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Abstract

In terms of power plants, the information displayed by various instruments reflects the
working status of different equipments. Therefore, it is necessary for staff to regularly
perform inspection tasks to ensure the normal operation of equipments. However, a lot of
manual labor is still needed to collect and input the data monitored by all kinds of
instruments in the actual application scenarios. This collection method is time-consuming
and laborious, which not only requires the staff to record data continuously, but also causes
certain data errors due to subjective differences of the personnel and effciency of data
collection. Moreover, the working environment of most instruments is very tough and
challenging, which makes it very difficult to perform data transmission and status
monitoring by manual operation. Therefore, to find a way to solve these problems and
carry out efficient and accurate automatic data collection for various instruments becomes
particularly important.

Generally speaking, the most commonly used instruments in power plants include
character instruments, pointer instruments and oil pressure gauges. In recent years, data
collection equipments and methods have increased day by day, and computer vision
technology has gradually matured. This article chose to use image processing and deep
learning related technologies to solve the automatic identification problems of the
above-mentioned instruments in power plants, including instrument positioning, instrument
classification and instrument representation number recognition.

Firstly, the three algorithms - Faster RCNN, SSD and YOLO — have been tested for
the instrument panel positioning. After experimental comparison, taking the average
accuracy precision(mAP) as the evaluation index, the Faster RNN algorithm has reached
more than 0.96, so it is selected as the target detection algorithm. Secondly, the four
classification algorithms - LeNet5, AlexNet, VGG and InceptionV4 have been tested for
instrument category judgment. After experimental comparison, The accuracy and recall
rate are the main evaluation indicators. The two indicators of the InceptionV4 algorithm
have reached more than 98%, so they are selected as the algorithm for category judgment.
Finally, the instrument number recognition involves two methods: the one is CRNN

algorithm for character instrument number recognition, after experimental comparison, the

accuracy of this method is 90% ; as for the pointer instrument and the oil pressure number
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recognition, this article thinks out of the mainstream method based on traditional image
processing, and proposes a sign recognition method based on convolutional neural network,
the main idea of this method is to use convolutional neural network for regression tasks.
The instrument picture and its indication are used as input for training, and the mean
square error function is used as the loss function, and experiments show that the accuracy
of the method reaches 99%. The method which reduces the dependence of traditional
image processing methods on the image quality of the meter, increases the accuracy of sign
recognition and has a universality for potential widespread application scenarios.
Experiments have proven that the methods selected and proposed in this thesis are
effective which realizes the automation of instrument positioning, category judgment and

indicator reading under the complex environment of power plants.

Keywords: pointer instrument, deep learning, image processing, object detection, image

classification
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A E— RS M T B . DIRRUE METE 4 0, & SRR = A
TEHSHHESE B AV 103, s+ Wi+ ARG 23 ATLABHIEAITE 4 AL g,
PR UK 2T LA B AL SRJR S BR h F ELBR A Hh 2 TP 22, LR
PR EACE ARG, ik B (02 R i R BOAIE A RO, 14555
o, R B R A,

T

a,= sigmoid(;v o )_c) (2-3)

output layer

input layer

hidden layer

B 2-2 AEEATZ K%
2.3 BRI 4%

RN A 2% DR R T ARG IR, HAE AR IR e A T AR 2 1) ik
g1, BB FS5H AR, ] LLUE R 98%MHERIZR .. (H2&, & SIERMmE M %%
RN, HER ST R TR, FENSRESCAZSHELZ, Rk
1000%1000 K/NAE R, HNZEHA 100 AMMETE, RFEUZAE 100 MHZ T,
FERT AR E T, X—ZNSHENEE 7 10! ZIUGE— =, mRAEZ
JEEEZE, BASHEMSTIEGE.

LA M 25(CNN, Convolutional Neural Network)F# H Bl D fig vk 13X A in) @,
FERON T 24 IR 2] B EE S AT R 1B T &,
PRSI, TR E A Z A A e R AT AE 1 b — B R & e iR oy
FHIE; REILE, BRI R —MCE, A0 7 i MEREE — MUE;
IR R T P> S .

BARMPEE W 28 2 =/ BIRE . WLEMAEL M m s b, BHE

10
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Hit ST K 2-3, A —KE v, R ARRS FEPREAT G ERE, 5
A

S (i,j)zzm zn I(m,n)K({i—m,j—n) (2-3)
By, WEIRZE EfmItes, WARAG, W ESITREH 55PN IX I,
X 5 R 5B B RIRE, —— X NSRS, #RAE 4SS S EAZ AT LR
PEAF P oAt B X AT AR, Rk i, B R R R X 5 [F— A4
GRZHAT G ERE, KRR EILZREE.

3 3 2 e

0 0 1 EElt Lo

3 1 2 B * 10 17 19

2 0 0 2 2 9 6 14

2 0 0 0 1 Kernel Output
Input

B 2-3 BAREAE
GARAE 2 J5 BB TR N RFERAE, T REE W] LAFR AL 2 (pooling) . i
WHERAERERR L, HArdiews e soRiil, Wi 2-4, H BB R PEAFE L
FIT I, G 2 5 R PR 42 8 T A0 /N i B oK B fian tE R AR N G &R
FfE, Mmmdt—2Rb 7T S50E.

Single depth slice
1 1 2 4

max pool with 2x2 filters
and stride 2 6 8

7 8
1 0 3 4
3 <k

5 6
3 2
1 2

y
B 2-4 bALiRAE

RSB AIER MM, B T ERAMACERIE AL, SR IBAF 2
FRLR A o B e o A E A 42 W 408 B {3 sigmoid pREUIE N EGE BAL (HE
sigmoid PREAEE R TETT IMIT I, BREEARAAR D, 2P BB EEH R IR - (AL,
G BT 1 relu pREUE N H FBOH s 8  HAE R2 T DURE R8I ZRIN R AR,
BN T W ER AR LR E AR BRI, B IEBRREVE k. &1 2-5 9 sigmoid BRHURT relu BRHHY
PRI

11
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G ReLU

| B(z) =max(0, z)

£

B 2-5 sigmoid & A= relu FHk

2.4 RE/NG

RERESG TR SRR FAS . SR ML SR R4 1 IR BT R
JEIGIL. A SRR e i IR 2 S BRI e X 2%, T i HL R B Oy B 22 o

12



PPN i e 2 IVA 08"

FI3FE B EREM

L) AR E A B CGR IR AR A 28 — AN EAY, AR S T T AT I A
fitte HHTAH) HEER, SRR MAY, SCAISH, KR ZR E AiE
T AR R BEAS o AR e A & T BIR AL 2 v H ekl 1 Ya s, 1648 B Aska il 1) 7732 3
BABMRULAS. SIFT &, XLEET7kBEMA —E MR, (B2 7S T ik BURHIE,
HE MRS, JEHR S22 E . HAl, BEERES BRI RENE, Bk
MEFWA TIRKK KR, 322 B2 W 2L St EKUE AL B 7 V5 0 T TR B
RRIE K H 2 HE HURFIE . 25T CNN 1 B ARA il &3 3 255 N AN 79 32 - two stage Fll one
stage. PN I FEEIX AN, two stage FLVE TR B4 ARIENE, R )5 B ATA 1%
X 3IE N 7 2R 481347 702K, 5 Faster R-CNN &Ly%; 1M one stage BIA AT £, @
b — AN AR LR X 25 g T DA B e A e e, 51 hn YOLO &g

