AUGMENTING MEDICAL IMAGE
CLASSIFIERS WITH SYNTHETIC DATA FROM

LATENT DIFFUSION MODELS




Introduction

e The paper explores the use of latent diffusion models to generate
synthetic images of skin diseases and demonstrates that augmenting
model training with these synthetic images improves performance in
data-limited settings.

e The diversity of disease appearance across different skin tones makes
skin disease classification a suitable case study for synthetic image
generation.






Methodology

e The paper utilized Stable Diffusion, a large-scale latent diffusion model, for generating high-
resolution synthetic images.

e Three different generation methods were employed: text-to-image, inpainting, and
inpainting followed by outpainting. These methods involved conditioning the generative
models on text prompts and masking/replacing specific regions of the images.

e Two variants of the generative model were considered: one using the pretrained diffusion
model directly, and another fine-tuned on a small number of training images. The fine-tuning
was performed using DreamBooth and the images used for fine-tuning were not included in
the test sets.

e The experiments utilized the Efficient-Net V2-M image classification model pretrained on
ImageNet. Training was performed for 30 epochs, and various image transforms were
applied to both real and synthetic images.

e Synthetic data was added only to the training set and was produced independently of the
images in the held-out test sets.



e [T <l W TBAEEIDNCA I @z 228 08 6 O @ -H1 L af oL [EL=elE o

- -+ O]

e [TeeeT Lot SRlan ZUDHEN =00 — OO 260000 « | Lundkt

WORATRl] 0 s HrBEHHED AL (ke | | LI O T NNfes Ea\\oﬂbhe%r¥¥_@@§@«m§ﬁnm mMTFEAnEII_NAPERERh% RN
T ot 58 Y ottt S O [TOR XX S By TTEEDOFFUGHH G SRR IO T < R i ol LT DO QU B e [

. 11\ Q8RREE 06
I H D X~ KDt Bugiuluuwvl sb T
R vl () H: U BSOS (77 NI —

& B w
B RN et 00D W T

T 161 RS R RIBE T 004 T3 - T i
A (D B~ TT RS el 1 -

44\_4%%5385%% R

A M) e 400 TT0 D 0 @ @ -
| ENELAD AR A S DD ) —— =7 48 1D B B SRR D M D8 &R BH [

O U e O O T e THAOU) S D-aabalba -] IR ek 0NN e 6 1 83 st Y IR G000 2 DR - @Rae. ), 0 o € (T B IS T30 09 4D 15 TOH T S e 451 0D G
0 1O ke QMDD o BT Ok Otel (], WO SKLITEC] B = R

rV‘IlI.I.E?fr.PL.wa L | 0G0 Qb (T a0 bt

Bz aattl v Muﬁétyi JI@IBVVKAI‘. im_uug
et =
e LGPRW.UKfB @5 D 0 P —

By Sl e §+7¢

© S il TR

é»w

TGS B 7 g R O R TR | TS QR

E{iwgw_ys R = L ]

B s

oin B Bl ° S
- vL'

C«Bu LZOlqu« nt:

£ S e CS%@%

K= hﬁ.cﬁ.@.&(@?i‘ S _

th....?%w = slﬂrlcpml.? e

i -5 v e oS RS R - S R T a R b T

O F (11710 [ TIRO o (]

i r?%mmwwna -

e T

Ll 4&0{%\3&&01&5@ humuEE V. Tk ~

e S O AT
OB 6 D8 D7 b ) v el 2O S8 AT e
e AR e [ R R P T O | B
70 AGHE ] (X0 (O D ARt 4 [ TS e 0 8- @D €0 (0T ' 1

T Gl R

DOSEORERRE U E0 U A b I FDEMND .G [ w0 60 [T BRI @0 ea e ¥ Y 55

gm i Al 0 Pf;&% .wmm.@mr.gdunu =

,E 9 Sl 3.0)@‘0 sz..nuab| :\e e O <
CEBATTEE Y T D&aﬁr

,:Im..(b Pﬁ_gT?_QQ)M B O B H Ml om0

TR T OO+ sEE S Ehowr- A0 X f-FITTI0 an 5171

B e ety i!h.lfr#
S ?ei@%@% o

R 8 - - E

TGz st 0| Fm‘m..m:né AL © BRI T E LN QL
t’ﬁf&%{l&ﬂ.}.uvlaaiﬁ4ounm o+ WA oo I‘Wﬂu.f

2 B B S s 0 gl

O ORI

LT e i -k ol 7 B v I (S QEROP R - dr

nmm...ns R e e e =
ek 2383 R G 109 G 0 O DRI
10_&&7_ e L A QAP [ ol By F."NHIIG./J.

