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ABSTRACT

Automated crowd behavior is an important task of intelligent traffic systems,
which can implement efficient flow control and dynamic route planning for
different road participants. Crowd counting is one of the keys to automatic
crowd behavior. In recent years, there has been encouraging progress in crowd
counting using deep convolutional neural networks (CNNs). Researchers have
devoted a lot of effort to designing variant CNN architectures, most of which
are based on pre-trained VGG16 models. Due to lack of presentation, the
backbone network of the VGG16 is usually behind another heavy network,
designed specifically for good counting performance. Although the VGG model
is already superior to the Inception model for image categorization tasks,
traditional crowd counting networks built using U-Net modules still have only a
small number of layers with a basic type of U-Net module. To fill this gap, we
first tested the baseline U-Net model on a common population count dataset and
achieved remarkable performance comparable to or better than most existing
population count models. Subsequently, we further push the limits of crowd
counting by proposing U-Net-based segmentation to guide attention to networks

and new lesson losses for crowd counting.

Keywords: Crowd Counting, Curriculum loss function, Segmentation guided

attention networks, U-Net
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Network) 5 # §GF &7 2] Eix? it & 17> s - fAikd Hikd nE
XY 2@ wiEe o B 12 #7709 FCN 43 & £
- AR a Ko P B(Seh > 4% & (Fully- connected layer)it
DEFERECN)*THF® > @ A PERRE Y 2 R 2Dk o
w2 [25]3 N et (Skip)# F 0 ¢ 7 BPERA o RERIIBE o s SRR
et hTA PR BAE R K ARG R RMHE DG B

Forward/inference

Backward/leraning

— 7 4096 4096 5
7 512

) 12 » FCN % £
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A3t UNet# i #0k 3 A n2t i

d Bl 127 > @y - & 250 softmax 1635 5 & iER (S 5 451
FE 1% & - k& ;T‘&‘,{E— pu P BB ESE o L HIAT R lg\ﬁﬂ
e g5 chiE A2 0 @ F % ff (Deconvolution) - 7r A AL F F & 4 (Up-
convolution) & #& ¥ ¥ ## (Transposed convolution) » B E_& * **3x < fZ»j;f]
M oFoer I L LFog i B hfeARREHLER
Bl e BRESFERETL T EERTPI AR FptAFF %
FARAITEYE EH L 5 &3 > Zeiler Matthew ¥ 4 » 321+ 7 H 2 %[26] »
EEEHOER-EH - AL EFETY lﬁﬁiﬁ%} A Pt SR e R
s ;}aﬁ;f] » Fr Pk BBl e 2 0 T 2 1% Dumoulin Vincent % A %7 7 [27]
Fes52jz

LR 130 B AR 4% B p st 2%2 0 @ fE B X A B AR
2% ch B RIPE SA 4545 gL Bk R 5 3835 T UE R X 4 zero
padding shigc® 5 f-1=2> 27 fLig il Behs ol o B S0 R FH
> P BBl f oo

B 13 Lo F 47 2 B[27]
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A3t U-Net #¢ (G it B2 0K 7 A St ik

BELE 4L f o 00 SHr 0 B30 S0 F O R
o EE W R

- ®e

B 14 > &5 ff B 42[27]

BFELI PSS LRI 40w By i ERL 16hxw & #

?Riﬁcgﬁyﬁﬁﬁ&ﬂ&=£’i%}w’ﬁ1%ﬁ%@ﬁ9%

B 15 F % f# iB42[27)

FCN B 7§ - #8lz e § 56975 S0 4oB] 15 #77 > 548 conv?
R iR s e 0 5B 32§ eh k3R 4% (Up-sampling) {2 17 ] iy
B AR P ek ] o iR AP e A ek 4% ] (Label map)#t i i FCN-32s o
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3 U-Net# 5 e s 2 ik F M4 3t

/lp

onvl pooll conv2 pool2 conv3

32x ups nnplcd

pool3 conv4 poold convh pool5  conv6-7

2x conv7

pool4

4x conv7

2x poold [ ]

pool3 [ [ |

B 16 » FCN & & “75 i &1 2 % $[27]

