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Student: Zhan-Zhi Tian Advisor: Ming-Chien Hung, Ph.D.
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Nanhua University

Master Thesis

ABSTRACT

Illegal factories on farmland have multiple impacts on society, especially on
agriculture, as they weaken agricultural productivity. Additionally, the 2022 Russia-
Ukraine war led to a surge in international food prices, affecting Taiwan as a food-
importing country and causing increased feed costs for the livestock industry, which in
turn impacts domestic livestock product prices. Agriculture not only provides food but
also serves as a crucial source of raw materials for other industries, playing a vital role
in economic development. To ensure stable domestic food supply and mitigate the risks
of international market fluctuations or natural disasters, the government should control
agricultural production. However, the current available land for food production falls
short of the required quantity, and the presence of unauthorized factories on agricultural
land not only occupies valuable agricultural resources but also contributes to

environmental pollution, posing risks to public health.

With the widespread use of deep learning technology and its application in various
fields, it has become possible to reduce repetitive tasks and expedite investigation
processes. Therefore, this study employs street view imagery for object detection to
identify Illegal factories on farmland. The dataset is established using the results of
agricultural and land resource surveys and Google Street View images. A Mask R-CNN
neural network model is trained for object detection on Illegal factories on farmland.
The model's performance is evaluated using a confusion matrix, resulting in an mAP of

0.483 and an average IoU of 0.391 for predicted masks.
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1. & — —_— — ~ - - - o - - —]  — —
12485 rneriees P [— N 4,189 471 12] 197 640] 82 o) — Jrr——
13. BT e — e — - 20.290] 908 78 s 62 211 = _— === E—
14. 7R N P— — e 3,701 1,089) 96 8 48 170) - | — J—
15 FRFES J— [— 1.609| 1,902 308 121 343 732 82 SN [ —— —
16 RBF e P —— s 1,487 841 166 25 It 109] 38 PSS e — —
172 8RR —~ [— 2314 1,220 303 68 380 i 71 —_— —
18 L RIRMEOER — P— 1,934 189] 190 ) 13 43 298] e [ —
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’rﬁﬁﬁimm—ﬁﬁé’%%A*Ukﬁm”\ha’ﬂ WERDT S ARG

ETAS

FPHES  PRAHERASETE BT RNAARFL ] FEFOER o B LT
1T 1% > McCarthy (2007) £ &g a i M+ 1 FEL ﬂwﬁ RO F o1 4z £
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ALFEL- B FRERAETEF S 9P £ 7 3 BF Y (Machine Learning, ML)
PlEE TR A LK ZFRE Y (DeepLearning, DL) R 4 BE ¥ chH ¢ 2 — i
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MACHINE LEARNING

DEEP LEARNING

It is an algorithm that i
is used fo miriic It is a subset of Aland uses

hurnan cagnition and statistical methods to au It is & subset of ma-

behaviour tomatically leam and im- cpine learning that
prove based on experi- uses complex algo-
ence

rithms and neural net-
works to train a model

B 2 ALML,DL 2. F en% 9

F Lk k: Khan et al. (2021)

(=) =R EY

A 1A g e (Artificial Neural Network, ANN) = 7 M AL 5 54! S pep » £ - fd=
F| 4 A + SECE A B kA B A SRR DA P e g 2 B
TEFE 2 AU G ORI (F 4 P F RSB FEY  FVRALT DN G
LGP S 4 fr R A B R fRAR (2 2 5 2005) c v d & R
ARG (AFHZEENE L) B G EAER A FH AN o A1 G
A A G RACE] 3 o 0 A A g e ’ﬁe?‘l%ét:ﬂ@;f‘liif;‘#é SRR
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A p # (https://commons.wikimedia.org/wiki/File:Neuron_Hand-tuned.svg) -

https://medium. com/technologymadeeasy/for-dummies-the-introduction-to-

neural -networks-we-all-need-c50f6012d5eb

IHGRBEDARAERT AL BRE d AR EA LA E R § A
SRl ks RB R TApT @87 R “}é])‘k\;%l % (InputLayer) -
£ % & (Hidden Layer) - 'J“"éi (Output Layer) * iFRE ¥ ek A4 F 5 K

Wﬁy’%ﬁ%?ﬂ§%#§$&°Eﬁiﬁﬁﬂ%i@%ﬁ%mﬁJ%’%&
L R RN G RN R e R S R R S A G
2020) - A SRR HAcR 4 -

