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Abstract

In 2021, on April 2nd, the Taiwan Railway Taroko collided with a construction vehicle that
fell off the slope at a turn in the course. The train derailed and rushed into the tunnel and struck the
tunnel wall, causing 49 deaths and 247 minor and serious injuries!! When we saw this news, we were
filled with surprise and distress. In order to improve this problem, we started to discuss and follow
Checking the data, we also found that Taiwan Railways began to have a slope life monitoring system
in December 107 that is also Al visual recognition, but the accuracy of Taiwan Railways is not high
enough, so it has been delayed for two years and has not been completed yet. | also found that in the
59th class, a group of students did a similar topic. In the experiments, we hope to find the best neural-
like architecture and also improve the accuracy. We start with the highest accuracy of 97%, which is
very high, and we hope that it can be provided to those who need it.
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1. NTREEMg
ATLTEE (Jik @ artificial intelligence, ek Al) ANFHEHR.

SREER, A AR AR R T AR B A B Rl AN TR IR i
R A B Bl (AR bR fijim s 2, A TEER (AI) f=1se
RER U7 A S B T B R eliidens, T DURSR TSR0 B AR B Bk
#Efb (i H ORCAL #guk) . B4 Al TSz IEMAE ARG h, BBILEml ok, G537
Atk WIS AR, BRI AR S

2. ERERE
TR 2 B UL S B 10 28 2 8

52, ME—HYEFAE RN RIE BTN
BUPRS MBS, MRt Ay o Bes
B8 AT )RR, RO B i
APATE W BATHEE TAFREAY A
R—1, WEERTEMRL T (i
g Je e m) Y oesE e, INEE % 1
TORIE ) =, ol LR R Z BEVE

(CloudMile, 2020), HiiklE 2—2. _
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Weights
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x3 %&é“;; ‘ A‘lg“ \ / -.j-’_j, y2
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R — 2 ML G A R—3 TR A LA
(Dr. Adrian Rosebrock, 2019) (T 32 B Bl vk )



3. GIEMKHEEE
BREMKEHEE (Convolutional Neural Network, CNN) @ EH

(R —Ff, 5 IE R 58 Ak ek, B TR Ay (SR S RO RS A 6 e
{18 B2 I A T R A R L, (R Iy B SR BB RE Rt (b (pooling
layer) , 70l 2—4. 55— b (0 1S AS RO A HS HE £ A i A BORHY) — ik il
Rl BROCAR PR B2 A KRG AT L, A R b e A il (5 R 58 2 kil 7 i aE S s
TR R (A MEES TR

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
+RelU +RelU Connected Connected

~—o, dog(0.01)
cat (0.04)
boat (0.94)
bird (0.02)

ey L ALE

[ 2 — 4 A B w2 2
(1 An Intuitive Explanation of Convolutional Neural Networks)
#i#% Dr. Adrian Rosebrock &2l ] LU 5 i 57 )% (Text Diagram)
ARFH UL A R RS R AR <
INPUT => CONV => RELU =>FC =>SOFTMAX, #&J&%alln b @
% H%/# Convolutional (CONV)
W% )& Activation (ACT or RELU)
th{tJg Pooling (POOL)
23Sl Fully—connected (FC)
JL i %E (k)& Batch normalization (BN)
X3¢ Dropout (DO)
AH5ePEs) Dr. Adrian Rosebrock f2#]—ff CNN %44 : ShallowNet.
LeNet. MiniVGGNet, WL CFEIZRAE ¢
ShallowNet : INPUT => CONV => RELU => FC
LeNet : INPUT => CONV => RELU => POOL => CONV =>RELU =>
POOL
=>RELU =>FC



MiniVGGNet : INPUT => CONV => RELU => CONV =>RELU =>
POOL
=> CONV =>RELU => CONV =>RELU => POOL
=>FC =>RELU =>FC
Hi Sy i 5% 81 :ShallowNet (i — K 4 B ROE i Ay CNN 2k,
LeNet A7 ~ARGBRUEER, Il MiniVGGNet AU BRGET, 117" A4H,
i, LeNet () CNN Zuf, thof Dhlisl dosin b

The LeNet Architecture

input convi

2—5 LeNet Z:/% (Dr. Adrian Rosebrock, 2019)



4. "X (Accuracy) HLR fifE =< (Precision)
HEMESR: AR ATEHIERERTLLE] » JRRE S SR TH R RN A B R DA A