3.1 Faster R—CNN ZA& 5 &/

YiAL Faster R-CNN g A3 AN AL R-CNN #5i#2. 2014 4, Ross Girshick 8 A#2H 1
— AR e R RE B E ARSI 5 T S0 R 2 AR R ST IR(R-CNN), AR U2 —
ANF KA B ARG AN S A BRI AR 4% . R-CNNMIELE (48 B R 2 L i 2
[ L 1.4£ Pascal VOC 2012 %4 £ R O8 4 H bRkl 150 1iF 48 A% mAP #2713
53.3%, AN T Z BB iF f 45 RAETH 7 HEHE 30%; 2. R-CNN IEH] 1 AT UK 22 o] 25
B AE B R )b SR B X s, XA AT BABEAT H AR 7 KA H bR E AL 3.R-CNN
H AT R — R, Bk Z R HIFRE AR, EEAATAT 7 VA2 BT M 4 X 4%
HIIER 7 ), K AR HA R B B I ZRid Ja B 2 I 2%, IR e A8 /N FASE AR5 R Bt
FE AT fine-tune A

R-CNN FZ AN, il 3-1, N —5k B, A8 Ak 1% 44 2 (Selective Search) ]
MG AE B 2000 AN 22 A5 I IX 38 18 HE (region proposol), & -4k — AN [X 3k fiz 1 HE A FH
CNN ZEATHRAESEHL, JRAHGHFE. & MHLE8 57 21 70 R0 SVM X I #1482 5
AR BB E X I AT 738, 13 B H ARG, B a5 — > [l VA SR092 X0 Ak ok X3 g 414
PREEAT 8 IEBE T 15 2 B 24 H3 SR . b, PEAFAESRET B, R-CNN i 1 —> 4096
HERVREE I &, SRS AlexNet, {H/ZIEIT Selective Search 7= A2 [ X I8 fiz e AHE K/
A, AT 5 AlexNet #7, R-CNN g#fil] XIS HE KN Ty 227%227 IR .

13
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.........................

region | 5 CNN
‘ proposal ana classifier

B 3-1 R-CNN %5454y

FEMIART B, R-CNN EREGK Iy BRI 2000 Mgk Xk, SR 5 R 6 M ik
X AT RSP A B A e, IR &2 I 28 DLSEIURAAE, SRJE FH SVM 24T 28 118
Al FEPE A E . IR 2000 Ay, BT LUE 2Rk X IR AR E S . B EEANR,
WA ToU 4845, KEGEERORTESIR], LU & 0 B XSO 26Al, 5 B IR LG B 5
ArE X, Hr, ToU NAZIFEE, 2 TR E SGHE 2 18] (1) 51 8 XI5 IR 4R X
EAE

RE R-CNN F i ZI0FH, (H2WARAE—L8kEE, wlanilgen A2 e, B55%

FW IZRFERT, R AR MR g, AR X g A 75 2 AT B A
CNN 115 SVM Al 2 5 #4E, R R T CNN RHIERA 1 5 >) F S .

AT R R-CNN 6 5, Ross Girshick £ A X H2H T Fast R-CNN, Jii4 8 3,
B NIEAR ) R-CNN. 418 3-2, Fast R-CNNM %5 R-CNN ok (3t 7 3 2 2 A
Fl CNN e A BRI ATRAE B 92, SR 51 Selective Search HI2E IX LERHE [&]
AR RUEIERE . B4, Fast R-CNN 1] VGG16 M5 H=W=7 (24, HlR—A
X 3B AE 73 FI R H*W RN IR 2%, SR S5 443X A DX I fige e A S 3 de 5 — B R =
i R RFAE B, R RRAE AR T e RN RST, SRR IR N B A R AT B AR 3 2
f e AR R [l M 1E o 4 [V ZR I 28 — A2 I 2k, BE— 2RI B — AN [ 2§, [F]
I3 softmax AU R ) SVM 1E 72685, AT B A4 b yaksb 1 oH B B AN AL BRI 1]
R T HE R

14
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e

i classes
region | . FC —> :
| proposal |19 LR

. T Rol FC

.................... pooling Layers
image >  CNN —> feature maps -———» |
: i :  boundary box :
4= i (regressor)

B 3-2 Fast R—CNN [ % 25 4

F 4R Fast R-CNN A% T R-CNN fE# 5 BA TR KRSt (HR7E R R X
WX —#4E L, Fast R-CNN it f# FH 1 Selective Search 771k, 1%7144E CPU Lz
ATAEHFERS o N 73— P FHEE, Shaoqing Ren,Kaiming He %5 A 7E 2015 4E$¢H 1
Faster R-CNN %77k, W1 3-3, Faster R-CNNMWIRE AR ZE ¥ ] LA 32 EH W 5643 24 A%
— /7 7& RPN %% (Region Proposal Network,RPN), 55 —#43 18 & Fast R-CNN X %%
HEZZ . Faster R-CNN A% F R-CNN Al Fast R-CNN ¢ K BUHT st 2 18 ] RPN 9 4%
AR X I IEAE, RPN 7E AR B X S AR R 56 5y, H DAREK EUE 10 Z 03

JEIEAT .

REEiL
Fast R-CNN&4& : —
v
EEseE A #ELBE BEERE 53 ROIBULE |—» 2iEE
3
bboxEV3

$EE

l K2y —
RPN P4 I srE/ - {

2EREE 2ERER

X\

& 3-3 Faster R—CNN M #4544

RPN fEZ TAEHLFEE, # Faster R-CNN FIAJEASAE R SN, M 3%3 K
/NIERIZAE IR SERFAE ] BT B, 519 31— AN BIEECH 256 FIRHER, %
19 BIHRHE BIE AN RIS R Z, —/MIBIRSEGE =0 2 Mord, 7— M350 4
ANAERR, 1K 4 AR R T R E P m S &

15
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: . / 7
98 256 channels | | 384 channels | 384 channels 1x1 256 -'
foot T

channels

/1 ) » FC 2k objectness (cls)

,I ki

S axafier

) 3-4 RPN R %254

XFRHEE R R — M E, RPN 2 k RIT. Kk, RPN ¥l 4xk 4
AFR ML E | 2xk MF5r. B 3-5 R T 8x8 HRHIER], HA—1 3x3 1%
MEHATIES, Cifaiml 8x8x3 4~ ROI (i k=3) . Kl 3-5 (H) @R T HAp
LB 3 AL X I

- - - - - . - .