Output Layer

1% 44 7

R KRB (2020)
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https://commons.wikimedia.org/wiki/File:Neuron_Hand-tuned.svg

i LeCun (2015) e/ 3 ¢ B TRARF VY EER Y F » @452 g n 18 B i
e p NS A F IR AR B Y i st | £ % @ 4% (Backpropagation)
E- AP RTEZ AR GREDEZ v HETEEL S BREORE
oo Rt BERGLFF v BB S B E BH SR L TR ER L S
AR IR e R o 4F £ Sodic(Loss function) > » £ % P 1% 3 #ic(Objective function) >
FEREY P AFER AT U R R ER R TR R B B AL o4
S P BN B E RN PR > F L L Sdee 35 0 57 354 (Mean
Squared Error, MSE) * #* *tit jF i 4L » 3 BAgRl B8 R 2 BT ehT 23 L ohT 35l | 3
R %% (Cross Entropy) @ * ** 2 5P 3 » FE SR Ef-R B E2Z B enL B o 354 S feeiug
B R B BRI TR PR B % Sl @ PR A T
RS PRES O BB LRRRES S T R P IR 0 A 3 R Ao i
AR EERET P Sk



A A SRR p 1980 & & ,T*LFF" L ol TR SRRy T B LEE I =3
sl B 2-3 K 0 Ay dFehA R E Bl A& 2012 # ImageNet #+# #F (ImageNet
Large Scale Visual Recognition Challenge ILSVRC) *® » d Krizhevskyetal. (2012) %
FE P g AlexNet s R 7 R AlexNet 47 % 0 8 & chd il g 55t B
T2 B E (GPU) & 73 4eid » B s S g g5 St i o ip- RAL
P4 A A KRR AT GREAF NI TR FEEYRESEL 2 EM o

(=) A i

¥ f# 4 gk (Convolutional Neural Network, CNN) > CNN & - &% * *t 5%
BIrFF R EEIRAFREY o CNN e 24 &5 #.d LeCun et al. (1989) #
Boov E A B R A (Convolutional Layer) ko BBk e cis A 4 i< B (Feature
Map ) - #Xis7# i* & (Pooling Layer) " M&FpcBlen? < > B2 B & > jia A4 G
Beerr 5 B fs Meip i F @R (5 Fen 2 g 4 4 (Fully Connected Layer ) & {7 4 # &

-

ﬁﬁﬁ“‘:ﬁf{ﬁ-o
(Z) & W pl

4 % 1 jp] (Object Detection) Edp AR M B2 5 ¢ » Mipldr & L w4 2 &
G i B o AR BT TR 8RR AR %ﬁo%ﬁ@WEﬁévu&;Eh
£ (l-stage) fra FFEL (2-stage) =2 > A A2 2l &
(Region Proposal ) e B¢ L B2 B # R B > A PR B2 23 HA 1&%%( Du et al.,
2020)
Lo HPEE 2 Gplw 52 L - BRI ORI e A 2 i R 4
2.8 52 % B o b4 > YOLO (You Only Look Once) ¥ - B % L enH A iw &
EE A RVR T St R IPTE BTN I O g
2. AREFEERPIFEZEN LARPPGINO RE AL FRAAL R
WERfer g - o> 22 R AHAF  LAFERE S BHA T
APHAF e i R B o bl4o o Faster R-CNN £~ B2 Al end [FEF 82 - v &
M EFA GRREPF RiEL &% %P %Xk (Region Proposal

Network, RPN ) 24 S0 %8 % 3 % > S fs i PR (74 2 R o
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=

% Bharati eral.(2020) e%7 3 ¥ > AN TR OE FA Sz d S o
B AR BREM T T > Mask R-CNN 60T 353 B §~47.3 > g3 a'vr»,s H
HHE o

(z ) R-CNN

R-CNN ( Region-based Convolutional Neural Networks, R-CNN ) » Girshick et al. (2014)
i dy o H A Bl4eB 5 97 0 R-CNN & * 3 #4248 % (Selective Search)#$ 1 2000
GFEFRE > RUERE BREBE N CNN HBF 827 % SVM 412 4 4% » ¥ %
bounding box AR 4 ¥ ,Eﬁ:‘ °