B o W AGHECERR S > AagER b AE (TP) &%, i iEEatk
A (TN) 2%, SUEm& &4, LB REERRIE - FEER R T %
&tk > gElmEE o TR B » 2N IEEAHBEEEANEE 5% - &
AW/

TP+TN
TP+TN+FN+FP

K fiff = UG TR By IE BRI IERELL B, A5 2 A & TAIERERY IEEEAR,
0 AT SGE AR AR R T TS AR EGER T
B Aeptaiti A 100 Hogd, KPR 90 Ao E IR, LIRS Kt
90/100=90%, ~:an ¢

Accuracy =

TP
(TP+FP)

TP : THI B l5ME(P), TAMIIEME(T).,
TN © FHMBBEPE(N), FARIERE(T).
FP @ FHI AP ME(P), FAMIEES(F).,
FN @ FAB BB PE(N), THIIEE 5 (F),
WA B SR AR E R0 TR R IR AR AT AT 55

5. Batch Normalization ftigfE#E(L
Prig L HE L (BN) /1 2015 ‘Rt #i=5-1UJF (Sergey Ioffe) Filv HLiT-

ZEf% i (Christian Szegedy) M byl ACH EHESCERE) . IR i 9 5
AN BB A B ER A, Ry 7 v RO A A% Fi BN RO BOHE DL Nk i B A= 1)
(AR (B S SR

LA HEAL(BN) mOfF st e —# mini—batch #BHETTIEHLEI T
BA 0. HRUEAER 1 AWRR M, At —skon] DUR 7 SO s —, A B R el
BB EE I R LU R R P N1 5% B (W B (Internal Covariate Shift) MR, [n)
I mT DA ek, 6 HL AT 1E BB 308

6. B lximEc(Dropout)
Dropout /it Google & iy —F i HI b d oy,  H DAAE A e s k& vi S b

e (A MERS TR

Precision =



A SR RS A B8 1 I A Y & B 2 i 5 (Overfitting), i Ry it o
FERY T, G HAS B AR IR T LR R i), ERE R S 3 (e (el
Al BB BRI GUIEROR,  TRMNEERE SRS, SRS e RSNy, N
REAREE T, I E TN GE

7. K5 (Epoch)
{85 FH BIBR R ) Sl R S B 1 T — R S B I, B — {8 e B 1) 2R S5

OPAE A EE - R HR R T Kk, s AL A Fs— X Epoch.
2RI, & —{f Epoch MUEEA (WbePr Ay aliskibR A) e il A IE R
CEHR AR S) , SRR BN E 0 A8/, it d st e 0 % Batch
AGEATIIRR (B TT ARl — PR B b ) = (A ) o

8. Bl X (Learning rate)
AR — (A SR 220, S 1A B E A BT S 75 58 S DL 2 P i

Woml B i MERIBIHE (LR RSP HVEESS ) » —fRER - ZBE MK -
AL A S E2 B - AIREEE ARV » 4R pe g AR E g - BEth
MR BT AT B 2 AR U
. Training Loss and Accuracy on train G+ Ak S o B R
BREAREERLK - Bl T

3°° Wi e e T o T
8 FE 45 8 B5E £ (Overfitting) Tk
T e S50 5 5 T BB - 401 34 <

Epoch #

2—6 Overfitting M
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ARRgER AT AL BOEHRE I AR, SRR T 2 g, R N TS
REAE RS AN, N0 DA EASRRE, AR Ze Ak Il (2l -7 ProR) «

HIRHIRE

li] =7 BFFSE A [

(—) B ARG
P tEffER AT BUBALSR S AR A, (EHTS IR RS G E AL O,

Al A A s kb, CGtE T Ak, SEELL VCN Viewer ks et &k
VR PRI SR, BLBEG BRI TPER D, RE S ROR W8 585 (B M2 b A TR MG 5
FF LR 2 AR (2 K — RS R S PR T LA T D, MG AR i) 2—8 s,
PR BB oC A
1.k

DISE AR, EV3 ERAIG R K, EV3 B LEGO Priti ARM9 {diz B as
(PR ATEBIZ D, Fof ok T 6 o 2L A8 i Y e (1 (19 165 53 P9 B 5 2k g
KA E R T
R.fili
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€3 Bluetooth
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1AM 5