‘Jp ~ 7

3

71

RN ERRAFEOF O BAREED L A B fre RIBT
Bl nfa SRt e e R AR E GRS ZRrEE Fagil ¥

R H A TR A R 0 @ o 2 [27] 2% ik 38 < % 4 % (Element-wise

addition) . & #a ] o deB] = -17 #7571 > FCN-16s #_%- pool5 mﬁg?l T2 B

=

F R R e poold B EET 16 B F Ktk ;5 FCN-8s B £_% FCN-16s & {7

F:h:’]fi T m;fii‘,{*"{]%]ixe‘.rr 2 & F:}yhﬁ': ﬁ‘fr’ pooB ﬁ.f—? 8 B} :Hgﬁ ’
m ’]‘Q%““%/z‘ EJ » FCN-8s if ﬁ:":‘i;;&f;}: o

DenseNet d % # #-#.(Dense blocks)fri# it # i (Pooling operation)#7

B f B F LW 4 Hep o B chig il 3% (iterative
concatenation) > 4vfg] 17 #7571 >

= [28] H ¢ &

e PFe A AR 5 &_ResNets 47 5 £ [29] o
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25 U-Net #0 ‘s e e 20 £ R 3 TR A a2t dic

Input

Output

B 17 > % & #ics(Dense block)

424» DenseNet (4-B] 18)F woat @ * @ ifr fgenizird » H B

I OREL R S K F - 7 BB S (Short paths) P IEMFEE E

5 FP AL IR T NI R %JWE;?}& .

@ 18 » DenseNet - Concatenation 7+ & B|[30]

19

7

;1

e

’



2% U-Net #2 5 e s # k9 A it ik

R L YRS LTy MG S
A SR A ?f/‘?: » 4ol 19 fror o E R oA AF e 2 AT R 2E
0 4- @1 20 #777 » TD %% T # % (Down-sampling) » @ TU & _t & (Up-
sampling) » F F $HL w0 % HOH A S dF ph S RIE (7 FR R 0 @ 2 AL
K Layer At B > FRIEHE P ~EP FFHR > EWTD fo TU P F4r

w =
5
- T

Il Dense Block [l convolution
B Tronsition Down B Transition Up
--=>» Skip Connection Concatenation

® 19 » FC-DenseNet 7 #-#[31]

20



A3 U-Net 4 G 5 B 2 £ I R 7 IR 4 T3t dic

Transition Down (TD)
Batch Normalization Transition Up (TU)
RelLU .
© - 3 X 3 Transposed Convolution
1 x 1 Convolution stride — 2
Dropout p = 0.2 —

2 x 2 Max Pooling

20 TD 4= TU p % [31]

RO A REDRPE 0 AR A § AR R R
(Normalization) » P & _ 3% 2 $ic A Jc & B » @ % @& * Batch
Normalization R 7 f— & #j » 7 38 € 7~ KL AR1- > & Bt g =
T3ms 0B L5 1 en¥ AT > fé* Sigmoid Si#cpF o it 7 s 41
BEIT- Ko RAFAN A DRE -
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2% U-Net 40 S5 e # (k9 A it

2.4 UNet -3

UNet ** 2015 # ¢ Ronneberger Olaf & A #73& 1) » £ §d B IE B
AT s D% - i &t &5 i 4Z (Contracting Path) » + AL L 5 Mo A8 F
(Encoder) > JR & % ¥ fF Qe BREE 02 5 % = 1F 2 3% B B: /2 (Expansion Path) >
= A FE G f275 F (Decoder) > @ 1 ¥ f fr# i (Concatenation) k p 4; R A
RS o T LR R R IR BE R LR Al R
> 3 gl oo UNet 3B 2 Tﬁéﬁ«u R3tfieh s B U A5 ks B L ffz 4
koA S B E R B R MEED AL E - Y

E:y
e
P
N
|
=8

P A Y & aifh ® BT UNet f FON[27]5nf 5 i daie 1 3

R LA i B o

64 64
128 64 64 2
input
. output
image '
g€ | > *1*|*| segmentation
tile St S| & S
| Off © :J g ; D)S
N Off ©
~| ~fl © a
n|unguw
' 128 128
256 128
o) ol &
Al S & Sl S
O © oo}
N N ~N
' 256 256 512 256 t
A bt bt vﬂ*l"l =» conv 3x3, ReLU
=B Gl 3 e d
a3 SIS copy and cro
' 512 512 1024 512 py p
gl»@l». i Hi-l-1 ¥ max pool 2x2
© 1024 45 4 up-conv 2x2
-’_z_ =» conv 1x1
o™ N

