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U-net

« U-Net 2 Autoencoder F§—Tf&%E 7

(Variant) , & BRIEREA S EHB{PIUE

mE&

« U-Net ERERVARIGES A BRHS 2300 Bt
B, B0 7 BRI RS | SRR
G FE’JEEH,HE%EHJ)\?U (=N
J\E’Jﬁeﬂﬁ SHHERE K EEZNBERE
MIEBRABEREZEM 1

input

: output
image .
t?le il Bt *1*|*| segmentation

ol o & B map
'1:1: 128 I

i i

I’I" I"I’I = conv 3x3, RelLU
) b "*' ' - =

copy and crop

1024 512
- — . # man pool 212
R Y | $ 3 3 # up-conv 2x2
=» conv 1x1
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Kaggle Dataset: Bacteria detection with darkfield microscopy

- BRENAE
EME T AETE: 3660 HEEEH(S: 3667
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» [ 733 files
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EHRHEE :
mEAERKER

About this directory

I " W S

001.png 002.png 003.png 004.png
676.59 kB 1.37 MB 1.44 MB 111 MB

005.png 006.png 007png 008.png
5.42 kB 82174 kB

009.png 010.png ofl.png 012.png
126 M8 1.02 MB 270.85 kB 949.91 kB

o "~
) » t{e" Q

013.png 014.png 015.png 016.png
899.48 kB 117 MB 184 MB 845,68 kB

Bl R R/hit—

B R K/hL256x256 4 H X

v K. BE/\R256: #EHH{E Aresize256

if image.shape[l] < =elf.width and image.shape[0] < =zelf.height:

(zelf.width, =elf.height), interpolation=cvZ.INTEE _ARE4L)
(zelf.width, =elf.heisht), interpolation=cvZ.INTEE _ALEEL)
azzert image.shape[0] = mask.shape[0] and image.szhape[l] = mnaszk. shape[1]

R E—IEKN1256. —IE/\I1256: 15 [E | 2R AL 6l ik E AR
X, & Eresizel256. ZZBFRBENEOH B

elif image.zhape[l] » =elf.width and image. shape[0] < =elf.height:
v = intl{round(zelf.height * image.shape[l] / image.shape[0]))
zelf.heisght), interpolation=cw2.INTEFR_AREL)
gzelf.heizght), interpolation=cvZ.INTER_AREA)
azzert image.shape[0] = mask.shapel[0] and image.zhape[l] = mask. shape[1]

image = cvi.resize(image,
mask = cvi.resize(mask,

image = cvi.resizelimage, (w,

mazsk = covZ.resizelmask, (w,
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- EURIEE - IEERERN

FABEE NS NINFZ5R256%256[E H v BMIR T HER B 24415K
it s = v SEESEHS: 2441

self.last mask = []

for x in range(0, image.shape[l] - self.stride, self.stride):
for ¥ in range(l, image.shapel[0] - self.stride, self.stride):

W0 = x images. shape, masks. shape
xl1 = x + self.width
LN &
1 = + 1f. height
T e (2441, 256, 256, 3), (2441, 256, 256, 1))
image_slide = imagely0:vl, x0:xl, :]

mask_slide = mask[w0:yl, x0:xl]

assert image_slide.shape[0] = mask_slide.shape[0] and image slide.shape[l] = mask_slide. shape[1]
if image slide.shape[l] = =zelf.width and image_slide. shape[0] = zelf.height:
pass
elif image_slide.shape[l] ¢ self.width and image_slide.shape[0] = self.height:
xl = image. shape[1]
W = xl - zelf.width
elif  image_slide. shape[l] = self.width and image_slide.shape[0] < self.height:
vl = dimage. shape[0]
¥ = y1 - =zelf.height
else:
xl = image. shape[1]
W = xl - self.width
vl = image. shape[0]
0 = w1l - =zelf.height
image slide = image[y0:vl, =0:xl, ]

mask_slide = mask[w#0:¥l, =x0:x1]

assert image_slide.shape[l] = mask_slide.shape[0] and image_slide.shape[l] = mask_slide. shape[l]