- - - - - - - -

= - - - - - e = k=3

s lm | ol ] = =1

- - - - - - - -

- - - - - - @ -

- - - - - - - -

- - - - - - - - 8x8x3 Rols
8 x 8 feature maps 3 proposals for each location

B 3-5 8*8 #y4F iR

Faster R-CNN ¥l — 48 5 72 B4 N S S B R R, Z0a4
AL EHEAT k AT, SR ETLE kDR X SRR DBk,
I EATR ZHER, B BA AR LA 58 & LE U BLSE H bk . Faster R-CNN #i% 9
AN AHE, &l 3-6, 3 DMANFETE R LI 3 AN /NI B R . M B 9
AN B E AR 2%9 AN H AR BN 4%9 AN ARER, SRS IEAN 7R K AR AN a3 15
BANLI HARAI B IEAE o

16
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2k scores | { 4k coordinates ] Ret———1 k& anchor boxes

cils layer \ ’ reg layer

| 256-d |
intermediate layer

t
e

sliding window

conv feature map

B 3-6 .84 R AR
3.2 YOLO %4 JF 78 {5

Faster R-CNN & #L [] two stages 532, HAHH RPN WX 2% Ja 75 G A A s X 33
IEHE, SR 57X LR IEHE Il ZRorias . fER R )E, Z/aRAAEERRkgG4nb
QPRI FAE, JHBREEAI, JRET IR R A RE R E A, O P IR
HRFFE ISR, X FEUEREREIET Z49F Kl IS 2 51E.

# T IIt, Joseph Redmon,Santosh Divvala,ROSS Girshick 25 A#&H 7 —Fl one stage
%L, YOLO(You Only Look Once). M1/ 3-7, ¥{kKFE, YOLOMOIR ) ¥ % M %
FEANTE BT A R X A AE , 177 A e A vk B o0 B Rl 2 A [ e RN B, R
X EEHE T F— > CNN W28 BLR2R H AR R A5 B AE S 1E 55 1) @ — PR e . o 7%
F 2= LGB R RS B @ oK/, 2 448*%488 R/ 2.8 CNN M 4%
X BEATRHE SR, BETAS 2 H bR AHEALAR S B 3 R ARSI OIS LI 75
PG 45 R . YOLO & #7Y [1) one stage i #l|um (0 50k, HEEE R,

1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

B 3-7 YOLO W% i#nA2 R

U 3-8, YOLO KH CNN REEHURFE, SRJ5 AR ZRE R WE, B4
ML AE 24 DNERRM 2 DEIERZ, W TERZ EEMH 1*1 BRI EIE L,
SRJEBER 3%3 B BARUREEN: ek A B R DA E (K RS )23 il AN N T i
B AINITRHEVE AL AR N A BEATA I, G [ 1RSSO 448*448*3, el —
RIVERBEZ )G, BRI LEE Y-

S*S*(B*5+C) 1)

17
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Hr, SAERE BRI ks8, B RN TRAAENZ DA Hisk, C AR
KE P BEIFZ DN BN E B A XKIRIERE, PN+
CE NI S I HE oty , B ORYE LR B B 3 e R4S SR I HEA s = AR5
A X IR EAE A 2 — A5 HXS B 73, 21570 23R IZ AN T # N2 A K i)
R LA B e AL I HERATE P(object)* ToU ey, FEAN /N7 Hs 250 S BEA B v o i A7 26501
B CAMRME, REE W &AM RE I B3R & 08 8o 8 B Ak 25
P(Class | object) Jif. 7] LAFFINTZ /N T HE NG VDR B 2 AR I — 897

o
A
g
P
|- N\
s 2| =
I
2
=
3 T £ R
yor  Conv. Layers o
92 6
layer  3x3x256
»2 1x1x256
3x3x512 3
Max;

Conv. Lo Com. Lo
TaTxbds 3xdx]
Maoxpool Loyer  Maxpool
2x242 2x2+

E 3-8 YOLO MM E

3.3 SSD A 5 7 faj 4

YOLO HEAR LA v 3 HOEFE R, (H AT MRS FE H AU two stage FiE, JLHE
oL 2 £ (] U 2 R A FR 8 o N T TR BRAE SR RS BE AT S, Wei Liu 58 A $2
H 7 — 811 one stage 5%, SSD(Single Shot MultiBox Detector)*7),

SSD 1 3= Z2A% O ARy, A B FH T2 3R T B0 /N5 AR R 2 SR TR0 2] 5 (1) BR 32
FHRE ISR AT 3 FIAE AL ;. AN [F] R R AR A B A pRodAs A [] RO i 2, I3
ok A LI X T s RO AEAR 0 R AN MR, IR ST Ikt AT S ] B0 ) i
o YIS ERE B, AN HE— 42 T 2 5 0 2 2 TR] R LA o

a1k 3-9, SSD i & AR A NG VGGL6 HyZEfl, 7EULEAL AN IN T
BAREAE O N AT RAESE I . RSN, BN —ik 300%300 K/NHIE Fr, ¥
FLRN BTN GR A 1R 53 28 W0 28 Hh R FRAFAN [F] R/ RFE B, K VGG16 25 Hh ()5
NEEREENE LR EEENESEREEHRINERZE . DERRES 7TEBHEN
i, 2B HTA ) Dropout EAEE 8 B, W5 TAMBALE B 1 OR/NFIE AR H#
B 3*¥3 K/ KA 1; 3B Conv4 3.Conv7.Conv8 2.Conv9 2.Convl0 2.Convll 2
JEHIRFE B, AR5 73 AR LSRR B E T A — A s 6 AN R RO K/ i 7t
HE, SRJGr AT R A 4328, A2 AN FAE s W AN IR AR AIE B s B )3 A 45 6 kD

18
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K, e AR 7 iR R A — FR ) B BE A LR AL FAE, A R A& 10 SR
A (RIS ).

#defboxes j

#def boxes: 4 #defboxes:6

Detector Detector Detector Detector Detector Detector
#detections 5776 & 2166 & 600 & 150 & 38 & 4 8
per class: (38'38%4) | classifier1 | (19719°6)| classifier2 | (1010°8)| classifiera (5"5"6)| classifierd (33"4), ifier5 | (1°1°4)
#detections per * * + +

class over all:

g A AN NN

Fast Non-Maximum Suppression (Fast NMS)

Final detections

B 3-9 SSD M %L H B
3. 4 URAT I EIR LY 7 #r

FEFETIRBE % S DGR A B SE IR, SRS DA GPU 45 8¥ Linux R 55 #4F N SLEs
W Fa, HEBEGTHERBEN4 I 126B 24, HHEN36M
NVIDIA-GTX-Titan-XP %45 ] GPU, &+ CUDA Al cuDNN [ 2 THHEHES .
TensorFlow HEZ42H () H Al API 34T Faster R-CNN. YOLO. SSD HFykfsZH.

H T EII R E TR XACRARA 2R, o, Prgm 245 B4
TR BETRE, 1B ORI EBUE LA, X3RN TE 22 R AR R 5
SRR K. FTLL, FRAMESCIS = | O 7 — R 6, AR PR
WRHAT 2R ZAE. 20T IEGCRSE, WK 3-10, PIFFEEH R ERE
4353 H 0~1 A1 0~0.4.

