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Epoch 1 20

10 10 [ 1 - 155 1s/step - loas: 3.9327 - acc: 0.0499 - val_loas: 5,5232 - val_acc: 0.0613
Epach 2 20

10 10 [ ] - 3 294ms/atep - loas: 3,5016 - acc: 0, 1187 - val_loss: 7.1849 - val_acc: 0.0882
Epoch 3 20

10010 [ ] - 39 329ma/step ~ loss: 3.0862 - occ: 0.1648 - vol_loss: 8.6394 - val_acc: 0.0809
Epoch 420

10,10 1 - 35 34Tws/step - loss: 2,6561 — occ: 0.2314 - val_loss: 10,2432 - val_acc: 0.0907
Epoch 5 20

1010 [ ] = 35 33lms/step - loss: 2.4108 - acc: 0.2788 - val_loss: 8.9433 - val_acc: 0.0880
Epoch 620

10710 ] = 45 356ms/step — loss: 2.0467 - acc: 0.3647 - vel_loss: 6.4456 - val_acc: 0.1593
Epoch 7 20

10°10 [ ] = 45 35lms/step — loss: 1.7387 - occ: 0.4452 - vol_loss: 6,3859 - val_acc: 0.1446
Epoch § 20

10/10 ] - 35 34Bms/step - loss: 1.5493 - acc: 0.5028 - val_loss: 5.4671 - val_acc: 0.2059
Epoch 9720

1010 [ ] = 45 354ms/step — loss: 1.3673 - occ: 0.5316 - val_loss: 5.5319 - val_ace: 0.2137
Epoch 10/20

10,10 [ ] - 33 333ms/step = loss: 1. 0962 = acc: 0.6415 - val_loss: 4.6930 - val_ace: 0.2623
Epoch 11/20

10,10 T ] - 45 350ms/step = loss: 0.9661 = acc: 0.6870 - val_loss: 4.3933 - val_acc: 0.3162
Epoch 12/20

1010 T ] - 3s 342ms/step = loss: 0. 7762 = acc: 0.7569 - val_loss: 4.5305 - val_acc: 0.3088
Epoch 13/20

10/10 [ ] = 3s 350ms/step - loss: 0.6023 - ncc: 0.8101 - val_loss: 3.9272 - val_acc: 0.3431
Epoch 14/20

1010 [ ] = 35 330ms/step — loss: 0.5423 - occ: 0.8203 - val_loss: 3.4937 - val_acc: 0.3897
Epoch 15720

10410 [ ] = 35 328ms/step - loss: 0.3840 - occ: 0.8784 - val_loss: 3.6174 - val_pce: 0.3946
Epoch 16720

10410 ] - 33 33Bms/step — loss: 0.3868 - acc: 0.8781 - val_loss: 3.0238 - val_acc: 0.4485
Epoch 17720

10410 [ ] - 35 344ms/step — loss: 0.3547 - acc: 0.8861 - val_loss: 3.1737 - val_acc: 0.4363
Epoch 18/20

10410 ] - 45 353ms/step - loss: 0.2760 - acc: 0.9054 - val_loss: 2.8368 - val_acc: 0.4310
Epoch 19 °20

1010 [ ] - 35 346ms/step — loss: 0.2576 - acc: 0.9178 - val_loss: 2.7349 - val_acc: 0.4383
Epoch 20720

1010 ] - 35 326ms/step - loss: 0.2117 = acc: 0.9384 - val_loss: 2.6844 - val_ace: 0.3833

6.7 Inception V1 #HE||4kLE R

BJ5 45—, Inception V1 3B X4 0 P 48 ) 38 BESR IR FH IR R, EEFHABIH A
—RUEATARTHBRERREEL EENAT, —RRXEHEREDNERERED BERN
HE.

6.2 ResNet

ResNet (Residual Neural Network) 2 B 3§ S e (12 BASE A SR I, X BIRIRRE T 2015
ERHBER SR B B BB EC. AUk, 7E ImageNet Detection. ImageNet Localization.
COCO Detection FLZMFEFHF, ZHA MR BLEE. BMIEBIEAFEEENIL, RH ResNet
MXECHEAFTRKIZIH. BFMB, ResNet it JLEEH THENI0HEFN SR EE = > SUR &
AR T, BMTXZEREZIEEZRRM TR ERT M.

