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Research Problem
Lyme disease

Erythema Migrans (EM)

% X &y V Atypical pattern
pattefipurce Source

Complications
T Facial nerve paralysis

t Heart Palpitations
1 Arthritis
T Meningitis
Frequency
T 50000 per year in Franc
1 300000 per year in USA


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

IMAGE+PATIENT DATA
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Research Problem
Related works

1. y X N, etal., 2014 Supervisediisual systemfor recognitionof erythemamigrans,an early skin manifestatiorof
lyme borreliosis Stroj. Vestnik/JournaMech Eng 60, 115423 https//doi.org/10.5549sv-jme.20131046

Classical machine learning techniques
(Private Dataset)

2. Burlina, P., etal., 2018 Skinimageanalysisfor erythemamigransdetectionandautomatedyme diseaseeferral,
in: LNCS (Including Subseries. NBI). pp. 244251 https//doi.org/10.1007978-3-030-012014 26

ResNets0 [1] Deep Convolutional Neural Network (DCNN)
(Private Dataset)

Limitations: considers image data only
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Research Problem
Problem statement

Prediction Model

Prediction
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Research Progress
Benchmarking DCNN architecturBatéset preparation)

CCCCCCCC
RRRRRRR

Total Images 1672

Binary Classification

T

Erythema Migrans (EM) Confuser
866/1672 (51.8%) 806/1672 (48.2%)



Research Progress
Benchmarking DCNN architecturésasfer learning)

ImageNet [3] pretrained DCNN EM classifier head
2 3 N-U+1 N-U+2 N
2 2 2 e N N B 5 g 2 S
Ry
HAM10000 [4] Lyme dataset

pretraining training




Research Progress
Experimental resuits: Burlina model

Table 1: Fivefold crossvalidation grformance metrics of Burlina ResNet50 based model. Within each cell,

the value afterH) symbol represents the standard deviation across five folds.

> #H 5 s o
etric | £ 5 § ) O g S
S 15§18 18|l |¥ |& |& | |5 |F
Mode T |& s |4 s | & N 3 & <
ResNet50- | 76.05 | 70.05 | 82.51 | 81.29 | 72.04 | 0.5294 | 0.5229 | 4.1017 | 0.362 | 0.7515 | 0.481
Burlina +0.74 | 3.6 | £3.31| £2.1 | =1.71 | £0.0132 | =0.0145 | £0.5172 | £0.0309 | £0.0137 |+0.0509




Research Progress
Experimental results: experiments with ResNet50 architecture

>l f 5 s 2
etic| § | §| & | 2 o g S
S IL I8 |& g |¢ |& |8
Mode T |&F S |L s |2 & 3 3 & <
ResNet50-NTL | 76.35 | 78.49 | 74.04 | 76.64 | 76.92 | 0.5305 | 0.5261 | 3.0735 | 0.2853 | 0.7723 | 0.8471
£0.43 | £8.47 | 4.6 | £1.64 | £5.22 | £0.0431 | £0.0464 | £0.2867 | £0.0906 | £0.0398 | £0.0185
ResNet50-HAM-| 72.27 | 75.85 | 68.42 | 72.18 | 72.48 | 0.4447 | 0.4435 | 2.4434 | 0.3536 | 0.7393 | 0.7979
FFT +1.69 | £1.27 | £4.05 | £2.55 | £1.08 | £0.0341 | £0.0347 | £0.3248 | £0.0193 | £0.0116 | +0.0251
ResNet50-IMG-| 78.94 | 82.55 | 75.06 | 78.27 | 80.11 | 0.5799 | 0.5772 | 3.4636 | 0.2316 | 0.8025 | 0.8666
WET £1.48 | £2.77 | £5.11 | £3.2 | £1.77| £0.03 |0.0305 | £0.7671 | £0.0255 | £0.0101 |+£0.0163
ResNet50-IMG-| 82.22 | 85.27 | 78.93 | 81.55 | 83.42 | 0.6458 | 0.6431 | 4.3127 | 0.1854 | 0.8326 | 0.909
FFT +1.36 | £2.67 | £5.26 | £3.42 | £1.63 | £0.0262 | £0.028 | £1.0994 | £0.0226 | £0.0083 |£0.0092
ResNet50-IMG- | 83.24 | 85.29 | 81.04 | 82.91 | 83.74 | 0.6649 | 0.6641 | 4.5575 | 0.1812 | 0.8405 | 0.9134
FT141 +1.04 | £2.27 | £2.28 | £1.49 | £1.96 | £0.0212 | £0.021 | £0.493 | £0.0255 | £0.0104 |+0.0091
ResNet50-IMG- | 82.35 | 89.28 | 74.91 | 79.45 | 86.81 | 0.6521 | 0.6448 | 3.7072 | 0.1421 | 0.84 | 0.9113
HAMFP-FT141 | £1.62 | £2.42 | £5.11 | £3.05 | £2.03 | £0.0295 | £0.0333 | £0.7368 | £0.0251 | £0.0111 |+0.0091
ResNet50-IMG- | 84.42 | 87.93 | 80.65 | 83.1 | 86.19 | 0.6893 | 0.6874 | 4.703 | 0.1493 | 0.8541 | 0.9189
HAMPP-FT141 | £1.36 | £1.47 | £3.59 | £2.49 | £1.27 | £0.0263 | £0.0277 | £0.8624 | £0.0155 | £0.0106 | £0.0115