19
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B 3-10 £ 3FREHKAXBER K =5

AP B R A S TURAGR, LA 3480 7K IE T, &K IE A #52 LLE R+ 5 fir
o BERFAN DB, PIRAFEERERRE AR, BEOY 0~1 M1 0~0.4, PSR
AACREA 1240 5RE s PR BCERATH R R I 1000 5K 7,18 3-11 5 /G A
PR N ISP

B 3-11 F AUk Ao id & & 19

FAME A labelimg #AF %) & 5K B - bs 12 HE (ground truth) 15 21 4H M K 1) xml
A, xml SCHFEGEFE TR E R BT RSP DCERHEAFRE(E B B IX e R K]
S AURE R xml SCAF % B 8:2 F1 9:1 B A AN [8] () EL A 20 9 I SR AR A K 4R, H
creat_pascal tf record.py Jl A< 5 Il £ 52 A1 3R 52 8% e % % B I tfirecord K% 3 ) SC
4 :train.record A test.record, [FIHT, K xml ST 4% ¥ i txt 4% Xm0 SC 4, 9N
trainlmagePath.txt F vallmagePath.txt, %8 YOLO BikM#E®S . K5, EL—)
labellist.pbtxt 3, XS T ARBBRMNKERF SMEFEE, ¥
laebellist.pbtxt. train.record. test.record =LA Data LR . 2k, FidaiE
R

B Nk NPT A AR EIL AR RS, ASCHT I Faster R-CNN A1 SSD
Moo ¥ M B B s fF N faster renn inceptionV2 coco.config
ssd_inceptionV2_coco.config. Ff config 34 A FIEHEAS B . FALI Zith bt 545 B ARYE
FATH CHIB I AN B, I BAME IR R Th e, BT IIZRIRATH SRR

20
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B, K5, {8 H] TensorFlow Hpnt&ill APT H [ train.py SCAFFEAT ARSI, YIZRIEAR
AR 50000 IR, A INGREF BTN B model SCAFH . BEASIIZREE W5, {84 API
H ] eval.py SCHF R B BEAT P

i/ YOLO SiEHEATIIZRINIRAE Y, T YOLO BRI, #£ “Image” Sk
TAERU A BB R FEAS, AFE USR5 s A ES TR, @57 “ XML SR AE A “Image”
IR RSO, SO B B R B xml XX, 285, BER YOLO B AL (1) #H B
config 3L, 755 Bl FRAL; T ETIIZR A cfg/darknet19 448.conv.23, i {E darknet
SCAEF s fE darknet SUPF MIEATIIZRE S, IIZRIEARIRELN 50000 K, BERLUIZRLS
B AT ML VAL HE 2 AT ALY DA

FEASCACGRAT I S50 v, A8 135 HE R 2 35 (8 (m AP/ A R A I ASE 2 YR A A 1)
PR FETR . K 3-1 N=FEERRIE IR R, 256 KE, Faster R-CNN [ R5UR 2 i
T B, WAEACGR A IR 50 3 FRAT T B 243 4% T Faster R-CNN BEOAAR I 52 . & 3-12
29 Faster R-CNN SyE [ 25 S B 7= 11

k31 =M ke nhaE R

Train Set Faster R-CNN SSD YOLO
mAP 8: 2 0.96 0.90 0.84
mAP 9: 1 0.99 0.93 0.89

=

B 3-12 i8R

3.5 KRB/

A T AT ACRAS I BT 7 v N S 86 45 B . TR A T AT R H A
ME7%: Faster R-CNN. YOLO. SSD fZEAJRIEE, FA4 1 AHISLL0 1 BARRAE,

21
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Sr T NEVEAY, T mAP fENIE TR bR . L SCERXTEE, Faster R-CNN &%
FEACRAS I 28 R fe i, AR I RS AT 1 A [ B A EBIR 21 1 95% LA 1R
R, WAEALRANIX —5B 5> Hhi%k$E T Faster R-CNN 1E AR, NG SR RS
G ACERREOR RS T OCEER

22
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B 45 B LFREHR7

AR AR VA BEAR SR T 2R 20, RSl TR B 2 2] B AR 22 f 4%
[t 4 gL, X Faster R-CNN SRR EN 2 Jm, MR AL AR 19 DY A2 b it
1T RIS BRI ACR B R #EAT RS o

4.1 LeNet-5 H A& FH &/

LeNet-5[412 Yann LeCun 7£ 1998 “F¥% i1 H T F 587 2 A KGR & M 4,
AR R 2 RAT R A e SRR S E T F S HF 1, 2 RIS N 4
A REERRE RS2

nl 4-1, R LeNet-5 BRI 25 g5 M LU AT 8, (HOR B /E A RIS 214
MR T IR A A, BHZE, WLE, &EEE. o DIUZ M4 2 H AR
ORI R . LeNet=5 R THINZ 24, H2F 7 2, HAF Cl. C3. C5 2 BHE,
S2. S4 ZifbE, F6 iz,

BAGPE N, C1EXNEGHHTE — R EREHE, A 6 MK/ 5*5 IERK,
53] 6 K/ 28*28 4L I (feature maps); S2 JZ/&X) C1 JZ45 3 B RFIE B E FH &
KU AT T RAFE, WALKI RS 2%2, 193] 6 4> 28%28 HRFEEIASHL | 14*14 [1)FF
fER, ek E g b B Y FIR R R T ARG R C3ER—NMGHE, B Cl EH
A, AFRFZE C3 BRI ALY S2 B2 AMHEEEMIE, RaRAZ PR
& b ERIRHEEM AR A S, C3EMH 10 4 5%5 BRI, XA S2 E53]
[RIRHAE B AT R ikie HAT 2 16 4> 10*10 FURHIE & S4 2 i AL 2, T T OR/MER IR 2%2,
C3 EHRRFEE L btk )53 3] 16 A 5%5 FUSAER; C5 2 120 4 5%5 145
FUZXT S4 E15 8 IRHEE BT BARME, BT BB - RS —F, bl
FUETE I RHAE B RN 9 1415 F6 JZAHH 84 M4ty C5 JE 45 3 I RHIE AT
EER, BN RSHEZEN 10 MR T 2%, 10 MIZITRETF 55T
0-9 1X 10 MK, BT H R4 R
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C3: f. maps 16@10x10
C1: feature maps S4: . maps 16@5x5

INPUT 6@26x28 e ey
: f. map: : layer -
6@14x14 I r r 7 %a layer O&)JTPUT

e

Full conrllection | Gaussian connections

Convolutions Subsampling Convolutions ~ Subsampling Full connection

K 4-1 LeNet5 M4 %

LeNet-5 & 5K CNN (YIS, 12 /28 UE B AN 75 22 LL VR i FRAL 330 T LAS
B R IR 2 A5 B AR B e B . SR, T Ik 2 OB SR, i
BT RE T HERA B, LeNet-5 % T+ 52 % [n] R AL 2 285 SR A AR

4.2 AlexNet EAFH BN

2B SLMERE ORI, BAR LeNet-5 78 BUE 0 S BUE T &I ks, =
RIFRESIRIBZHRE. BT 2012 4F, Alex 25 AR H Y AlexNet M%%7F ImageNet
KFEFLUEEEE ARG, BRHE WL T R IRE = S EH G T2 %
o