assert image_slide.shape[l] = self.height and image_slide.shape[l] = self.width

ret. append ((image_slide, mask_slide))
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- Bl El
AlARES. RIEAEEIR85%. 15% 7 &l
tezt_szplit = 0,15
ze.collect ()

indices = np.random. permutationiimagzes. shape[0])

boundary = images.shape[0] - intlimages.shape[0] * test_split)
training idx, test_idx = indices[:boundarv], indicesz[boundary:]
¥ _train, = _test = dimagesz[training idx, :], images[test idx, :]
v_train, v _test = masks[training idx, :], maszks[test idx, :]

x_train. shape, ¥_train.zhape, =x_test.zshape, ¥_test.shape

({2075, 286, 256, 31,
(2078, 256, 256, 1),
{366, 256, 256, 3),
(366, 256, 256, 1))
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¥l A TensorFlowRH iR &X §2 & BY 15452 BY 32 17 48 B8 PR 55 2R 2

import tensorflow asz tf

import  tensorflow. keras.backend 2= K

import  typing

from  tensorflow. keras. layerz import Input, Comw?D, BatchNormalization, LeakyEell, Dropout, MaxPooling2D, ConvdDTransposze, concatenate

from tensorflow. keras. optimizers import EMSprop

def weizhted loss(original loss function: typing.Callable, weights list: dict) - typing.Callable:

aaa

Help fumction to balance backgzround, bacteria and blood czells.

e

def loss_function(true, pred):

class_selectors = tf.cast(K argmax(true, axis=-1), tf.int32)
clazz_selectorz = [K.equalii, clasz zelectors) for 1 in zranse(len(weights list))]
class selectors = [E.cast(x, K.floatx()) for = dim class_selectors)]
weightz = [zel * w for =zel, w in =ziplclass selectors, weights list)]
weight_multiplier = weights[0]
for 1 in rangel(l, lenlweights)):
weight_multiplier = weight multiplier + weight=[il
lozz = original loss function(true, pred)
lozz = lozz * weight multiplier

return lozs

return losz_function
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- HBVEY
A FAERI R B2 T Unet + + 15 E

clazs  UNetPP:
def _ init_ (=elf):

model_input = Input((256, 265, 31}
x00 = convad(filters=int(16 * number_of_filters)) imodel_input)
x00 = BatchNormalization() (x00)
00 = LeakyReLIT(0.01) (x00]
%00 = Dropout(D. Z) (x00)
00 = convid(filters=int(l& * number of filters)) (x00)
x00 = BatchNormalization() (x00)
%00 = LeakyReLU0, 01) (x00)
00 = Dropout (0. 2) {x00)
ol = MaxPooling?Dipool_size=(2, 2)) (z00)

210 = convld(filters=int(32 * mmber of filters]) (p0)
x10 = BatchNormalization() (x10)

%10 = LeakyReLU0,01) (x10)

x10 = Dropout (0. 2) (x10)

210 = convid(filters=int(32 * mmber_of_filters)) (x10}
x10 = BatchNormalization(} (x10)

x10 = LeakyReLI(0. 01} (x10)

x10 = Dropout(D. Z) (x10}

pl = MaxPooling2Dipool_size=(2, 2)) (x10)

x01 = convidtranspose(int (16 * rumber_of_filters)) (x10)
x01 = concatenate([x00, =xz01]1)

01 = convid(filters=int(l& * number of filters)) (x01)
x01 = BatchWNormalization() (x01)

%01 = LeakyReLU0,01) (x01)

01 = convid(filters=int(l& * number of filters)) (x01}
x01 = BatchWNormalization() (x01)

%01 = LeakyReLU0,01) (x01)

x01 = Dropout (0. Z) (x01)
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conv2d_transpoze_ 9 (ConviDTran (None, 206, 256, 64 32832
spoze) )

dropout_13 (Dropout) (Hone, 256, 256, 64 O
]