10



Research Progress
Experimental results: experiments with ResNet50 architecture

CD Diagram on Accuracy

CD=3.679
1 2 3 4 5 6 7
ResNet50-IMG-HAMPP-FT141 —1:4000 | 7.0000L Rpasnet50-HAM-FFT
ResNet50-IMG-FT141 —2:3000 5.8000  pasnet50-NTL

ResNet50-IMG-HAMFP-FT141 —>:-1000 5.2000

3.2000

ResNet50-IMG-WFT

ResNet50-IMG-FFT

Friedman testLvalue ofrarrt

11



Experimental results:

Research Progress
performance metrics of trained DCNN architec

i,
Model o K = I D I S A S I i

VizG16-8 8217 | 8577 | 7831 | 81.12 | 8388 | 0.6453 | 0.6422 | 4.0983 | 0.1802 | 0.8328 | 0.9011
+£123 | £358 | 2436 | £2.62 | £3.02 [£0.0253 | £0.0249 | £0.7329 | £0.0388 | £0.0116 | 00079

ViGG19-13 8414 | 8529 | 829 | 8432 | 840 | 0.6826 | 0.6823 | 5.0924 | 0.1777 | 0.847% | 0913
+1.62 | £1.69 | £2.63 | £1.97 | £1.67 [£0.0323 | £0.0326 | £0.6884 | £0.0214 | £0.0146 | 00074

ResNet50-141 54.42 [ 87593 | 8065 | 831 | 86.19 | 0.6893 | 0.6874 4.703 0.1493 | 0.8541 | 0.9159
+1.36 | £1.47 | £359 | 2249 2127 (200263 | £0.0277 | £0.8624 | £0.0155 | £0.0106 | 00115

ResNet101-150 | 82.64 | 83.68 | 81.52 | 8297 | 824 | 0.6528 | 0.6522 | 4.6001 | 02004 | 0.832% | 0.9044
=21 | £3.49 | £229| 1.8 | £3.09 | 200419 | 00418 | 206257 [ £0.0427 | £0.022 |£0.0094

BesNets0WV2-105 | 8237 | 8553 | 7896 | 8166 | 83.72 | 0.6493 | 0.6461 | 43618 | 0.181% | 0.8343 | 0.9013
+2 15 | £335 | 2613 | £3 83 | £2.63 |£0.0411 | £0.0439 | £1.0495 | 200349 | £0.017 (200133

BesNet101V2-233 [ 8258 | 81.9 | §3.32 | 84.17 | 81.31 | 0.6535 | 0.6515 5.104 02163 | 0.8252 | 09118
+221 |24 78 | £3.71 | £2.55 | £3.7 (200429 | £0.0439 | £0.9811 | £0.0541 | £0.0254 | £=0.0149