(@© Ho, K., Zhang, X, Ren, 8., & Sun, J, (2015). Deep residual learning for image recognition.
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6.2.1 ResNet W&

FEVHAE ResNet MIZE 252 7T, SE/4H ResNet I EE S

1. ResNet B ES Ik

ResNet FZEEN —MEEBENEREE, CRETHREZEINEME. B 6.8 & ResNet f]
—MNREZIESR, ZRRAEEZNERE, ENMERENXNMREFEIEROMANLE X #
T (X)) B2, AR REMAE BB E N EREEEASEFHNEF, BELK (X0 +X
RS EVERAN, FERBIERENE, NTREIXMNRESIBRMBHER. U fO0) &
RERMHERMMAGRZ [MHEME, BRI, ResNet FIHIFAE £(X), FEk ResNet X
AU fETR 2 P 4%

TREFIER,

JX)

E 6.8 RiLXPNBERESRIRRAER

2. BREFIERHME

EARSRMENERNESEEMLE, E£F 8ARN, REHPEHFEFRRER. RES
A, FEE RSB R RE, FRBEMMETENS. ResNet EILRHERE
FMBME, £ CEELERTXANEE. BEEMAGRX “SHE” £REMH, B
BT HEANTENE, BIMNEREEEIMA. RMHARERS, B f(X), REEELES
i B R FIHERE

DA 6.9 R0, BAILR 19 2 VGG, FHEEZ 34 BHEEMREME, BRALE 34 BN
ResNet, R =Z X RI, ResNet SHALFHANMELEHWRANR A EFRE HFHHMAE
B EHENE, XM HR A shortouts, H— shortouts L P AIEE K R—MRE
FEHHR.

3. ResNet R E F#%RESE S ER

A 6.10 FT7R 4 ResNet M4 4510 & F M BMRESE B, AR BHA 3x3 BERME
BRE—REI—NBRES IR, HURUIx], 3x3. 1x] 3 NERMEREE—BIERN
—MNREEI BB, ResNet K#[R LUXFRE I BUERE—REIK . LBH H.AY ResNet
50 2. 101 M 152 B 3K 6.1 FUH T ResNet A7 2 Hi ™ 4% 4544
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64-d
O,
ReLU

H6.10 HWiMEEFIEHR

3364

®

256-d

ReLU

£6.1 RiEXPTREELA RosNet L4y

layer output
Y ; P 18-layer 34-layer 50—-layer 101-layer 152-layer
name size
convl | 112x112 7x7,64,stride2
3x3max pool,stride2
GODVZ_X 56x56 3x3,64 1%3 64 1x1,64 IXl)64 1x1,64
[3 3’64]x2 [3 3'64:|><3 3x3,64 |x3 3x3,64 |x3 3x3,64 [x3
e = 1x1,256 | 1x1,256 11,256
_ - _ " 1x1,128 1x1,128 7 M1x1,128
3x3,128 3x3,128
conv3 x | 28x28 X2 x4 | |3x3,128 |x4 3%3,128 [x4 3x3,128 [x8
= 3x3,128 3%3,128
= 5 = - 1x1,512 | 1x1,512 | |1x1,512
"33 2561 F3x3.256] 1x1,256 1x1,256 1x1,256
X k4
convd x | 14x14 5 3,255 x2 : 3’256 x6 | |3x3,256 [x6 | [3%3,256 [x23 | |3x3,256 x36
x b 4
SiEe R 1x1,1024 | 1x1,1024 1x1,1024
N . ” s 1x1,512 1x1,512 1x1,512
3x3,512 3x3,512
convs_x 7x7 e x2 w2 Kis x3 3%x3,512 |x3 3x3,512 |x3 3x3,512 |x3
LSS | BT 1x1,2048 | 1x1,2048 1x1,2048
1x1 average pool,1000-d fo,softmax
FLOPs 1.8%10° 3.6%10° 3.8x10° 7.6x10° 11.3x10°

4. ResNet RBLEHI¥RE
THELL 34 2 ResNet AFl, XK 6.1, TEMILMELEN.
(1) convl B, ZEMHA 64 M7x7 08B, BN 2, K224x224 KPREEEKRE



26z sasmpens (F) |

HFN112x112 ,

(2)conv2_x B. BEFETI KB REM, TKHI 2, FHEEH— P BLH 56x56 ;
RER 3 NMNREFEIER, §F—MERBEAFENBRELR, BHEEKPHIx3, 644N

(3) conv3 x Bo H4NMREEIERAM. HT conv2 3 M4 RR S56x56, H
WTE conv3_1| ME—BIRE, TERBSKAEN 2, W\TH convd 4 1% H 4% B EEE
28x 28,

(4) conv4 x JZ. H 6 MREFIWRAR. FH, 7 convd_| THRRE—ERERERS
KiA%h 2, MK convd 6 BRI BRI 14x 14 ,

(5) convs x . H 3 MREFIERER. FIE, 7E convs | HHKEEN 2, BER
H 7% 7 R E S

(6) BER—N2EER, HHI 10005725,

6.22 RO W=7 K[RR

1. BiREZSLE

AIRERL LA =2 BRIR S ResNet FIAUASEEL . $HEIR A7 A train #1 validation
BN . B SE# ImageDataGenerator & A BREP A 10 FKER, AEMA
TR 6-5 BT .