B R P S b

el = 1LC.¥E(£@.§&EV

U mxthr Gt a1 5 o e

PR N L e

S M C—

Bri%@EUM(f\E.Jk o HoY 4 TesiO D
R P B SR e e RO, G S

i o Gl T syt e (03T
o.ﬁq% ﬂv;&yﬂﬂg l_nB,ﬁaa,Bn\_ .Qﬂ.ﬁé-m

i«_%gvi mizl%r% © @ oV

% \_-ﬂmm Y : .v(‘.m\_ prﬂsn{uﬂll.‘n_l_ﬁ
E@%Eie.(g&gg
i%o% L L O RO el B Ly
erR o8 mvoéd?r_w B SORrR SRR 7o Rl
.cnu»€U.T.S>||]i.H D 8w~ c.O?WKv:
[C-oe Moo el o W ) (p=vh3

e L0 O e N p el g%‘%

AEEOmop [0 wrhG— Bkt Ak prn e iy ol TSy Dload IOk T T
3%?.33 BRSO [ 0l e ey o LG ]t ok
TR A ST}

IO Vet Gile RSAC o _——
.S.I.Y.F»rvu,l Tt Z Y T B et

o ke

, e e o,nro:,ﬂxbimc.
._oﬁ_i.%nir PN ey S e e
509 Tt S el Vo S5 R B

A B ftzi R 0 v .a..l >

et £ e —

)Juﬂaw‘a

> e Rl [ -

_|
<

Dy L T M DT iR D e TS S o+ ey

OGN+ St ¢ D Sy [ 1 DG D 6 T O T A —— =00
S B e B~ e I T TN R

eI 0 T s - 9 < @ i e et ek
L0 Basd  PONV DSl S MG B IK,A_Q L

HELR 40E e
R T T T L = BT TR = I o S ey S At P

- =— N - o A -

- TN D [1¢ Bl _Yamv®Tc__0PR-l
B R NI SOy - VM QIO e 3y, T (B Ay
RS T S R e e
ST S

O b P T el ok

1.% Sy XTI O . IRt [ 101

£ oo U..aB.nJ:f\»> "
e é.w.; OS5 el T R RS

S

T T

S LB~ LI R ia i p WY IS st Ry R0
T A DA e R IO

\C1: A | e B ; .
DO BTLY 00 Te | | o0 —© WD 0 O o Qe B
Xk - BN (O et BT | 075 T e J#OO,\Iﬁ .
< it < o

B b R (7> () 830G OB BT Ui DO O

2 O R B B RBCRG-O] TodZRedn i Ern A TAS%nYDEJn .

IS G BRI e 108 HiFo @re T+ IDAV SEOROMQM Ei

0> S ERADITOD 4 TTETL A sl ahas Mbﬂnu,‘ta?ldvgv? Ty
s [T N SR~ O QIO B oL
OO O KD ) TN e [P T 3 NN E L R T RAQIDRS I 5l 42 (505 -

A~ R Q.8 ~ODC

..':éf?w

A (e
TN B

N

+

y Lk%?&yﬂ@v@.&%@.ﬂun FRO P T AE B AET 1

S A A IOV f | Dot S St 1 IS AD e O~ g

AR e B QOB E T ST ST e On | lan
e e

£LSOD N E

e A

e O R {rm,.A 4 ‘T\r“ c
DI A B S GéNhu.z.iu‘Blk.# i ﬁvu.nmgtiiyg

.inm.?m..«‘qvu. Sy T g T [+ 0 1 et Dl T 0P

P e O o —— _—— - T =

FRREE B Ry w15 o BT SR, o e

b ¥ e OO Ll D Q00 I

HO e SN X T 0 — e H QIO SRR S0 B EH OITR O e Tl D
» Lo e BRrao © rrii- o Tl Tt W) ezt e ol B Daka H