(None, 256, 256, 32 0
[o}]

concatenate 9 (Concatenate)

conv2d_28 (ConviD) (Hone, 256, 256, 64 184384

)

batch_normalization 28 (BatchN (None, 256, 256, 64 256

ormalization) )

leaky re_lu_ 28 (LeakyReLl) (Hone, 256, 256, 64 O
]
conv2d_29 (ConviD) (Hone, 256, 256, 64 36928

)

batch_normalization_ 29 (BatchN (None, 256, 256, 64 256
ormalization) )

leaky re_lu 29 (LeakyReLl) (Hone, 256, 256, 64 O
]

dropout_18 (Dropout) (Hone, 256, 256, 64 O
]

conv2d_30 (ConviD) (Hone, 256, 256, 3) 195

[ dropout_17[0] [0]°]

["leaky_re_lu_13[01[0]"]

[" conw2d_transpose_ %[0 [0]7,
*dropout_1[0] [0]7,

" dropout_4[0][0]7,

" dropout_S[0][0]7,
"dropout_13[01[0]7]

[" concatenate_9[0] [0]7]

[" conw2d_28[0] [0]°]
["batch_normalization 28[0] [0]7]
["leaky_re_lu_28[01[0]"]

[" conw2d_29[0] [0]°]
["batch_normalization 29[0] [0]7]

["leaky_re_lu_23[01[0]"]

[" dropout_18[0] [0]° ]

Total params: 32, 739,011
Trainable params: 32, 720, 699
Non—trainable params: 13, 312
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. ERiEE
FERHOREERRFHIRARE:

v h#ERAF: Batch size. Dropout. Number of filter. Optimizer. Learning rate

v’ TR 7K #E:

Factor Level 1 Level 2 Level 3 Level 4
A Batch size 2z 4 5 3
B Dropout 0.2 0.3 0.4 0.5
C Filter 2 3 4 5
D Optimizer Adam Adagrad Adadelta RMSprop
E Learning rate 0.0005 0.0001 0.005 0.001




L
_e// %& 1% 1 t (2 / 9) Experiment Batch size Dropout Optimizer Learning rate

1 2 0.2 2 Adam 0.0005

2 2 0.3 3 Adagrad 0.0001

= ﬁ_zi‘%jgé = 3 2 0.4 4 Adadelta 0.005
ARFUkEGEELIGERE: ‘ : - ° fberop 0001
5 4 0.2 3 Adadelta 0.001

6 4 0.3 2 RMSprop 0.005

7 4 0.4 5 Adam 0.0001

8 4 0.5 4 Adagrad 0.0005

9 5 0:2 4 RMSprop 0.0001

10 5 0.3 5 Adadelta 0.0005

11 5 0.4 2 Adagrad 0.001

12 5 0.5 3 Adam 0.005

13 3 0.2 5 Adagrad 0.005

14 3 0.3 4 Adam 0.001

15 3 0.4 3 RMSprop 0.0005

16 3 0.5 2 Adadelta 0.0001
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Experiment Batch size Dropout Filter Optimizer Learning rate
e %ﬁb T = o

2 2 0.3 3 Adagrad 0.0001 0.7506

ERRFHBESEEH BT HEE 2 04 : Adadela 0005 08199
4 2 0.5 5 RMSprop 0.001 0.9213

2|X N Y’ 5 4 0.2 3 Adadelta 0.001 0.7738

6 4 0.3 2 RMSprop 0.005 0.9589

|X| + |Y| 7 4 0.4 5 Adam 0.0001 0.9422

8 4 0.5 4 Adagrad 0.0005 0.8443

9 5 0.2 4 RMSprop 0.0001 0.9619

10 5 0.3 5 Adadelta 0.0005 0.6552

11 5 0.4 2 Adagrad 0.001 0.8083

12 5 0.5 3 Adam 0.005 0.9453

13 3 0.2 5 Adagrad 0.005 0.8658

14 3 0.3 4 Adam 0.001 0.9432

15 3 0.4 3 RMSnprop 0.0005 0.9600

16 3 0.5 2 Adadelta 0.0001 0.5418
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{£ FMinitab 53 #r ¥ th BA SR A 1

