with Selective Search 

Selective Search
�‡Suppose�á�5�5
L �<�5�1�5�á�5�1�6�á�5�1�7�á�®�á�5�1�á�=then the selective search can be 

written as
�5�%�5 
L �5�%
E�5�1�5

�5�%�6 
L �5�%�5 
E�5�1�6
�­

�5�%�á 
L �5�%�á�?�5 
E�5�1�á
�5�%
L �•�ƒ�š�5�%�Ù �á �B
L �s�á�t�á�®�á�J�ä

�‡Finally,the velocityisSS
L �<�5�1�5�á�5�1�6�á�5�1�7�á�®�á�5�1�Ù�=�á1�Gf �Gn.

Hossain,S.I., et al., 2019. Optimizationof UniversityCourseSchedulingProblemusingParticleSwarmOptimization
with SelectiveSearch. ExpertSyst. Appl. 127, 9�±24. https://doi.org/10.1016/j.eswa.2019.02.026
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Research Plan
NAS : PSO with Selective Search 

Fernandes Junior, F.E., Yen, G.G., 2019. Particle swarm optimization of deep neural networks architectures for image 
classification. Swarm Evol. Comput. 49, 62�±74. https://doi.org/10.1016/j.swevo.2019.05.010

Research Scope:
Selective Search

28
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