InceptionV3-274 | 82.73 | 86.57 | 78.6 | 81.33 | 8452 | 0.6551 | 0.6533 | 4.125% | 0.1714 | 0.8385 | 0.9052
+2 08 |£242 | 228 | 212 | £2.52 (200419 | £0.0419 | £0.639 | £0.0328 | £0.0195 | 00185

InceptionV4-327 | 82.76 | 857 | 7958 | 8192 | 84.02 | 0.6561 | 0.6541 | 42716 0.179 0.837 | 09092
+1.78 | £396 | £2. 87| £1.8 | £3.41 [£0.0358 | £0.0353 | £0.5734 | £0.0465 | £0.0197 | =0.019

InceptionResNetV | 82.67 | 83.54 | 81.74 | 83.17 | 8237 | 0.6541 0.653 4 6886 | 02009 | 0.8329 ([ 0.9011
2-500 2206 [£3.88 | £3.16 | £2.16 | £3.32 | =0.0406 | =0.041 | =0.7264 | =0.0456 | =0.0218 | =0.0133
Xception-118 8248 | 83.16 | 81.75 | 83.08 | B2.16 | 0.6507 | 0.6492 | 4.6434 | 0.2054 | 0.8304 | 0.9081
+245 | 251 | £2.76 | 2194 | £4.4 (00487 | £0.0484 | £0.6571 | £0.0609 | £0.0276 | 00148

12



Benchmarking
Experimental results: performance metrics of trained DCNN architec

&0 2
Metric | 5 = 5 N o < &
S5 |L |28 |8 & |&F > : 7 | 8
Model ol =] =) a - 3 = N3 X Iy g

DenseNet121-379 | 83 88 | B5.85 | B1.75 | 8349 | B4.35 | 0.6773 | 0.6768 | 4.716% | 0.173 | 08455 | 09158
£0.92 |£1.76 | 2095 | £0.69 | £1.57 |£0.0186 | £0.0184 | £0.254 | £0.0211| £0.01 ([=0.0097

DenseNet169-395 | 83.66 | 88.6 | 78.35 | B1.54 | 86.68 | 0.6758 | 0.6717 | 41454 | 0.1446 | 0.8486 | 09123
£1.25 | £3.59 | £2.75 | £1.53 | £3.33 | £0.0265 | £0.024% | £0.4187 | =0.0414 | £0.0138 [=0.0129

DenseNet201-561 | 83.12 | 85.61 | 8045 | 82.61 | 8393 | 0.663 | 06615 | 45729 | 0.1783 | 0.8403 | 09125
+£1.11 (£1.81 | £3.92 | £2.7 | £1.13 [£0.0221 | £0.0228 | £0.9885 | £0.0153 | £0.0073 [=0.0083

MobileNetV2-62 | 81.68 | 81.94 | 81.39 | 82.55| 80.85 | 0.6337 | 0.6332 | 44256 | 0222 | 0.8222 | 0.8933
£199 | £349 | £126| £1.21 | £3.09 | 00394 | £0.0395 | £0.3596 | =0.0441 | £0.0218 [=0.0135

MobileNetV3iSmall| 81.53 | 8493 | 77.87 | 80.6 | 82.91 | 0.6315 | 0.6254 | 3.9496 | 0.1933 | 0.8265 | 0.8%6