HO45 47 -test_dice 5 A, B, C, D, E

WE EXRE
Bl e

0.9

0. 8-

HE HBE

0.8

gg{%bmmmﬁ

HE A E C i E
1 -1.3118 -1.0337 -1.9637 -0.4530 -—1.4539
2 -1.1448 -1.7592 -1.3906 -1.7656 —2.1574
3 -1.53868 -1.1113 -1.0100 -3.2370 -0.9574
4 -1.8593 -1.9985 -1.5383 -0.4471 -1.3740
Delta O0.7146 0.9647 0.9536 2. 7949 1.2100
HeEE 5 3 4 1 2
BRI

I A E C D E

1 0.8640 0.8914 0.8137 0.9457 0.8559

P 0.8798 0.8270 0.8574 0.8173 0.7991

3 08427 0.8826 0.8923 06977 0.8975

4 08277 0.8132 0.8461 0.9505 0. 8617
Delta 0.0521 00732 0.0741 0.2529 00984

HERE g 3 4 1 z

fERtt EXNE
HAEI(E

B RE

fEmE: K




HOS#r-test_dice 5 A, B, C, D, E

Eﬂ?"{ettﬂl‘ﬂlﬁﬁ
PE—

I h E C i E
i -1.3118 -1.0337 -1.9637 [H0. 4550 f-1. 4539
o -1.1445 -1.7592 -1.3906 [ 7655 |- 1674
3 -1.5868 -1.1113 -1.0100 [3.2370 f—0.9574
4 -1.8893 —-1.9955 -1.5353 [H0. 4471 f-1.3240
%elta 0.7146 0.9647 0.9536 f2 740 | 12100

2818 1E(5/9) o

PE—

I h E C il E

{ 08540 0.8914 0 8182 fo0 9457 | 0. 5550

5 0.8793 0.8z70 0.8574 foos173 |0 reo

3 0.8477 0.8s26 0 8923 [0 s977 |0 se7s

— Za 4 0.8277 0.8132 0.8461 0. 9505 f 0. 8617

° =l 112Q§i£ 2N Delta 0.0521 0.0782 0.0741 0. 2529 | 0. 09sd
Hx |2 70 m g HERE 5 3 4 1 2

Experiment Batch size Dropout Filter Optimizer Learning rate Test_dice

17 4 0.2 4 RMSprop 0.005 0.9635

* filFA(Optimizer)
& XEOptimizerfE FRMSprop:

Experiment Batch size Dropout Filter Optimizer Learning rate Test_dice

18 4 0.2 4 Adam 0.005 0.9342




HOS#r-test_dice 5 A, B, C, D, E

Eﬂittﬂl‘ﬂlﬁﬁ

PE—
I h i C i E
i -1.3116 -1.0337 -1.9637 —0.4530 f-1.4539
z —1. 1446 -1.789% -1.3906 -1.7655 2. 1674
3 -1.B86& -1.1113 -1.0100 -3 2370 §-0.9574
4 -1.8683 -1.9885 -1 5353 —0.4471 -1, 3740
%elta 0.7146 0.9547 0.9536 2 7849 J 1.2100

£ 8118 15(6/9) wom e

I h E C il
1 0.8640 0.8914 0.8182 0.9437
z 0.8795 0.8270 0.8574 0.8173
3 0.8427 0.8826 0.8823 0.8977
4 0.8277 0.8132 0.8461 0. 9505

1%&EE(Learning ratE) #Dq.;]ﬁta 0.0521 0.0752 0.0741 D.2523

[#*ELearning rate:

Experiment Batch size Dropout Optimizer Learning rate

19 4 0.2 4 RMSprop 0.01 0.9605
20 4 0.2 4 RMSprop 0.006 0.9618
21 4 0.2 4 RMSprop 0.004 0.9612
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fil 58 (Dropout)

[#%EDropout:

Experiment

Batch size

ZUB1E(7/9)

Dropout

Filter

Optimizer

HOS#r-test_dice 5 A, B, C, D, E

Eﬂ?"{ettﬂl‘ﬂlﬁﬁ

PE—
IR b E
1 -1.3115 |1.0537
z -1.1445 1. B9z
3 -1.5885 [1.1113
4 -1.8503 1. 9985
Delta 0. 7146 [ 0. 9647
H B 3

E—
e =1
HE h E
1 0. 5540 fo. 3914 Jo.