WEs A~ 7 doi S A BCER S, B DA BRI A, 12
BRI PRy, R R B A IR, Ak oc & IR T A 2,
AT EV3 [0kt PARMGRE, BHCERRERE, e Bl B
AEE B, WA R S, BIRIRMCOE AR, & EV3 EUREla
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PRENGRUIEES

FybtrmPratt iEAfE =R, R R EE AR i U AR Y Yy, SR RCEORHE, SRR
R 2, CNN 2k b iigaat, sEAlstmian b

(1)E st

HAMAFE PR NVIDA 1) GPU AU AR IR, gk s, CNN A
M. JLiffdE{k Batch normalization (BN). BErili#€ c(Dropout).
# % (Learning rate). LK (Batch size) &l & BELiIRRE A4 B 28, Fr LA
PAMEaT 7 LU

Hig— BB AR ARS8 CNN #41% ShallowNet. LeNet.
MiniVGGNet ZLREHERE K,

B L EH B A it B R HE(L (BN) ¥ SISk CNN 4% ShallowNet.
LeNet. MiniVGGNet ZLREHHEREX |

EBE % T 0 A 1000 s IE P S T 2o G R CNN ZRE )G AT 4 L A
HEAL AR Y, 0 P B B s Al % 2

HE = . BB Rt os(Dropout ) ¥ 55k CNN #41% ShallowNet.
LeNet. MiniVGGNet ZLF M HERESR

EhE kT o 76 1000 SRR iy SEmE T 2 IR A CNN ZERE 20 I G AT 48 i
ot (Dropout ) A AR AR, 0 B B A Skl k.

HESVY ¢ BB AT i s (Dropout ) B A #E (L (BN) ¥ gk CNN #9
% ShallowNet. LeNet. MiniVGGNet ZLRE 1 HERE =,

EBR T ¢ AE 1000 RIE Py ZEEE N 2 I a = FE CNN ZERE 20 I s A R A
AR B¢ G (Dropout) Kb 22 HE AL (BN) A Bk Y, 0 B B B s
#k2
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HE A - B AR E 3 (Learning rate) ¥ CNN #4% ShallowNet.
LeNet.

MiniVGGNet ZhryaEMESS,

b et A6 1000 sl iy FEEE & 2o A=Al CNN 24 7l il 7 FfAS

A EA 2 i 0.1, 0.01. 0.001. 0.0001 & 0.00001, i %8 e &b Hhhd
2
g L BN A ) Batch size ¥} CNN /g ShallowNet. LeNet.

MiniVGGNet ki dEfE =,

Fbg et A8 1000 slliE FrigFEaE & 2o sl = Al CNN 2045 7 !l 3l sl e A A
[M) Batch size 41:16. 28. 32. 64, W HEmm Rl 2.

(3) 05 Bt e

(ERCE TR, AR CNN 2N, 22BN 5 e, B s B ol Ry el
FHELE, MFRIEA, ERI5ERE, M Re b s SR Fl i an

IR 3 AR B

TREE AR BB Ry, AR RIS, B e Ok £
ik, LR RGP, R RS TE ,  BAMREI R e Y
MEAGTIAIE, 2P R B PR RS OURER, R KRR
Wto IRtk CH T RE B2 AL th & A5 A () Al B
[l = ¢ BRPPKH A S &

I

a

1=
i

NN

WCHIE S BEAT, LS AR R R Sl A RS, BT DA A2
P B Sl Py D AR S, S SR S R M
M= BB R L, HE SRR, AR
Ry BB T 1 W A R R YOLOvVS IR, I DLSECHT OB il A 1y
cuDNN(8.3 Jil). Pytorch(1.10 k), Pytorch & Facebook 1y AT
FISR IR R PP 2R, JE—WREJRAY Pythonf&s3E2E, 2R Torch, JK
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https://zh.wikipedia.org/wiki/%E5%BC%80%E6%BA%90
https://zh.wikipedia.org/wiki/Python
https://zh.wikipedia.org/wiki/%E6%9C%BA%E5%99%A8%E5%AD%A6%E4%B9%A0
https://zh.wikipedia.org/wiki/%E5%BA%93
https://zh.wikipedia.org/w/index.php?title=Torch_(%E6%9C%BA%E5%99%A8%E5%AD%A6%E4%B9%A0)&action=edit&redlink=1

Jeh C++H 8L, JEMIN N TSI, MWEZAGESEHE, ek GPU.
AN R cuDNN(8.3 ¢ ):E Eciias e B W A(F, BrbAd(f cuDNN [u]f £
8.2 Wik, B AT HUMKES AR RS b 68 Bl 2 Ak, (N UEFE R Al i, CNN %
MiniVGGNet ¢ 96%4271 & 97%, 1l CNN #8i& LeNet MUERMENRL R By
96%.