RELRA 6-5: EANKIBEFRTER

from matplotlib import pyplot as plt
from keras.preprocessing.image import ImageDataGenerator

IMSIZE=224
train_generator = ImageDataGenerator (rescale=1,/255).flow_from_directory(
'data_res/train',
target size=(IMSIZE, IMSIZE),
batch_size=100,
class_mode='categorical')

validation_generator = ImageDataGenerator(reacale=1./255).flow_from_dlrectory(
'./data_res/validation',
target_size=(IMSIZE, IMSIZE),
batch_size=100,
class_mode='categorical')

plt.figure()

fig,ax = plt.subplots(2,5)
fig.set_figheight (7)
fig.set_figwidth(15)
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ax=ax.flatten()

X, Y=next (train_generator)
for 1 in range(10): ax([i].imshow(X[i,:,:,:])

M4 RN

<Figure size 432x288 with 0 Axes>
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2. ResNet {73

H MBI E IS AU MR 44, BEmAm el 6-6 Bim.
REBTH 6-6: MBZREFIIRRZATHINE SN

from keras.layers import Input

from keras.layers import Activation, Conv2D, BatchNormalization,
add, MaxPooling2D

ResNet ftE3SLH

NB_CLASS=3

IM_WIDTH=224

IM_HEIGHT=224

inpt = Input(shape=(IM WIDTH, IM HEIGHT, 3))

x = Conv2D(64, (7,7), padding='same', strides=(2,2), activation='relu') (inpt)
X = BatchNormalization() (x)
x = MaxPooling2D(pool size=(3, 3), strides=(2, 2), padding='same') (x)

- Conv2D BYCREE | MEHE, SR 64 1 7x7 MBI BET same B, HKH 2,
Wi R B R ReLU, #TFRE BN B, RERMAE, K 3x3 MBRLIEIT same ik,
FKH 2. x0=x RAELUIH x BFE TR, ZEAARERMANGSN, TLMER X0,
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BETRIANG | MRESLIMSR, XER1x1, 3x3, 1x]1 3 MERMKERE—EIEN
—AREL IR, SYRRBHRE AR 6-7 Fis.
REBRGI6-7: HREFIIERNE

# —/~block

Conv2D(64, (1,1), padding='same', strides=(1,1), activation='relu') (x)
BatchNormalization () (x)

Conv2D(64, (3,3), padding='same', strides=(1,1), activation="relu') (x)
BatchNormalization () (x)

Conv2D (256, (1,1), padding='same', strides=(1,1), activation=None) (x)
BatchNormalization () (x)

b4

o uw wonon

H® oH M oM X

# THAWESH THRBN 64 WA B RBEHHH 256 MEH, ARLx0 Fox EHME, TUHThETE
*0 = Conv2D (256, (1,1),padding="'same', strides=(1,1),activation="relu') (x0)
x0 = BatchNormalization() (x0)

x = add([x,x0]) $ add EBAH x 2 —/  block ZER UM ERE A —R
x = Activation ('relu') (x) tRFZ EHERFM—AK relu
x0 = x

FEEEMR, ResNet HE—NMREETER, BE—IERERERERE, 0
activation=None. HFHEEF— B HEEZ 256, Ex0& 64 i, —HFEFEL—F, TE
HEAR, FEHEEEGEIINERS—. FTREM 256 MR N 1x1 KB BHERT x0 #1474
W, 2 add RESERINEEE, BIx=add(x,x0]), sRFZJ5HI%REM—K ReLU 38
B, XEERERT B | MRELSIMRMARLRE . ZEENT—MNRELSIERZ AT, AT
ERMHEAx FAx0YH, BIx0=x.

EN BB, RITMEB—NMEE 3 MREZL B ResNet, 2 4N 353 MREY
STRESAIEE 1 MER M, SR ER R,
§@ﬁﬂm% '
D RBARERG] 67, e 2 M 3AREF IR A, mamﬁ—+zEmem-

ZE I, ResNet FIM AT, FLLA model.summary HERBSHIRE. liﬁi)?ﬁi(
%, TERRAeR, XENRFAHISER, BEmAERs 6-8 FiR.

A F57M) 6-8: ResNet AN EBEMRT

from keras.models import Model

model = Model (inputs=inpt, outputs=x)
model. summary ()
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