2
3
4
Delta

ek

0.8ve5 §0.3270 §0.
05427 §0. 3526 §0.
0.&8277 §o.513z2 §0.
0.0521 §0.073E §0.

b 3

Learning rate

C
—1. 9837
—1.3908
=1.0100
—1.5363
0. 9535

4

C

I E

—0. 45580 —1.453%
-1. 7665 —£.1674
—3.Z370 —0.9574
—0.4421 -1.3240
2. 748 1.2100
1 2

I E

gle2 0.5457 0.5589
g574 0.5173 0. 7991
G923 0.6977 0.3975
G461 0.5505 08617
074l 0.252% 00954

4

1 2

22
23

0.1
0.15

RMSprop
RMSprop

0.005
0.005

0.9613
0.9587
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Wi (Number of filter)

EZENumber of filter:

Experiment Batch size Dropout
17 4 0.2
B 0
Eveizpalicl
" — \ PN ./I/\I
i
| 0.7
=2 1 4 1 2I 3 1 2I 3
o E
RN
0.94 . /#\’
- \/ ~

s —
Filter

Optimizer

RMSprop

HOS#r-test_dice 5 A, B, C, D, E

EEWWEE
I A
1 -1.3115
z —1.1445
3 -1.5885
4 -1.8593
Delta 0. 7146
Hi#: g
e =1
HE Y
1 0. 5840
z 0. 5795
5 0. 5427
4 0. 8277
Delta 0.0521
HERE: g

PE—
E C
—1.0337 Jl.9637
—1. 7882 F1.3908
-1.1113 j1.0100
—1.99585 F1.6333
0.9647 Q0. 9536
3 4

E—

B
0.8914
0.82v0
0. 5526
081352
0.0vgz

3

Learning rate

0.005

I E
—0. 45580 —1.453%
-1. 7665 —£.1674
—3.Z370 —0.9574

—0.4421 -1.3240
2. 748 1.2100
1 2

I E

0.59457 0.5589
0.81v3 0. 7991
0.6977 0.3975
0.5505 08617
0. 2528 0.0954

1 2

0.9635

FRI WHE

Rt E300E
B E

B




£

. Wi (Batch size)

& EBatch size:

Experiment

I
Batch size

£ 2E815(9/9)

Dropout

SIS
b E ol
SIS NN B NN N
ed —

0.8

BE MIE

I

N \/
0.7

Filter

Optimizer

RMSprop

HOS#r-test_dice 5 A, B, C, D, E

Eﬂittﬂl‘-ﬂlﬁﬁ
PE—
I h E
1 -1 5118 | -1. 0337
z 1 1445 § -1, 7ROz
3 -1 BEEE -1, 1113
4 Sl Bl
Delta B0 7146 | 0. 9647
Hi#: B 3
E—
THENRE
I h E
1 0.58400 0.8914 0
z o.g7es | 08270 0.
5 0. 5427 08825 0.
4 o.gz77f 08132 0.
Deltafl 0.0521 | 0.0732 0.
HERE: & 3

Learning rate

0.005

. 8182

C

—1. 9837
—1.3908
=1.0100
—1.5363
0. 9535
4

3574
G923
G461
0741

4

[ o o

I E

—0. 45580 —1.453%

-1. 7665 —£.1674

—3.Z370 —0.9574

—0.4421 -1.3240

2. 748 1.2100

1 2
I E
9437 0.5589
JB1T3 00 7eRl
CEETT 0.8975
JEBB05 0.881Y
.2BE9  0.0954
1 2

0.9635

FRI WHE

0
N
L

-3

MRt =0

B E

=

B
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Experiment Batch size Dropout Filter Optimizer Learning rate

17 4 0.2 4 RMSprop 0.005 0.9635
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Thanks for your attention!