AlexNetl 1) X 45 45 Ky 7 544K 55 LeNet-5 MLl — 3 ¥ N N K& G HEAT B
WAk RGBT A ER . HERAMEERZT EESAARE, "L AlexNet
L LeNet-5 8 N E 24 . AlexNet 34 60 million NS EAI 65000 ML TT, HAHIH
HZ i 1000 M. Br T A BIRNGIREZ 4, AlexNet fH T2 BIER)Z,
#4507 Dropout 7= AN E i 38 5 1) F- BORINHE LG, 8 Relu bR 207 9 I0E R 4L
WG T sigmoid BREIE B IRIRR FEVE R B ), 8 PR ER GPU RIS o145, ROR$E S T
EH MR

W 4-2, AlexNet W% —HL&H 8 ZML, WIEHEGHZM 3 E&EEE.
AN N RSN 224%224%3, 25k 82 CLIN, H 96 AN 11%11*3 3%
B, CDUPKA 4, AEBDER J7EN B R AT EREE, P GPU 4 5liHH 48
NG, 15 FRFE B4R N 55%55%96, SRIGME 3*3 (R L, HK AN 2 X155
RV I HEAT VAR AR, H D 27%27%96 (RIARAEIE, SRS k=2, n=5, o=1()"»
B=0.75 AT IR —4k, iy th R B R 27427496, K4t o AP, B RR
/INR27*27*48; GLBARE C2 I, AP, FE4H 128 /> 5%5%48 MBI, 1H%
AN 2, BEN 1K CL R PSFE E AT SR, ARSI R E RN
27%27%128, ARJEXFELHEAT, DL 3*3 IE I, SK N 2 i IbEEAE, froh 13*13*256,
i RS A C1JZAH 8] ) JR A — A e A, I th P 2L, Bk 4H I R/ Ry 13%13%128;
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L HEZ C3 I, ZEHH 384 A 3*3%256 BT _EJZH (R BT Lk
GIHAN 1, BN 1 EREE, BRKREERRNER 13%13*%384; St G )E
C4 B, ¥ LEHIHGRE S AMA, AR N 13*13%192, AR5 2 4,
DL 128 A 3%3*192 BB, WEIEA N 1, SKN 1 XN HHETEREME, BT
ITRA3*3 % 1, PN 2 BN ERAE, SRINRHEEDY 6%6%256; &l & iE#: )=
FC6 BF, A AN _F 24t e B — BN RUL, 3 4096 A, SHEAE B ——Xf
NARTE, SEIFEFERA 1%1%4096, Bl 4096 ML T, SRJ5H A Dropout T-EL, [H
WU St Lot 28 0 B W I 0 s ad 2% 422 FCT B, %2R FCe 4
AAHE, [ 4096 ML TUIT A ERE, [FIFERH Drop B, 1531 4096 M,
H 5% HZ 8 1000 ML TTHHIE, &AAFE] 1000 M

7
dense dense

128

2
27
E | I 1000
192 192 128 Max
Max 128 Max pooling
pooling pooling

2048 2048

B 4-2 AlexNet W% £# K

4.3 VGG-16 FA FHHH i

VGGNet #&7E M\ AlexNet 28 B fili B ETMK. VGGNetSOHl AlexNet (AN [A] 2
Wb BR T IR B AlexNet IR Z 4, VGG 7 K&EM 3*3 RFHERZE#H T
AlexNet I, 3*3 BRZEREEZE L. At EARNS/NERZE R
VGGNet H4E ZH0 0 N T VGG-16 M1 VGG-19 FiFh 45 R i /0 28 , HRCR AR 47, 76 2014
FERY ILSVRC HFEH, VGG 7E Top-5 FEUS T 92.3%H IR,

VGG Z R A5 AR 48 I 26 7E H& URFAE 8 £ 3SR R BRBCR 584, il n
AlexNet F1] 11%11 K/ANPIERIZ,  BIRGE L B RK/MRERSE U FHAEAE 2 A 5
%, HZRIN A7, R SEERM. XA RS, VGG M 5K
RIEIHT R Z A 3x3 KAMNERZATAHE, HUMREBE R RS IERZ . 2544
T H 34 3x3 MBERIZ KRG IRTE 2UE F 0 BN BSZ B KNS —A 7x7 BRI 2
BZEF RN — M. Hi2, SHENRE TIE—%(3*3*3=27, 7*7=49).

WK 4-3, VGG MERIEERZ KNG ZE H AR, 774 A, A-LRN,
B, C, D, E X NFhAIEZEH S 45 #)(ConvNet Configuration), 4" D, E a2 AA]
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HULH VGG-16 F1 VGG-19. Bl & —F 2 HAHN 1 BAARCE, Fln, Ed D 5z
VGG-16 T K H 45K, VGG-16 34 13 4~ % 12 (Convolutional Layer), 4 5l Fi
conv3-XXX 7R, 3 N4 i%EHZ (Full connected Layer), 437 FC-XXX £IR, 5 Mtk
16 JZ (Pool Layer), 73 7l | maxpool &7, HAPGBHEM2ERZE L ARERL, Ktk
WA ER, S8 HE A 13+3=16, X VGG-16 FIRKIE. (WALZEAW LAE,
Bt A B TR EE, A%

ConvNet Configuration
A A-LRN B C D E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
| LRN | conv3-64 conv3-64 | conv3-64 conv3-64

maxpool
conv3-128 conv3-128 conv3-128 conv3-128 conv3-128 conv3-128
| | conv3-128 conv3-128 | conv3-128 conv3-128

maxpool
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
conv3-256 conv3-256 conv3-256 conv3-256 conv3-256 conv3-256
convl-256 conv3-256 conv3-256
conv3-256

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
convl-512 conv3-512 conv3-512
conv3-512

maxpool
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
conv3-512 conv3-512 conv3-512 conv3-512 conv3-512 conv3-512
convl-512 conv3-512 conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

B 4-3 VGG R4 R

VGG-16 R ril2fai i, By BREBERAMFERERZSH, BR
JE¥ZRIRN conv3-XXX, HH conv3 BEHIZERE R ERZ T2 3, 3*%3 2R
INRBRRE RS, 6 HMSECP KN 1, MEGIETA same), IXFEFLREWE L1535 —
MNERESA— ZRFHEFE M EAE, XXX ARESEHZEER, WEERZIE
&2 W ZBER M FE L E S48, B8 242 W H B BE TSR ZEELz
HE S (Stack) K 77 A A, AR 20 I BRI 28 S5k . 2, VGG B AT DA%
$54: Small filters, Deeper networks.

£ VGG-16 MEEA g b, B R ANBAL)E 7] BRI 23 AN [F] (R B (Block), A input
H46 %) maxpool —3L4H 5 4> Block, MHT 25K X% 5 A Blockl~Block5. %f—~Hk
WA &L TERZEM—Mbib)Z. B0, Blockd 5 3 NMEJZE, conv3-512, 14
WAk )=, maxpool. JFH[FE—H)y, HZHEEBGEMER, F1, Block2 &
2GR, BN ERER conv3-128 RoR, RGNy 3*3%3, IEEHALZ 128;
Block3 H 6,7 3 MR, BNERUEH conv3-256 £on, RIGRL N 343%256, 18
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EHH R 256, VGG-16 M NG 52 224%224%3, BRI EER K 64—128—256
—512, EMGERmEE, KK 224—112—>56—>28—28—14—7,

R VGG Mg, MR T/ MRS IARE KRS B, HEHS
HEMKARZ AN . XS OFEEPZNEMIERENE, X FEOIZRE 2R
K, ASHEER, TEAFAERER, ARTHE.