2. W R LAY i

—  TIRGEERY \ZHEEN R E T MBS H -
SRR A A TAL S A AR, L T RS BN S B R A
(R ERIE ) A2 S R B ARy, B B AR K 1 a B R R I,
Ak — v AR S # T, UK R AOGHR. A8 BRI S 2B EHE R, G
se ik 4 EVIER e B R A I TR BLRS ), IN R @ BN R JERR . AR, WG %
MEHE, WEEREB G, PSR T, & TR Y, e
— AR L AR Y (L2 T RERE W8 E i o v 055 228 Rt 25 ) 1l HL 3 2255 JE 2]
L R R B B RRETE SR AE Y, BT DE RN Y.
T~ TR ONN (AR AR ZR AR AL (S A R A 28
ZERHE R . CNN 44, f#itiE%E (L Batch normalization (BN), E33fI
M ExmhFe ot (Dropout ) A & BN A B 228, FAM 1 Mg a4 05 SO A 8 S R e

S =787
KA E,

=~ LAl SUBPEREY AR ST - HEREYPETHRER - Eesd TP O EE R
R, o P A THE
HATLAFE 2 b MR, 54 LEGO EV3 FERIEL OB di3k st TAT OB HE
WM R, AT VRGO, 0 DA AR KO

Y~ BENIRIER A G T AAG SRR R A » MR i AR

DIRHEL B S A il £ HH BB S HERE SRy ik, 0 LU B B A Al
B — @ HER A ERHEEFIBE CNN % ShallowNet. LeNet. MiniVGGNet
ARSIV HERE SR (BAMJE (7 32 (1Y Batch size (BS). E17K 0.001. AfbitEue L

i
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(BN) i€ c(Dropout) « Ak 100 J) i F5

B vs. ZEHER

0.99 0.97
0.96
82; 0.94 0.95 e
' 0.92

0.93 ’ .93

0.91

0.89 9 : 9

0.87 :

0.85

1004 25058 5005 75058 10004

=8—ShallowNet 0.88 0.9 0.91 0.9 0.93
=&—|eNet 0.9 0.94 0.96 0.95 0.97
=@—=MiniVGGNet 0.92 0.93 0.94 0.95 0.96

=@=ShallowNet ==@=LeNet =@=MiniVGGNet

fiil ¢ 3—1 As[m] EORHE
firam o [ 3—1 FEERKTRPUR, FORHMEEGE®S, DU E oo %, =
CNN ZHE) HEfE =R ld, RIEERE HiY) ShallowNet th4y 93%AHEfE=, LeNet Al
MiniVGGNet #EAfE = 5552 95% L 1!

B L A R A MR (BN) ¥ sk CNN #4128 ShallowNet. LeNet.
MiniVGGNet ZLRG I HEMEAR Bl (FAM(E 1) 1000 4= Fr. 32 11y Batch size
(BS). B3 0.001. Fllgk 100 &, MECiha.

filiam * FEIE 2 3—R KRR, At (LY MiniVGGNet AYMERERIE 96% 52
B 97% ; ¥ LeNet NI A2%, HEMERLFr 5 96% ; ShallowNet [#EfMEAHIAE
93% MFEFy 915!

e R RiA¢ s (Dropout) ¥ 5k CNN #4i#% ShallowNet. LeNet.
MiniVGGNet ZEREHVHERER 22 (Fof" (1] 1000 ). 32 17 Batch size
(BS). 2#=20.001. 3lgk 100 &, M E b,

flam o PElE 2 3—2 K5 ARFTR, A M ERAC T E MiniVGGNet 19 & i 507 By bt =11
S, U 96%HE i By 9% 5 ¥ LeNet I MEE £ 95% 5 ¥f ShallowNet AYHEfER [F#E
%, HIHE 93% % By 89%!

il
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TRV AR PRiii s (Dropout) B4t i R HE (L (BN) ¥k CNN 4 %
ShallowNet. LeNet. MiniVGGNet ZLAf 1 #EfE =R BL 2% (Fef 1) 1000 7
J7. 32 ") Batch size (BS). B3 0.001. gk 100 X, M EE:.,

filiam o AT O ERmpRS T LI R EEAL,  TElE 2 3-2 MR, ¥ MiniVGGNet i)
ey R S s 2, By 97% 5 ¥ LeNet I MR B 94% ; ¥ ShallowNet 1y #ERE#R
R Ry 915!