] 21 » UNet % 1 F[32]
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A3 U-Net 4 5 e B 2 £ R IR 4 3t

UNet # 52 ed¥tic & * 4p 5 > £ o) "Lk 2 W13 & F
i LB 0 R FRGLIE Y LA ER > F L ARl ol
FEF 20 2 5 LB ELngsh o g A A o

FILIE Ao R 21 4Tor 0 2 RS JTHEERIE 0§ f . Down-sampling
BEGR I T EH FREED > & B A Bl 3*3 B4 - RelU
s LS h < 4 itk (Max Pooling Layer) » ioth ikt ¢ £4F 7
+ R A BB RIS 0§ F Up-sampling > 3 4c f247 & T 44 {7 4& £ (Interpolation)
PIRF G = g TR > R 2% P S AR S RE
TR LE iﬁ-‘iif{‘ﬁﬁ%ii" 10 Ky cndF pcp 5+ B34 i Skip connection P
B (concatenate) I ¥ B B [T b IR R peph ST B P DI B IS PR 0 B 1%]
%ﬁﬁﬁﬁiﬁ‘“‘ﬁr@iﬁ"') FIrR i P Ty LR -

UNet ® ¥ ew i 44 5 Skip connection » # 12 §[ 8440 & e gt fE (8 7
R 27 39 (Crop) it s A & cho Bl i anifk frlisr 3 3
E%i?&';%ﬁi/l/ s F ‘;‘:’J %;?j\gét?rliﬁ}ifz o

ResUNet € 7k > ResNet[29]e7F #7471 1) % e UNet ¥4 o $4~ e
B E LT SR BURRA S RE DT 0 R BAR S o A SRR LA
el PRt R FRESFFRESH kg ERE{r &M
2% ERFRFRATFIZEL R E Y AR ERIFEM G
F 4 8% 1| e > ResUNet % i skip connection g% - & i) 4 ehR* 48 >
Bk w7 JE B cndd poph ETFE];‘;]: D LR BES R L FT L
SRR A R Y cndF ik BPR) 0 » d8:8 UNet B0 7 k3 LR A iR

e

i

= B#A £ 3 ~(Residual Unit)¥ 4t 4 7 &

23



A3 U-Net 4 G 5 B 2 £ I R 7 IR 4 T3t dic

yi = h(x) + F(x;, wy) (2.7)
X141 = f (V1) (2.8)

PR AT a, B A L H A m@?l ~ ft‘@s?] s F() & 2 4 & #k (Residual
function) » f(*) & /8>  #c (Activation function) » h(-) Bl & 15 & p bt S0 Bic
(Identity mapping function) > 4§ 22 #17 -

Xi

|

l—_

BN
Convolution (3x3) R:LU
v
RelLU i
e Convolutfon (3x3) Identity Mapping
Convolution (3x3) F( X ]) B|N
RelLU Rer
l Convolution (3x3)
\ 4
*F(xl) +x,
X'1+I
(a) (b)

Bl 22 > (a) UNet & * 2 4! & = (b)ResUNet i * z_#! 5 ~[33]

B 23 » 7 skip connection 77 ResNet blocks [33]
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2% U-Net 40 S5 e # (k9 A it

s F RLeh ResNet Lpti s & (4B 23)8 = & » %2 WA LIk
W LA F R T EE R ARG AR T BER

ResUNet = B 7% H4c ] 24

Output
*
Sigmod
4
Input Conv
:-;-hl
R 1 | o
[ ittt | : Conv Lo
1 | |
: : Conv : : RelU ! i
i BN | ! BN o
| RelU ! : Conv o
. Conv | | RelU o
| - gt | i BN |
: | | | A L
| : L Concatenate -~ |
| | : A |
T l I Upsampling :
[ BN | : A I
R | A |
e e
] n 1
L ;Nv | i Relu | |
| I | BN :
I RelU | ' |
| Conv : : —rt | :
. e
| | | i .
| ! " Lo
l | > Concatenate --
T | | | A !
I ! BN : : Up sa;nplmg :
L ReLU ! | IAGitoR - |
b Conv : I Conv |
Lo BN : I RelU o]
I I l
| ReLU I | BN o
I i Conv | ! Conv o
| DAdditioR | | RelU | |
e S— - ! BN L
Encoding : A o
~+ Concatenate - I
4 |
) I Up sampling I
Bridge [ S — a
Decoding
= o 2
Ly 2 = & Z2 d £
3 Bl