4.4 GoogleNet ZZ & H f&j 4

GoogLeNet(Inception V157 B HIELAE ILSVRC 2014 ¥ L 3§ Inception V1 LA
6.67% M R ZE 51T [ jd % - Inception V1 FHF Rl 241 1 #H & 2% B THE 2 M 245
=, ZMN%RA 500 TS EE, a2 AlexNet 11255~ 6000 /7 . Inception
V1 —3£F 22 /2, W VGG Net K. Inception Z LA | FHMESH =, 2K N,
ZHE )G 05K RS TE SR S AN U B[R] IGO0, T 0 R Y FE A A ) R U
Inception V1 RURIFH FE R Ay 55—, M T —4E6RE 7T 2EREZ, ik
FEARYE R e/ T 2 ERE . HER T aEEE B E R, 5,
Inception V1 5 KHIB)H x5t &5 11 T Inception Module, FHAEH 2 m SR H
#, Inception Module 32t & K45 H (1 — AN /N 2%, 18 5 e B #E B Inception Module
RIC LK%

K] 4-4 & —> Inception Module, BEH T 4 Mrsd, F—Ma>X2— N 1*1 1
LR, HAEH R miEH LS BAHER e, s IRIERE ST, [N IE AT LU 4
O TE AT THAER R YE; B A SR T A 1B, AR EERE T
3*3 WA, M T T T PRIRFEAS #E s 58 = 00 SN S5 5 258 A0 3R L, R
NG 3%3 HIABRRH A 7R R 5%5 NGB R &le — s, 2
JeiEAT 3*3 ORI, R 11 EIR. &5, B REHREER B EE -
W VAN 73 SR 5 R AT & I

£ Inception Module H, 1*1 BRI LLEIRE, 3*3 A1 5*5 KGR LLBIFHAK. 78
A 250, HEE T 2 Inception Module, H 172 i #2 2 5 & [ 14 S RFE  Inception
V1 —3EH 22 )7, B TRE-Z0%H, KAy g RO R AR g . Bril, £
Inception Net F, 8§ A 1 4 B> 2875 15 (auxiliary classifiers), B A [a] 5 — 2 1) %
FES2E, IR — DB/ (0.3)IN B 24 173 R4 R, M T 7B RS,
AT SR 25 P £ G T 1 7 [ AL R RR A 5

Inception Net {35 V1~V4, Inception V252U % 7 VGG Net [ AR, 1 4> 3*3
FIERRRACE 5%5 1I4EFH . Batch Normalization(BN)/Z i 3 ZA4E H & S 501 1E 4L,
Tt T SRR EEAZ ALRE 7, BN ZHIAR H S — M — ML)z, AT
X LPN JZ. Inception V3B T InceptionV2 A i 5 H I dk, H—=5I N T KK
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AT RN ER, Wk 747 BIBARYR R 127 F1 7*1 151, B 17 AT BLaskb
S A, BT DB R ) UG, [FIREIE 0 1 — 2 AR Y AR R A e
XAPAER R G ARG K 77, FLE R BN R 70 9 LA RN SRR RCR BE 47, AT B
MR Z . BHEE T EEE; %, Inception V3 Hift T Inception Moudle H£5 14,
5T 35%35. 17*17 A1 8*8 =Fh&E#). Inception VABUFHXS T Inception V3 FH LA
TR ResNet.

Filter
concatenation

W

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

)

L)

1x1 convolutions

4

3x3 max pooling

Qﬁms
— __—— "

Previous layer

B 4-4 Inception Module & #)
4.5 PURFIHIRA LR 7B

BCRIEHNR BRI BARFIERAE R — 20, WM R —2, Wi
4-5 o, ACRSIRB FERAEN: AR ECRE N 2 R BRI G, BN
FINGREF BRI 72 M 2%, i O HAR AR I . [ 4-4 24 H] Faster R-CNN
SENLZ e, AR 2 AL B BT 2 IR 13 2 R A

K 4-4 Bk BRI 3K
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0-135 4t &

0-0.435 4+ &

CNN 25 25 9] 2% ——
7 F LA

/NN

IR &
B 4-5 NE»EALE

AR ISR SL 56 & 3T Tensorflow. Keras fEZ2, 484 | VUFIZ # G FIHE 4y
KL%, 739N LeNet5. AlexNet. VGG-16 Net. InceptionV4. U2 FR, 3840
KA LD 6:4. 7:3. 8:2 =F bl NIRRT ISR, INZREARA 100 A
epoch(I %A %) . FI TP. FP. FN. ACC. RECALL. F1 A/MEARE AR /2255
RUFIRTEFR, Hh, TP NEIEWH|. FP NIEH. FN A, ACC NHERHZH.
RECALL N& A%, F1 N ACC #1 RECALL HiAAIEFE .

acc=—1F (4-1)
TP + FP
RECALL =— 1T (4-2)
TP+ FN

K 4-1 NIUME I RINES, (E=FhLL@If I SR ERIEEE T FHER 2, LR

H, WIS ERE. S4&E. HERRERE, &% InceptionV4 FIEMR &I K
4-2 /& InceptionV4 Il Zr I AERS % B LA SR ROC .
A1 ARy RFEER

6:4 7:3 8: 2
LeNet5 0.79 0.82 0.89
AlexNet 0.84 0.90 0.92
VGG16 0.89 0.92 0.95

InceptionV4 0.90 0.98 0.99
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model accuracy Meter_\nception\m-
107 — train 10 ?:-:-_
- test  —— ~ . oo 1
~ ]
A P
091 ‘ 04 |
|2 !
]
0.8 = 06
> v U
g £
2 v 04
E = macro-gverage ROC curve (area = 0.99)
ROC curve of class 0 (area = 0.98)
284 02 ROC curve of class 1 (area = 0.99)
= ROC curve of class 2 (area = 0.99)
| = ROC curve of class 3 (area = 1.00)
0.5 00 . T T T
0 10 20 » 40 0 00 02 04 06 08 10
epoch False Positive Rate

B 4-6 InceptionV4 Hik5E3h 4t R
4.6 RE/PNG

KREFENE |5 MGG 2% 7 05 1) R AR TR B DL S AR 2551 VR0 1) B
ERRE . BARR, BACRE R R ZIIZET BRI, S AR . %
428 6:4.7:3.8:2 =FhA[FI LL A5, 73 )48 F LeNet5. AlexNet. VGG-16. InceptionV4
VUM EREBEAT ISR, 230 EERIVEAL, AEACR AR MIER 731 4E T InceptionV4 1E
SYREE, NETHRDCERREORNIT T 7 R4 554l
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B 5T B UFRRER