-182 +£1 98 |£329 | £3 89 | £255| £2 85 |£0.0398 | 004 | 06356 | £0.0386|£0.0186 | =0.013
MobileNetV3Large| 82.74 | 83.69 | 81.71 | 83.26| 823 | 0.6548 | 0.6542 | 48573 | 0.2002 | 0.8344 | 0.9034
-193 £2.17 | 2043 | £46 | £3.39 | £0.89 | £0.0437 | £0.0442 | £1.1585 | £0.0117 | £0.017 |[=0.0094
NASNetMobile - | 81.3 | 832 | 79.25| 81.29 | 81.48 | 0.6261 | 0.6251 | 4.1452 | 0.2117 | 0.8219 | 0.8897
617 +£1.45 | £1.86 | £3.98 | £2.65 | £1.07 | £0.0287 | £0.0297 | £0.7283 | £0.0156 | £0.0108 |=0.0152
EfficientNetBO- | 83.13 | 8521 | 80.89 | 82.83 | 83.79 | 0.6636 | 0.6618 | 45522 | 0.1817 | 0.8392 | 0.9094
187 =12 [£391 | £2.95 | £1.75 | £3.19 | =0.0244 | =0.0237 | £0.6116 | =0.0427 | £0.0147 [=0.0129
EfficientNetB1- | 82.42 | 8585 | 78.71 | 8137 | 839 | 0.6492 | 0.647 | 41494 | 0.17% | 0.835 | 0.9088
308 £1.04 (£2.14 | £3.75 | £2.34 | £1.59 | £0.0202 | £0.0214 | £0.6707 | £0.0209 | £0.0074 (00134
EfficientNetB2- | 82.75 | 84.95 | 80.39 | 8239 834 | 0.6556 | 0.6542 | 44211 | 0.1865 | 0.8359 | 0.9075
316 =14 (2341 | £3.02 | £1.91 | £2.69 |£0.0276 | =0.027% | £0.6202 | £0.0379 | £0.0158 [=0.0082
EfficientNetB3- | 83.46 | 8515 | 81.64 | 834 | 839 | 0.6704 | 0.6685 | 47361 | 0.1803 | 0.8416 | 0.9163
194 087 | 428 | £29 | £1.6 | £3.14 | £0.0157 | £0.0167 | £0.6283 | £0.0443 | £0.0144 |=0.0074
EfficientNetB4- | 8298 | 8755 | 78.06 | 812 | 8546 | 0.6613 | 0.6581 | 40946 | 0.1589 | 0.842 | 09138
384 £1.31 | £2.2 | £3.76 | £2.33 | £1.76 | £0.024% | £0.0268 | £0.6159 | £0.0233 | £0.0107 [=0.0074

EfficientNetB5- | 83.7 | 86.85 | 8032 | 82.71 | 8517 | 0.6752 | 0.672% | 45562 | 0.162% | 0.8466 | 0.9138
444 +£121 |£289 | £3.73 | £2.39 | £2.38 | £0.024 | £0.0245 | £0.7645 | £0.0303 | £0.0108 |=0.0161 13




Research Progress
Experimental results: performance metrics of trained DCNN architec

CD Diagram on Accuracy

Friedman testLvalue ofrdaztt
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Research Progress
Experimental results: complexity metrics of trained DCNN architectt

15



Research Progress
Experimental results: accuracy vs complexity bubble chart

Bubble chart reporting model accuracy vs floatpwint operations (FLOPS). The size of each bubble represents numbe
model parameters measured in millions unit. Beside each model name the three values represent FLOPS, accura
model parameters, respectively. 16
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Research Progress
Experimental results: detailed results and trained models

HPublicly avallable dtitps://drive.uca.ir/d/i360e65bfcd84b59b ] cO/

1Can be used by others for transfer learning, and buildinggaeners
for Lyme diesease

18



Research Progress
Publication

T ‘Exploring convolutional neural networks with transfer learning for diagnosing
Lyme disease from skin lesion images
T In revision- Computer Methods and Programs in Biomedigoenal

£S. 1. Hossairetal. 2% HQFKPDUNLQJ FRQYROXWLRQDO QHXUDO QHWZF
LPDJHV = - X#@&H03271706;

19



Research Plan

Skin hair augmentation

|

H
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Research Plan
Skin hair augmentation

Skin Hairimage processing based removal

Hair Removal

Algorithm

Image with Hair Hair Free Image

Disadvantagewill increase the computational complexity
during realtime application

21



Research Plan
Skin hair augmentation

Hair Free Image
Skin HairAugmentation

+ Mohamed et al. [5]

Image with Augmented Hai

Hair

Hair Mask Augmentation
Algorithm

Research ScopeMask is created manually, with random curve or lines and segmentation.
Generative Adversarial Network (GAN) can be utilized to automate the process. 29



Research Plan
Skin hair augmentation

Image Ground truth Unet Pred.