®] 24 » ResUNet 7 1§ [33]
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A% U-Net #¢ S e it 22 # i kg A Jnt

Attention UNet[34]4]* F R A S RpEHE LA ITEFT T2 0 &L
NER T RS LA R RS 0 @ Attention UNet £ iE 1 8 4 W
(Attention Gate) X § iz B ¥ o /L& 4 R ¥ 104227 Hl i 7% jm B g fcpn
G U4 o & UNet B4+ o BREYE - BALM > ¢ B Skip
connection 2 far ¢ H#-|T HFEL [T i Pk S Rl B - b 0 £ o B RS
PSP ATk 0 A BB T TR B S L S At E

1x1x1 Resampler
P
/ 1x1x1 % / H gt

1x1x1

Bl 25 » ;i & R (Attention Gate) 7™ %, Bl[34]

F25 ¢ o fr B ()PP () RSB I X IX 1 B4 0 2 F M
BLAR e F i 7 - kP 0 AR ReLU(0p) ~ 1 X1 x 1 ¥ 4 ~ Sigmoid(o,)
fr€ #73# B (Resampler) » & (8 &5 R ﬁéﬂi%] ~ 1518 E'Jﬁ;‘] o

L R H 7 (Attention Unit) & 28 382" Ui A (40 @ UNet) %5 FT B4
Fla ¥ UEEHINGNLNE > LFERGDOF RIS L P B I LT Fat
Fospt ob o B E T ARG TR 0 RV AR Y g
AR R - BILR ik (Attention Coefficient) » ¥ 1213355 1B 5F &) §F 4%
Hcph B ] AR (7 Sc 4B 0 F 00K S R B R G ML e B [35] - B2 AN
PR AR o A RN AR o I XTEE 0 FE T U
BEEEF > AT AT

Qo = (01( x{ + wlg,+by )) + b, (2.9)

al = 0,(qaee(x, 91); Vare) (2.10)
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A3 U-Net#d F ez £ R § w4t

#oxl B kp FTHFRIEE 3 Tl engw e > g » d skip connection 1% mﬁ%]
» g'frb(p ?3 bias E-h’/'}/ a1 IE ’ ﬁatt i’a - /%\ }—IJ%;!\'H—%:}%#’%‘ T GZ(xi,C) é‘
sigmoid S » 2 N Ao

1

02 (Xic) = (2.11)

1+exp(—xl-,c),
B 26 tF, 5 i€ g #ic > N, 5 27 %] 3c - Attention UNet v UNet 6% B £ f3t
275 % (Decoder) @ {38 {7 f# 55 v B A5 B (Encoder)#f P~ e ficiE (71
AW EATHERA TR HEg SIr R TEa ERY A

FEF ~ AR R e oo

7| (S SERGE
8’) 3 S f . ><E x x f
& [ = | RO e I e
£ = = EE (B S
= | x x o5 LoX | X x g
— = N N 1 \ N Gl B —
35 T ] Q] TNARREEIEIRE AR
= x >:. >:l f ' x| % x ! X, X x| >
=) ) [ [ NN RS REE:
x < R VX% <
N N 0 0 )l o 1 |
T QR Q]| (] =i |
| 1315 [ & S et Rl e et B L ) (Conv 3x3x3 + ReLU) (x2)
a S % E : E ! % % P ~ Upsampling (by 2)
ap < N 3 ol e o Max-pooling (by 2)
ol I ol I S T S B o - ' :
x x x x| x| x x Skip Connection
) <+ <+ | - i )
i R = B "_Lr;’- ke, [ Gating Signal (Query)
% o " Concatenation
E E _/~) Attention Gate
SN