A I UERS A AR VR i B Jm B R B L — 87y, AR BRI . IRAEAGR
FRRANR B LR Z 5, RIEAFRIZA], TR EER] . PR A A R AL
I B ACGRREOR B IR EOR . FRAGRIR I 1 2 i SR 2
FRBIE P EE, ZLHERI L, ] CRNN FEAE N P RS B0 i 5L
ik FH A% Gt PR AR B 73206 RS [F) R A8 B AU BCR AN TR R 34T 17 - B0, (B2
TG UG AL P75 B A —E R R IR, P AER IR E . B T 4REF GRS ER
TR e 7 BOR AR AT AT 02 — PSR T AR LU A ) r , d8AS SR 7 — R A
ST BN W 2% (R 7 BRI T8, BT LR P ARRSCR [N EAT 7n B0R ), 22 eiE
ZOTIA R R, IR R A

5.1 FRCRFHIRH

H AT L AR BRAE 20y, BN TR . A RAE . SRR B3
FHAE, FROEL FREANERMAEM RG] W T e R, o, B
A2 W 28 ) it FH 10 P 4 B 2 3 (192 T B0 TR X 2% --LeNet5 %%, 1% M2 524 K
B 0-9 MFHEFIZEAMBIATH], BN 10 DTG, AR RIEAL I %
HER R A 95% A o B 5-1 A 745 0 B iR REAT AT RN, BARON:
R e NL 2 I P AT AR BEAT BYR R BT R R 1 DR #EAT R B AL 3 e g it
TR E TR AR 2D BRI RO 75 L RIS B AT FAF 08 R HE B A
ENVNZRGF 1) LeNetS 2534715 o

’Ll ! D LoNes Sk 9 4 |

-
' M
A 5-1

-1 FHBUR R HOR A RAZE

BIRIX AT R B B IHER A, (B 1207 IR R RO FAL B AN 7455 0 1
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gy, — BERE O BIAHER, B4 Ja BSR4 X 25 TR 3 40 ik 22 52 B BRI 5
pE IR RS

T RRIX — AR, RSO T CRNN W28 34T F4RF AR IR . CRNNBS 14
“A Convolutional Recurrent Netural Network, & — i3 213 (1) 45 G IR0 25 0 25 25 44 ,
T i 2 g 0T AS T8 KR SCAR PR B EAT IR0, AST5 2 B AR 3 DL R0 BRAS 77
BEATVIE, TR ST R A A I e AR e 1) 2 20 Tl i, gl 1 R K e 31 1)
A

5-2 7y CRNN &5t &), &A1, %4> CRNN W24 =50, AN B
N: CNN(ERZ), IR CNN A BGIRBURHE, 15 2I4%HEEl: RNN{EH
J2), A3 R AN ) RNN AR P B3R T 0000, % 77 2 A R B AN AR ) B EAT 2 ), Il
AR ZF(HSEE) 3 A s CTC(R43kIZE), TEMTEIZE IR — RIIBREE 73 A1 5 4 B
R MFRZEFTF) . Hort, CNN #i70R K VGG M2 454, ikl 5-3, 5 7 e CNN
FEMURRHEAE AN, RS = AR DO e RIAL 2 AR R EE M 2%2 B8 T 1%2,
T M & I 2, A2 5 AR SN ERUZ SN E T BN /2 RNN #i702% T CNN
fan b HORFAE R 51 X, B X ER R — Nt Yo Oy TR IZRIN BRI TE R, K
7 LSTM #& 5561E 8 RNN B0, X FIFl, 72 60 s SAE S S
HA BT AR, B LIS T XA RNN 4%, CTC s ZAENRRI, #30R
P, — B L, MR IR T SR A AR M I i, AR 2
A B, DRt A5 RS T SRR, B R IR B Ay e A B TR A
AN, R AR A 25 A B 5 R e = R e, Ol I gl e L R A
KB e 2 P 775 5

eature sequence

I

|
|
T e o e o

B 5-2 CRNN M %44 B
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Type | Configurations
Transcription -
Bidirectional-LSTM #hidden units:256
Bidirectional-LLSTM #hidden units:256
Map-to-Sequence -
Convolution #maps:512, k:2 x 2, s:1, p:0
MaxPooling Window:1 < 2, s:2
BatchNormalization -
Convolution #maps:512, k:3 x 3, s:1, p:1
BatchNormalization -
Convolution #maps:512, k:3 x 3,s:1, p:1l
MaxPooling Window:1 x 2, s:2
Convolution #maps:256, k:3 x 3, s:1, p:1
Convolution #maps:256, k:3 x 3, s:1, p:1
MaxPooling Window:2 x 2, s:2
Convolution #maps:128, k:3 x 3, s:1, p:1
MaxPooling Window:2 x 2, s:2
Convolution #maps:64, k:3 x 3.s:1, p:1
Input W x 32 gray-scale image

B 5-3 CRNN F %254 B

BATEHLIEE 10 TR FRFOCER BTGB A, 43 3ME A 275 9 E1R 5175 AT CRNN
BOEHEATIRA, ARG AT RCRAT . W 5-4, 9 SR FIFNERECA: 00155, 00094
00096, 00124, 00106. 00139, 00138, 00150, 00107, 00093. HH# 5-1 F[&1, F4%F
DENEEE A R ERENBN T, TR A 50%, 1 CRNN 75K F iz

I OL T 90%IIHER AR, A7 A5 BCRIRA 7 Fr A Y CRNN VR AR BB

R’ 5-4 FHEMNETPIRR
% 5-1 Fi 5% kA CRNN 5= 4 stk
FEE TR ENE CRNN
00155 00055 00155
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00094 00004 00094
00096 00096 00096
00124 00124 00124
00106 00100 00106
00139 00130 00139
00138 10138 00138
00150 00150 00150
00107 00107 00007
00093 00096 00093
T HER R 50% 90%

5.2 BTARRTTIERIE SRR ER A

& 1R BRI 5y 43 AR OGR R BN W ER R BeRE — iR
R, il 5-5, EidEsr. 5. AZOP R R RIERE Y, BT RS IR
NG R R B R A . TR R LU R, A E R, EEmAE, HA
BIRFE T IX — R ACERF ZIFE SR, Bl ki 2 — e MMERE . Ak, 1A
KT AR Gt BUG AR EE 7 55347 1Az e PR A1) = S SRR SR MR e o v B o AR A 1)
AR, kel S 2L BRI A =g, By MANBR. BESE PEIE s
. K. AR B O R S BEARME R, B e LSRR R R 1% 57k
BARE R, R ME R R SRS i A M At 2 K KPR

I‘ R A&
648 Eqh
NMhe="22—"=-""
' I I-' YTy

@ 5-5 /@E%&T%ﬁ‘g" %'J/)IL?F}.

