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FrAAE Windows PowerShell Hhii A IR ERETCATHRIAIETT - 20 NE 10 Fios -

Get-Childltem

L .
fnewiame } 2 me + 1 = Extension
Rename- [ tem 1 = Ful IName Srnew

10 * il astzzlh B (S IFEsiTIlaklE )

Iy~ By B A
AAHRIER ] T DenseNet-121 {5 Rydmtifas » S ARSEER o1 85 DA of 3 31| R SR A Al Rse
& - RS AL T AIEEA Unet 2948 - WIDAEHEFRAY Resize BR{FAGREEFEIE R @ Bce
Dropout & LAV @& > fEMfgmE R REERTZALEETT - 40 FIE 11 fr - debihasiz=l
FEg -
base_model = DenseNetl2l(weights="im et’, 1include top= , input_tensor=inputs)
base_model. trainable =

cl base_model. get_layer ( -elu’ ). output

c2 get laye _relu’). output
c3 get laye elu’) . output
c4 get laye 4 relu’ ). output

@h

11 - fmisesfesUh B (RS —(FEEEaE )
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18 2B 4818, » DenseNet

RN TR R TR R ) AURRRICER
H— RS - B B R RS RENFTEE

A 48 6 o B Ay MR o TR TR FE R S Y R

> i —

=TG4S (Convolutional Neural Network, CNN)
=AY 2 BOERNIYE SRENE
- IETEHIHECR 75 SRR RES
J& U T R IE T A T B A

HAHEEE

DenseNet 75 2 G H A AL MRS MRAEIE T WAV BO R FRAVHER A E S S 2 IR

o NILE A] DU R D R 2 BUE IR S 4 R RE
Ay — (i MER - AT 121 g

DenseNet #HLL > S8/ DEEF BFFRNE > CHES

hape[1],

. 1 1
1on= relu,

activation=

stEFUR B (%
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cd. shape [2

13 [afd

paddin
pal d I:].
paddins

3. zhape [2] 1) (u7)

pa |:1 dil‘
Ta d lﬂ.
ju] :a_dd:i.n!::'.

shape [2] 17 (u2)

ju} adding
paddi

padding

cl. shape [2] 170 (uS)

paddins
jul :Ell:]_di
padding

zigmoid’ ) (uld)
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ResizeLayer S&—{#HE Y Keras Jig - 2GR ARIE F S EEER R 2 E AR
FELLRENWHEIETT AT » FMEE T HIRRST target_size » [MAERE [ ARAVAT A EREHEEE - call
JiEG R TensorFlow HY tf.image.resize pREGRI ATREFHEEETEE A/ EEEE ILEHH
FATARIRE - i s (R BORE & o B BiaREE Ra ey RST » BRI A HHAY — 201
e & SRR R YRR K » A0 N E 13 B - BEREEAREL -

@tf. keras. utils. register keras_serializable()
eLayer (tf. keras. ayer) :
__init_ (self, target size, *¥kwargs):
super (Resizelayer, self). init (%*kwargs)
self. target size = target size

call (self, inputs):

return tf. image. resize(inputs, self.target size)

13 - BB B (HE—FEEEILEkED

2| SRFIRE R AR F B ELRY TensorFlow [ keras sK#E{THE(E » H numpy ~ Operating
System Interfaces F1 matplotlib t7. &€& F %] » TensorFlow &1 Google Brain G &$ry—1{F 554
REESINELD » 352 i F RS 3SR FIEN 2 5LR) > Keras & TensorFlow AYZi4% APL $2{t T
FERAEEL A B HURS ERIHIAR - numpy 3R AEFREG IS FIRETS (mask)
A (P B (5 S PRI R A (T AL IR - (B SHEISE B True 2( False - FIBIE
astype() BB True/False #%5 1/0 » SEREREFT & 4% S UM FESEAY AL - os (Operating
System Interfaces)  FRAPRESCARIBS (BRI » HEfRIE I AU BI G RIS HEARERE S
A EH T B S PRBS -
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load_images and masks(image folder, mask folder, image size):

images = []

masks = []

for filename in os. llxtdll(lmaqp folder)

if filename. endswith(”. jpg or fllnnamn endswith(”. png”) :

img path = os.path. join(image folder, filename)
img = load img(img path, target size=image size)
img = 1img to array(img) / 255.0

base filename = os.path. splitext(filename) [0]

mask path = os.path. join(mask folder, ilename # ' mask.png’ |
mask = load img(mask path, color_mode cale”, target_size
mask = img to array(mask) / 255.0

mask = (mask 0.5). astype (np. uint8)

images. append (img)

masks. append (mask)

return np. array(images), np.array (masks)

14 - [l e UR B (s — R BRI EkE)

SERHIIARIEHETT compile 2Rl > fRk T IEAIE Dropout &g » Ky 7 #E—b iRk > 3k
ME B FHEEHNLE patience % fy 5 > LA - FHNVBURERYD > IFIERSMER T e - %
% ~ FETHIRR RS SR A R B B = S RE SR R B (ALY 348 -

AT Z TR AAIER > AT SR & BR AR AIEE E By 1r=0.0001 > epoch=100 -
batch_size=16 - BIRLEEy 8:2 > (ERMEREIGIRFIRAREAVEING G - BT E 15 g
B RIHERENRER A (5 loss RERE M N2 ELFZH 83 epoch AT EEAT FeA8#{H &y 0.342
M ace ZAGAEE R 0.851  BEAERNGONE 2R - B N E 16 BURAYTEN 7> FIHIEEE
FAHEAFENE > B 7 sRAE o EIH th SimEm LS - S RER e D) B LR OKAE - IRIEEHE
TE AR KB (ERE IR -