%ﬁm&?ﬁ ﬁkgtﬁkgm%gw%

DG e BN | %] N (] e ] @t oo -

) i Wiciinai ~ Dl 1530 0 37 St B
R ko o) wﬂig %ﬁﬂ%.f]%%@ne ML R

B L g

;lim.u<3l D . e B

it Felld P%s«x@z.ﬂz TV G A T = Rt
P~ _é.ooV_1\. DD cerm U PG ATSDTION A 8
I_il_aUa — Q0o ¥ U BHIZ S

TRBRE L F 2 [y 4 QR Ao T D
G ,,rb.rﬁthv‘thT_EAJ(OpArtr e e 1

| B S S e o i on
D) O €7 B R O S I S G SRk 60
U O PR B e TR R e 20 3 R OO K
N OETE B QR HOE IR TG & U o8 G GDREL Y-
O IO TR e SEEOUE XN ] T2 0 Ut BRIATEAIOATR) ot ¥
WRHIOE A bl > O T & | -mf e Bud s Qd = F - o
T SR B S AL B Tl Sl B

RO 2 @0 IO S SR B R [ G Tl e )
Fp A MR YRR e PRY BB ET T Ense e

PO A S (T B eR B EIeN 5 p BReEl @R b
T 59 Greasie-, |~ 4
el E O Gﬁ.,ms&u_hv B R BRIV e G o ]

OI.J Ay e BT 1007 1O 2 E-ied O

i ) re

e N _mfcvsrmw,«ﬁULL Sohms <
ARG A B B TR filh w8 R Bl 4 Oee

o, 9&.0 £

Ew;.}tr O SR R S 00 YA S O S =
O DN AW D e ] MO

EertlIRAE s n@.éhwvsmw.

VAL AT o

rrer T SO P S S D DI I PR e D O
O VDT 07— Wbl T GO ) O = ] K o T Bl A o4

=R )
T e (TR U O Tl S+ D0 AN s MU v e A e T

T = e B el T

1ol [19000 | = (IR | eeife | 100 D0 LD [ 998l

Vo TS s

e AN TG ORETT T O 8 O E M e e I
I P S O OB I O e B [ B

NIRRT oA o~ G4 e 10 B - il e b 2y ke el St (0
AP T A O =@l e O = zal sz,
=0 Mo MDA O ——@H 2 O = (v Z 0| DIz

R AT T —

O s O WO - @ TLO | A O 4 i B2 [
| Fees HORE § I OGO~ - WORR AT TT A O+ 1 83 won

TESE T O R S OCRK e T 50,y © [ T — E
OFOED TR - ST SO A 0 IR 8 T D Rl IR e A0 L
s Db QDA ¥ @D M @B WOE S B Y X AP«

A O RO D o~ || @:@Bf&béﬁvm eomEt

D ¥ B A TR A R T _ QEJIEG.BV@,«,GH. AT
PV G W BRS¢ o@ 000 ¢

EREDIRR At O CHiebe-ii- O & @ D-EHE SO Ol

A

WBOT O —

;gﬁﬁégngﬁm xR0 Ausl e R ~ Pﬁi{év’ﬂﬂ_ﬁn A0l B 55 PEW&J.IJQ%.Q QBAC.A D,WldE«Untréaghé DR -

Rt ~8« T AU T = - 0 et S A rw_ AR O rHe.Zu
| A< IRAUY G T Rk P T RDOEOL] Wl A0z A= B yh%ﬁ AT T UK S S mem 00 o

HQ) B D Y DN T 0 SO ] D

Ao 3%735&.5_0& =R e Lhua W O e...O\D“w‘GaE.%\ ¥

e

EZ.QADV\!&V)&N..T.U.O\_ TR LOTD L Qa0 O T 0



Data used in this paper

FiztPatrick 17k-9 datasets, Sandford DDI
The paper generated and analyzed a new dataset of 458,920 synthetic
images using several generation strategies from latent diffusion models.

e The synthetic images were produced using three different generation
methods: text-to-image, inpainting, and inpainting followed by outpainting.

e Image transforms, such as random cropping, horizontal flips, warping, and
lighting adjustments, were applied to both real and synthetic images during
the experiments.