Batch norma(!jg;ation > D597pout

0.98 0.97
0.96 096
0.96 0.95
0.94
0.94 0.93
0.92
0.92 0.91
0.9 0.89
0.88 - -
74 Dropout ~ ;4 “HDropout ~ }& FBatch #Dropout ~ H
Batch Batch normalization Batch
normalization = normalization ~ 75 Dropout normalization
—e—ShallowNet 0.93 0.89 0.92 0.91
—o—| eNet 0.96 0.95 0.96 0.94
MiniVGGNet 0.96 0.97 0.97 0.97
& 2% 3—2 Fr gt Ei#E(L(BN). Bt oc(Dropout)
BHHERfE R

B . L VIR A B R 3-2 EBEAS RATR, 5 1000 SR ERHE,
LetNet &4 #it i 4L (BN) M i< ot (Dropout), AT EAEAM %2 — i 2 80
MEZ, (1A i AR ME L (BN) ML B¢ ot (Dropout) 1y By 6,  fe il Zvbn] DUA 2]
LetNet {uiZ4yiE M2y, WEMERTR&SN), B8 MBEEAHER, MR
I FRETET%, 16 96% MEE Ry 94%, Ll LetNet Je N5 2 AS —(H 24,
MiniVGGNet £ 5045142 47 #L L ¥ (L (BN) R RS Briif< oc (Dropout), JLET #Efif
ACHERF A 96%~9T%. 2, H Ay, MEMER AR, B 97%,
ShallowNet A3 —Jg#RHE R, FrLl ShallowNet [#EMER Uz B Loz A, 1
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ShallowNet JUiZ A7 L R HEL (BN) AR [umife oo (Dropout), A AR S — (1
ZYonde 2, EFE U ShallowNet WANE s 28, MMM MR,

(o7l HE A EERETIHE CNN #1% ShallowNet. LeNet. MiniVGGNet
ZERE 1) BERE R L2 228 (B A (1 F 1000 s . 32 1) Batch size (BS). HbiEtE

2N

(L (BN) lif#¢ ¢ (Dropout). 3k 100 & )i 25,

.

. REEER v R
0.95 0.94 ./ 0.93 095

0.9
0.85
0.8
075 B B B
0.00001 0.0001 0.001
—e—ShallowNet 0.85 0.88 0.92 0.85 0.25
® LeNet 0.86 0.9 0.96 0.89 0.24
=o—MiniVGGNet 0.88 0.94 0.95 0.93 0.95
% 3-3
A ZORHE

;’fﬂ: E7AN

fham o PEE G 3—3 EaAE TR, FMiEs s CNN #4% ShallowNet. LeNet.
MiniVGGNet #lifk 100 &y, EE K 0.001 B, #EAE R @ e i),

LE RO L
= [guu
=R

7Nt AL E (Batch size) ¥ Hlfk CNN #9#% ShallowNet. LeNet.
MiniVGGNet ZLRE HEffE SR Bl sz 28 (FA" & (EH 1000 s . B 0.001. A
¢ c(Dropout). Ak 100 A5,
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“K[E]|Batch size vs. ERER

0.98 0.97
0.97 0.96 0.96 0.96
0.96
0.95
0.94
0.93
0.92
0.91
0.9
BS16 BS28 BS32 BS64
=@—ShallowNet 0.91 0.92 0.92 0.94
=@=—|eNet 0.96 0.95 0.96 0.92
=®=MiniVGGNet 0.96 0.96 0.95 0.97

=@=ShallowNet ==@=L[eNet ==@=MiniVGGNet

el 8 3—4 ] ERHE
D TREFE 3-4 EERsE AT © AN[E] Batch size %] LeNet 2KER > JEF Bach size 2% 5% 32 i »
HEMERR S HY » MiniVGGNet K ShallowNet » HIJE Bach size 5% 5y 64 I » SERERE S -
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Adam Optimizer ¥FHEfE 1152
3. WY AR R EE B REA BRI 24 HY AR -
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