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)
-lgnored images with under segmentation

W. Li, A.N. Joseph Raj, T. Tjahjadi, Z. Zhuang, Digital hair removal by deep learning for skin lesion segmentatioac@gtiterilR (2021) 107994.
https://doi.org/10.1016/J.PATCOG.2021.107994. 23



Research Plan
Skin hair augmentation

24



Research Plan

Planned system architecture with segmentation

Input Image

Patient Profile

Age

Recent Forest Visitf:

Y XX
Y XX

?

Object Detection
Model

|

Cropped Lesion Image

Multimodal Deep

Learning Model

25



Research Plan
Integrating Patient Profile

Pondérati
Questions Réponses on
O Lesens N Mrozek J Beytoui C Theis L Sauvat M Vidal C Cornille Moyenne
Autres symptébmesbservés Aucun 0 0 3 0 0 3 3 1.38
Fievre -1 0 -1 1 1 3 0 0.75
Fatigue 0 1 1 2 0 3 0 0.81
Malaise 0 0 1 0 0 3 0 0.38
Douleurs articulaires 1 1 -1 2 2 2 0 0.94
Maux de téte 0 0 -1 0 2 1 0 0.5€
Démangeaison -1 -1 -1 -1 1 -1 0 -0.34
Quelle est ou a été la taille maximale de cette tache Moins de 1 cm -1 -1 0 -1 -1 -1 -1 -0.6¢
delab5cm 1 1 1 0 1 1 1 1.0C
+de5cm 3 2 2 2 3 3 2.44
Je ne sais pas 0 0 0 0 0 0 0 0.0C
La taille de cette tache augmenteelle ou at-elle augmentée progressivement Oui 3 1 3 3 3 3 3 2.81
Non 0 -1 -1 -1 -1 0 -1 -0.63
Je ne sais pas 0 0 0 0 0 0 0 0.0€
Avezvous constaté une piqQre de tique a I'endroit de cette tache rouge au cours des 30
derniers jours ? Oui 3 2 3 2 3 3 3 2.5C
Non 0 0 0 0 0 0 0 0.0¢
&E <u Vv e %o]<,E -* Sl<pu e U IUEes <11 Ev] E- i}y
rouge Jamais -1 -1 0 0 -1 0 0 -0.38
1 fois 0 0 2 1 1 3 1 1.1¢9
2 a5 fois 1 1 3 1 1 3 1 1.56
plus de 5 fois 2 2 1 2 2 3 2 1.88
§]A]18 - %0 Jv ]E p }uEes il Ev] Ee+ i}jpEs A viOui 1 1 2 2 1 2 2 1.75
Non -1 -1 -1 -1 -1 0 0 -0.63

std dev
1.05
0.90
0.81
0.86
0.75
0.79
0.76
0.58
0.50
0.61
0.35
0.53
0.60
0.24

0.71
0.51

0.48
0.73
0.79
0.70
0.56
0.60

26



Research Plan
NAS : PSO with Selective Search

Selective Search
TSupposeb 5L S5 £ 1 L aR &b 1, then the selective search can be

written as
5% L 5% 51:
5% L 5% E 514

506 L 59%7° E 51,
50 «f3§5% 4 BL sda® ala
TFinallythe velocityisSSL $tab kb LaR &b 1)=a1 G Q.

Hossain S.l., etal.,, 2019 Optimizationof University CourseScheduling?roblemusingParticleSwarmOptimization
with SelectiveSearchExpertSyst Appl. 127, 9 24. https//doi.org/10.1016j.eswa201902.026

27



Research Plan
NAS : PSO with Selective Search

Research Scope:

Selective Search

Fernandes Junior, F.E., Yen, G.G., 2019. Particle swarm optimization of deep neural networks architectures for im
classification. Swarm Evol. Comput. 49, 4. https://doi.org/10.1016/j.swev0.2019.05.010

28
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