Latent Diffusion Model
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Latent Diffusion Model

00O

: Score function

00O

(Probability of perturbed data )

Noise

Data «——— Generating samples by den01smg One denoising step

https://arxiv.org/abs/2209.00796
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Datasets Real Images

9 most common skin conditions in
Fitzpatrick 17k:

psoriasis (624),

squamous cell carcinoma (480),
lichen planus (452),

basal cell carcinoma (446),
allergic contact dermatitis (398),
lupus erythematosus (337),
sarcoidosis (326),

neutrophilic dermatoses (324), and
photodermatoses (312),

which we term the F17k-9 dataset

Real Images

o FST annotations

Fitzpatrick 17k

« 3,699 images from the .
9 most common Py

disease labels il
oV

FST Distribution

* 656 images :'
« Diagnosis confirmed i)
by biopsy b

» FST groups matched

Stanford Diverse
Dermatology Images

oV

for comparison FST Distribution

https://arxiv.org/abs/2308.12453
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FITZPATRICK SCALE

SAAA

Skin Type Type 1 Type 2 Type 3 Type 4 Type 5 Type 6
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burns, never tans ® ® tans, rarely burns
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Synthetic Images
B Synthetic Images

- text prompts With and Without Diffusion-based Augmentation Text-to-Image Generation
. Inpainting DreamBooth
reference images, we generated

synthetic images ﬂ'ﬂ

- inpainting

- outpainting

- in-then-outpainting
- text-to-image

708
ot
k.

Skin condition examples

v

New token Text

Outpainting

+

embedding prompt

https://arxiv.org/abs/2308.12453
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Data Augmentation
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Generating synthetic images distribution

PC1

Real

06

Disease Condition
® Allergic Contact Dermatitis
© Basal Cell Carcinoma
® Lichen Planus
® Lupus Erythematosus
® Neutrophilic Dermatoses
® Photodermatoses
©® Psoriasis
©  Sarcoidosis

® Squamous Cell Carcinoma

0.2
Source
[aV
O ® Real
o 0.0
® Synthetic
-0.2

0.2 0.0 0.2 0.4 0.6
Real vs Synthetic

https://arxiv.org/abs/2308.12453
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Performance Evaluation

[ [ . gvu g
- Skin disease classifiers
- Synthetic augmentations,
- comprising 10 synthetic images for

each real image, or £ )
= 5
- Image transforms, comprising
- random flipping, cropping, rotating,
warping, and lighting changes 5

B 153}_;%933' Tr;iniré]g Ilr;'nagées}I.[;erSIIZZ)is‘f;asfzsgcfnditij)né S
—=e— Image Transforms — ® — Image Transforms + Synthetic Data (10x) —+— None - ¢ — Synthetic Data (10x)

Figure 3: Performance of models trained for nine-way skin classification while varying the number of real images (1 to
228), use of synthetic images (0 or 10 synthetic images per real image), and use of an image transform augmentation

ACC ura Cy g a | n fro m us | n g Syn t h et| C d ata utility (yes or no). Model accuracy is averaged across five runs on a balanced, held-out test set of 360 images. Synthetic
i . augmentation was performed using one of three methods: inpaint only, in-then-outpaint, and text-to-image. Error bars
stack with image transforms

https://arxiv.org/abs/2308.12453
14



Accuracy

Real Training Images per Disease Condition
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Fitzpatrick Skin Type (FST)

Mean Accuracy

FST I/

FST II/IV

FST VIVI

100% -

. None . Image Transforms . Synthetic Data (10x) - Image Transforms + Synthetic Data (10x)

Augmentation Method (10x per Real Image)
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Limitations of this paper

e The study focused specifically on skin disease classifiers and may not be
directly applicable to other medical image classifiers or Al algorithms in
different domains.

e The performance gains achieved by augmenting model training with
synthetic data were smaller compared to adding real images.

e The analysis was limited to a specific set of generative methods and skin
conditions, and the results may not generalize to other generative models or
disease categories.

e The paper acknowledged that synthetic data could contain hallucinations,
highlighting the need for careful evaluation and validation of the generated

17
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