[ 26 > Attention UNet 7 1 B][34]
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A3t U-Net #¢ G e i &2 #  R 7 A Tt
$3% HAFER

3.1 F iAW

Ao M2 UNet 28 @ 2 4800 foeniyd) 2 3 Bin fzdo @ 27 > %

PE A TR R 0 A B Ground truth vt R BB FRFR g R
AR YRR A R R TR R R -

KB {32143 #%)# Ground truth

LING

|

Resize A
256*256 ABERGIAGRE) A - : | Performance

(FCN, FC-DenseNet, -
\ ResNet, Attention, Mobile) EVahlatIOH
I\ %&

AREHE —

AREH CVAIREATES)

— 1 7 RAER

ABHR(AAEH%)#Ground truth

B 27 A< 2 F B ALE
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A3 U-Net 4 G 5 B 2 £ I R 7 IR 4 T3t dic

3220RFHE
Aem 2 Arie 2 A FR i ShanghaiTech #icdy 4 [18]4c o #
dow s e Tl oot 4 B2 o AR A ud 300 e 182 3% 7
A Ed R e o Ao B N rRlE o Bl ek 3Rl B 5 33
3139 » To3tgics 5014 < B 384 A uld 400 5Efc 316 56 2§ M A pe
(768x1024) cHf] i e » * 3220 GAriplEE o 22 A N4 AR > BL B P e
AR E S Bl el XA M S 9 e 578 TiEh gl 12360
UCF_QNRF #c43 & [19] ¢ 2 1,535 %3 WEMY > 27 1201 36 % 32
B0 334 R ONRIEE o B frd X3 lA B G 49 e 12,865 0 TiohEch
815 - UCF_CC_50 #c¥5 & [35] ¢ % 50 & Wl if > B | frd 31 ¥ w5 94
fr 4,534 - d R EE T R 2L - BAG PRALDESE o £ [35]
feF P B W1 iwd k> AP AFHRY Y AREHFE - AT B IR

28 FHlm& 4 2930317 32 -

45 BHFTREEZ B 2

TR ShanghaiTech ShanghaiTech

UCF _QNRF | UCF CC 50 | Total

B (A) (B)

;)Il ‘;ﬁ
o 300 400 1201 - 1901
(5%)
RF
o 182 316 334 50 882
(5%)

x_train, x test, y train, y test = train_test split(x, y, test size=0.1, random state=3, shuffle = True)
x_train, x_val, y train, y val = train_test_split(x_train, y train, test_size=0.2, random_state=3, shuffle = True)

B] 28 - train_test spilt & 3% 425 4= &
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A3 U-Net#d F ez £ R § w4t

3500

3000

2500

2000

AE

1000 |

ANE

1500 |

500

ShanghaiTech (A) 3114k & #}

T

T

2500

2000

1500

1000

500

§ T

50 100 150 200 250

E & €L
) 29 » ShanghaiTech (A) 3/ 5 7 4

ShanghaiTech (A) )3 &+

300

T T T T

20 40 60 80 100 120 140 160

AR R

@ 30 » ShanghaiTech (A) 3 3 42
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3 U-Net#! GaRp B2 £ il R F M A it

ANE

A#

600

500 -

400 -

300

200

100

600

500 -

400

300 -

200 -

100

ShanghaiTech (B) 31| 4k & skt

50 100 150 200 250 300

£ &1 KL

®] 31 » ShanghaiTech (B) "3 3 #L

ShanghaiTech (B) 8] & ¥}

50 100 150 200 250 300

£ & L

@ 32 > ShanghaiTech (B) |3 7 4L

31



Bt U-Net A 5 e i 7 # Uk 3 T4 a2t i

ShanghaiTech > W F#t 2 ~ R # & 5 7 A5 & @ ¥~ KEL -
P e b AR 37T 0 D R R - REGR P () $
Bah » AP T RIETIHEP T P A SRR ERE ()
RGBS AP RV RNETEERP R R AKB S 0 TEITA
Bo(Q HAEGY 0V A RBEERDIFHE 0 R A FIFR 0 F R A ETH T
() BER G BRI L Rd M T d SR EE ok Rdh B
%7 (m) HLE ZEL A EREF D AR FG AR BB E A A5