R-CNN: Regions wzth CNN features

s

e
§*>
_______________ CNNiNy :
1. Input 2. Ext:ract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

® 5 R-CNN % 5

7L % R :Girshick et al. (2014 )
(7 ) Fast R-CNN

Girshick (2015) % R-CNN i& {7 #cit » ¥ 27 R-CNN - & B35 > b4 % 7
N R AR B e i BliE R o Fast R-CNN 2 * 7 { 3 2xep™ F » B-FR Bl ki & ﬁ%l
roF R R AR B AR R0 LR e i Beds 10 4o B] 6 47 or 0 - ROI P& 44 5 feature
maps o Tl T EHFEHERPGEFHARD P LT EHIRFERPEAD
> Jed2 o Fast R-CNN & &7 { - i fep3Ed & > FRFERE { F kPl Emsie
¥ A
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Outputs: bbox
softmax regressor

Rol E3FC  E3FC
pooling

Rol feature
vector

For each Rol

Bl 6 Fast R-CNN 2 1 ]

7 4% & Jk:Girshick (2015)
(= ) Faster R-CNN

Reneral. (2015) #f FastR-CNN i&- # ecie > H L Bl4oB 7 “77 > & * RPN
PR R AERHEMEREE S RPN ViR L SGERE RO T T Efrehilie-
Faster R-CNN &2/ ifoiplzfid B { B> v F LRI 3 2 dp > £ 81 { e
FEFfoi= kR -

. classifier

p "| /\
roposals 4
e A
v/

| 4
Region Proposal Networky

feature maps

/. _‘ 3

conv layers /
A

o R i
s —

B 7 Faster R-CNN % ]

T4k F:Renetal. (2015)
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(= ) Mask R-CNN

Mask R-CNN #_- & # >4 2 if jp ﬂfr’ GlA B aVFEFRE Y #5230 v 4.4 d He. etal
(2017) #% >t Faster R-CNN HC3| A A 4o -~ BRIRG b Bygas L 350 #
IAER Y e X s ed i S foE Bw g4 2] o Mask R-CNN o 127 304 e @

TP REARER R EAET A (RolAlign) ~ 4 i W plesgfrp ¥ 4 g -

Classification and bounding box regression heads

Classification scores:
C (Median Nerve
Background)

Fully
Connected
layers
IMAG _ Bounding box

Region coordinates: 4*C

Proposal

Mask for each
of C classes

Backbone
(ResNet101 and Feature Roi

Pyramidal Network) Align Segmentation head

® 8 Mask R-CNN % 4 ]

7 AL %k :Smerilli ef al. (2022)

1. ¥ #z 8 (backbone network ) 4p e & — AR ZRT NZF &b gt o * 30 Fr ik
#POT P AFIHB IR PO ZHEMP T H 5 a0 (Elharrouss et al.,
2022) o T HEA ERRHEISIENS D FEEHY SRR ES
LS mﬁﬁj 21 4 4 #cB)(Feature Map )o % & % #2 ¢ 35 AlexNet> VGG~
ResNet % % -

2. % EHREE (RegionProposal Network, RPN ) #_% Faster R-CNN 7]
LA - AP T L anEH Pz (Selective Search) = % » 4%
B HREREfrEREE R ERRPRE SO AT ARR IR NE YT
iR R R

3. R B4B % B 48 (RolAlign )eiF % £_f24- Rolpool i & ehi= ¥ k45 R 48
#FEL OHRER
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4. i GORIE RIS W n 0 2 Rl e
5. Eiiﬁﬁy*ﬁﬂﬂﬁﬁ"mmﬁi°

B3 Lw 7 0 444 Mask R-CNN 67F safbie 77 P - 242 % 4 (2019)
Flr ZEA RE Al dm B At plgdE Ot S ER B (2020) i@t
URAUAHTEF R DF AR B % mAP 5 9927% iz AP 0 A
P ¥ pHo A 274 > Mask R-CNN 4 I ) o 4% ok

X 8 i

\\\
@@
s

B e £ AR oz (5 hd 4 1 2 sﬁ?\g(zoosw@ﬂr ® fE4T R iE R

B S HIS BBy VRY 22 phBRF AL G2 EEARE H
Fair e- HHBEPFRE T ESF S BT (2010) SERB G 5 T »If
e e 'M@"’%ﬂtmwﬁ/?l TR U B FRAL2RLFEERT R
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