SNE, TR SBGRRBORER 7 FIRE R A E AL BY . I R X ACGREAT IR
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H AT et ANOCRRBOR B AR IR 2, i J7 5225 T Faster R-CNN A1 U-Net
WRR k. Ikl 5-6, HAMPEDY, 1] Faster R-CNN X ACRIRH AT EAL, 24
JE F U-Net SRS, el M SRR M. MR R TR AECK,
B/ NZIPELR KT 282 18] (1R iy DL R e KRR 22 TR (2R 1 Ok AR T B e B KR 3.
SRBETTIEAE SR I 3 ] U-Net A0 1AL GE 08 R BT B A, (B A i 28352
I it A A . A PCRIE IR DI A I IR A e 4 R A
SEHCANHERIN,, Ay BEIR I AERA 1l 2 32 BIR K52 o

uuuuuu

B 5-5 # T Faster R-CNN #= U-Net #9454+ XALE T 7 A

B 5-6 A SCHHEEE 10 =3KAR T ACR I ) O 1 I AR B 28R 5T R 14X
R Fr, BAE AT B A BN 7 OCHEA S B A bGP = PR R, AR5 18
PGt R AL R 5 9250 73 Sl B AT 7= B0R ), By AR & BEREHRIR AL
RGP E IR R . BCREBIA G DCR BRE RAR B A A I . AR IEGE
LATMPEEREE . M BRI RGNS B 5-7 A=RAGREI A BB A R, &t
I Pl SRR B O S5 2R, 2 AN PR IUDCRAR BT IO SE R, 7T LIS RIE B 7 kA
ARI, R RASHARUREL NI R & 52 BRI, BEs2m 2 Ja R i s 0GR
5 PG MRS S, SRR 2815120 BRXE, Mz BR800 th e LR

B 5-6 BE. B, mikiLei54t A ER B
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R 57 4 A 44 45 B R AL S 77 3T AF AR R LT 89 46 AL 2t 7 43R )
5.3 BT HERMEMEHERFEIRA

Al 2R AN T 3R 7 B R ) 2 B R A P A% S R A B 5 08047 R,
H TG BRI TERA — @ R BRIE, SRR & mikm . RS aEE
MR, SEEMAVEARE. PrEL, ARSCIRW 1 RSt T AN A I 2% (1) 5 77 R 3
WHIITIE, SINANZ O AR BRI NS BT SS, E20: BATEE
AR B 2R B P LB R K73 R 7n B RO Tabel (3R 1 7 o N AR E 1),
ENERE M EAT 2, BB A MR R)G—ZE 2 M Ma skl B ooy —14
U ESIMIDE TR e) - T s WS e ot e s R P = W DA RO DR PRtk A = s G
IR (ESEE N

Ik 5-8, WA ORI AAGE, HBEDY 0.12, BalER, HEEN 0.6, #
HAEAE N label, IAAN—NEH 4 ZERE 3 BilbE. 2 BEEZE. 1 Ml B
A I 2% JEAT 2 20, A b Doxet ARG B f) I 1

—_—_——

1
- -. 0.12/0.6 !
‘ 10 .

L

B 5-8 KT AEAAPE WA XML, HERTHORMNAALR
FT BRI 1) B RN BOR AN 7L BAR N, Behn. 8i. R FHie
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Bt A UG AT R 22 UG R4 T8 100%100%3, AR 3ET>]. CL N5 —
MNERIE, 324 5%5 KADBIERZ, DUBKN 1 X B T B8R 8AE, 15 2000%
TEE KN 96%96%32, SR G A 2%2 R/NIIE 1T, X5 2 R AE B3R T B oAk i
B, FHEEAE R 48*48%32; C2 A _AER)Z, H 64 > 5*5 KN BERZZ, LA
BN 1R CL St AR BT B AR R, 15 B BRHIE RNy 44*44%64, SR JE 1
FH 2%2 KNI 1T, S BIRE BT BRI AR, RRIE EIAR S 22%22%64; C3
NEZAERZ, H 128 > 3*3 KAMUERX, DUPKN 15 C2 fir th M REE B4
BRRAE, 15 BIMEE /N A 20%20%128, ARG8T 2%2 K/NIKE 1, 433 (1R
TE B HEAT SO AR, 4R AEEIAE A 10%10%128; C4 NEEIUANERE, H 256 /> 3%3
KAWBERZ, DOEKA 1, X C3 f i FRHIE BT SRR, 15 20 R BRI
N 4%4%256; F5. F6 NAERLZE, /0H 4096 MH& e, MilHERN—MHEIE, N
A ) PINE o 45355 eR BRI 35 7 1% 22 R L

Loss =13 (y—f(x)) -1

Horr, y AMCGERER W ESEEE, f(x) AR 4% ] )5 K TE .

WKl 5-9, N1 ELFRMIT LSS 5, TR JFEAA IR0 A o Bk dR A R
A R AT 7 HAR T, R RACGR I #REAT 1 G RS RUR . =R AR
ST 11420 5K Fro 5-10 5248 )5 BUACR B R 78 _EIRER 4 P2% 72 Il 25 100 4
epoch(WIZRIEARIRE) JG 4 B, 7] LLE HAE 100 4> epoch J5 48 I 2384 0,

B 5-9 &%) AR
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10

10

0.8 o8

0.6 | Loe
train loss

—— wal loss

trainging loss
val loss

o4 | Foa

oz " Foz

0.0 T T T T 0.0
o 20 40 (=0 BO 100

epoch

B 5-9 A54F XALE Fo i & BT R B ARAY 22 W 2590 % 100 /N epoch /& 6947 % B

TEBRN 2 AT R0 2 ) BENLPRIE R BT AR AN R 3R 45 6 5K I #E 4T
MR, FF5 PR AL SR T AT T X, 485 AR AL SR B 77 8 i
%, MERAEFEEUG AT, WK 5-2, S stixtth, AR R T
22 W28 1 R IR BOR A JT 1 (CNN [BIR) IR ZELE 1% 2 N, R T%%771, CNN
=] VA T B AR

4% 52 CONN @ )3kAe i Bk, AR BRAE T R EIRATI

REHEER GilE2FS CNN [a] )37 AT 4875k CNN [a] )37

0.12 0.101245 0.110462 0.55 0.511462 0.543016
0.14 0.111573 0.145531 0.60 0.567824 0.596735
0.16 0.201136 0.159672 0.50 0.482064 0.496587
0.40 0.362314 0.398516 0.65 0.632973 0.649876
0.35 0.331596 0.350365 0.70 0.680421 0.692683
0.52 0.497631 0.519416 0.45 0.427415 0.449637
W 2%-4% 1A 1%2. M L35 2%-4% 1A 1%2. W

5.4 AFE/NG

REFENG TGRS TSGR R AR TR HOR s
CRNN BEHHAT IR, ST EAR R T AR G5 A B e P . B3R ET S BCRATN
RETRBITTTH, St 1 — M TG 2 M 25 s B0 75 7%, 1207 100 12 2 2
fE ] CNN R 107 3 CRACR B A AR EUEDN label B AR5, JEIE
W28 453 B 7R B TN o 22 BRIE R, 1207158 B AERPE A Z AL TE, R 8b 1A%
4807 150 B R SR R AR T AL R 454
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FoE TIEREMAFRREE

6.1 THEES

A FEE AR RE R T iR E OGR . FRHGR hER, RIS
(77200 HaEAT R BN . FEAFRREAL DERE B IR DR
a1

AL /A T FIRERE % 2] B ARK N 592% Faster R-CNN. YOLO. SSD =
Fpo, Zidsmenttl, Pt T BRI Faster R-CNN E AR & 07 (1 5092 o

AN 3 FEH 53 AR 8 A 2 S5 DGR B 14T BT, 2 NI ZRIF SRR P 22
ZEHAT AN . WS T B AT BRIV R R, 2302 LeNetS. AlexNet.
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