Training and Validation Loss

= Training LOsS 0.88
\ Validation Loss

I
| A4y
v ! 1|

Training and Validation Accuracy

0.78
0.30 —— Training Accuracy
Validation Accuracy
o 20 40 60 80 o 20 40 60 80
Epoch Epoch

15 © AL acc #AI loss REF (HFE—IEEAGETLEE )
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Prediction
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16 © Sy EHARIFAGE R (HEE—(E M akE )

I~ EMEEREE

FIIE G BB, > [EIEEFY TensorFlow Ay keras » [E]{5 3k i 8) 75 22 ] (e R 4 ~
TERIRE AT R ~ B R TN A G EEER -

PP G pa HE B R R R B AN ~ BN S S AR E > — k(A numpy A1 os - ££
iEZ&RFF =5 (brown, white, health) [E/GBIRNEEETEOF - FEE  FTRUER - I0E>
tH 80%HYEHRIE Rodl ISREEAT 20%VBHRIF RllsdEE > FHICHIISRETTE] 7 10%(F Rbiagse -
HAI R S E Ry R B G PR o BERE - BIEAIREEAL S - A S 0 - HEERRZE 1
{EEEER/KRERIE 2 - 40 NE 17 For - ElEEE 208 B o
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brown_spots_labels = np.array([0] * len(brown_spots_images))

white spots labels = np.array([1] #* len(white spots images))
no_spots_labels = np.array([2] * len(no spots images))

images np. concatenate ( (brown spots images, white spots images, no spots images), axis=0)
labels np. concatenate ((brown_spots_labels, white_spots_labels, no_spots_labels), axis=0)

images images /

labels to_categorical (labels, num_classes=3)

indices = np.arange(len(images))
np. random. shuffle (indices)
images = images[indices]
labels = labels[indices]

from sklearn.model_selection import train_test_split
train images, test images, train labels, test labels = train test split(images, labels, test size=0.2)

train images, val images, train labels, val labels = train test split(train images, train labels, test size=0.1)

[l 17 © BB R B (RS —FEE R aE)

= B REEE (AR SR AR R B - MRt R ATRE - B E R
DenseNet121 FHASREAIAGEITEISEE - oG T HIFTEEREE - [ L EIISEE
SR MR EET R AR T = SRS e g - R R R - &

HFREAELL > &A1 matplotlib AIREEER > HTEl 18 HEY ace AT loss FREHERFE
SRR EIREE > WEE NE 19 cha Bt IS RV AL -

Accuracy Loss

1.000 4 0.06 1 — Train Loss
Validation Loss

0.998 4 0.05 1
0.996 004 ]
>
E 0.994 —— Train Accuracy @
g validation Accuracy g 0.034
ks
0.992
0.02
0.990 1
0.01 4
0.988 - K
‘ " T T : 0.00 4 . . . .
0 2 4 6 8 0 2 4 6 s
Epochs Epochs

18 A LA RIS ERESS R (5SS —F s aE])
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True: 1, Predicted: 1 True: 1, Predicted: 1 True: 1, Predicted: 1 True: 1, Predicted: 1 True: 0, Predicted: 0

' /

19 © GRS TAGE R (R —E M EkE )

N~ BRI S R

SERCTT BIETUAHIE TR - BPE Visual Studio 2020 BV EACHET TR S Kl
{EFHEY APT SEEHEARSE Flask » 5% H8R% 5 ARGk 4r AU AL EE s R mT (e AR SR AV =
BT E R a2 560y APK > 5 (EAERS St (5 0 - BAe bR T

IREES &APIIBE

b}
S

=B L4t Python #ll Flask

project/model/model.h5

project/app.py
HRIEE
project/requirements.tx
project/test
L model.h5 & HFREL
EFRE

I 2ERA

653 BB RL (85 LH 0 28 28
Rzl

g

AEUERIR A A X T

EBITAIE

fTEIRK apk ## TaHE

20 - BEROREE (FE—{FE&# M GitMind 45%0)
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R AEE T - JMTE LR EERH G EAIF RN - FHESS Python BRFZIE RNE
HIk == » 40 Flask ~ TensorFlow ~ NumPy %5 » 5% Flask APT #E4R - {F Rs{& 2 F iR =
A RGBSR FEORIGE SR - FEEARFE L Visual Studio 2020 J F ZERHSERET » B ERTIRELE I
ENSTE

7 APT #YBH S EHa AP AYBRLG » Jofl ] TensorFlow =X Keras SHHUDS A AYHAIEE -
PEEEFR AP U > (EHAEREZ A= LEREG: > IREFENEIR - S TE G A
AIRE - Dhee R BHEUEIRTE GO T RO e g ~ B LR - DARECREm AS U A AR 3R 1
> RHESEEGAR - R Hia AE e RAE G B EHYEPEAVIES (mask) » FHEHEE
HFUGEIRLE S - TR B SRR El G - (F Ry il e s A - fHRZ T - B G
A E IR BT 2% - A Rl A BEED o ey IE B - JERUR I TGS IR - BE% 2
RO RRAE R T » IRIRE G RIS REHA Ky JSON A& RIHLG AN - AUl RS R
ke EAS LB REE R -

10:12 wll 56 & 10:21 ol 56 &

KA

LAALE S %

&\{Z@)

& 22 © App FEHIGER (HE F&EEE)
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= BERE
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