\\‘

4] o
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A3 U-Net 4 5 e B 2 £ R IR 4 3t

EST c'ount: 104

o

p
F-5

. g B ) GT count: 270 G EST count: 309
(g) + (h) (2)Z Ground Truth (i) (g)Z Fa R4

“ ¥z EST count: 960
(m) £ (n) (m)Z Ground Truth (0) (m)x= TR A&

B33 L#% & A FF k2 Ground Truth # &
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A% U-Net #¢ S e it 22 # i kg A Jnt

3.3 40 4 e g 10T

ok & d o A g A w gt CNN 4 G SEl R S EDE R
ipiﬁﬂﬁ‘ﬁ?&ﬁﬁi”@%kﬁﬁﬁﬁo%ﬁ¥’ﬂﬁﬁgww
A AT R ol i Y A FECE] o A H R Y R RK R A
¢ £ % 7|4 % (multi-column networks) ~ ¥ % ¥ fcfe £ (feature fusion) fr
A%+ #4] (attention mechanism) o
|40 T A KR A F Y h BT R EE[18, 36,37] ¢ iF
5B % it ONN ch4 320 i) 2 — » MCNN[I8] # = B A & e

5 7

PR AT R i B A 3 o MO B 2 0 [24]3% 7 SwithCNN »
BAl- A EREGI P AENRE  FH=BALY H I 2 - o g
gg%gp%azwﬁgia@wzkﬁ%ﬁA¢mﬁgz§%ﬂag,
e [38]3% 1 7 — BHA 0 EHAld VGGL6 ens Ba L e s BEgou

FRE A B AT 1ﬁ”5imﬁﬂ)‘l§:]”°]]?'ﬁ[39] - BA SRR vl
CNN e o L E A F Y MAFMFIIrE A FFFRARAR - B & PR

L

Ak

PSP 57 ONN #Al R S & * 0 A #ideh &
i o
PREeOH - P AR YR A G o £ (40, 41] - 2
ﬁ%&@gﬁgéggﬁﬁgmm~EJﬁTﬁgmﬂ%%@ﬁgmﬂaﬁ
A o fI% Inception #3[26]F M iE S A FFFACE KB ke
w[44]d macdedl > 2 HWE R L AL F e 34 o 2w & SANet[45]4r
TEDNet[41]¢ > Inception $irie e * % A ¥ #cfrd] o« AT ¥ » B
# % U-Net =3¢ -
B O AP B R LR A BT - iy F
#21,23,40,46] - L L4 WHIKEF & AR EE 0 LT FIRER
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2% U-Net 40 S5 e # (k9 A it

L (Gl4cF B~ ﬁ%;,‘,z CREI)OREBT LA TR Lo

T A IR P BB REP T R A F R RN L[23] 0 etk
Blazi R P (Ml 2R o 50 PRfEA ) B SRR
B Er it R R BI[47-49] c R IR T EARB A AR o A
ME R L PRI R R R Y Y e BARRI[S0] 0 N iE S EaE
BY K- ~ s BRI R A H e

7’ . \
Attention Layer |

|
1
1
1
1
1
1
1

Elementwise
Multiplication

(S

I 1D convolution I NN up-sampling
D Batch normalization '44 Removed Maxpooling

® Downsamping W Up-samping
Bl 34> A |83 34 A SRz st p U-Net(l) 2 "ﬁ% maxpooling
TR Ry BOF SR RR SO SIS 2 R 33
R e

LREE Y 0 Z AN LPEARIRE Y L HEORE S KO F &
(5

200 40B > B P - AN BB HAES ¥ TR
4 ﬁﬁﬁ;l‘l}% ’ f_‘i'_"‘v ;\;"—D’L\% JJ‘_;, "&L"%}34 L;,_i__/__l_ o
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A3 U-Net 4 5 e B 2 £ R IR 4 3t

mask

. Goal .
Teacher Agent Alice Generator v%oalgood?
A A
Goal
score task score task goal Discriminator
\ \ /
Student Agent Agent Bob Agent rollout data
(1) Teach-Student (2) Self-Play (3) Goal Generation [ curriculum producer

D policy of interest

Tasks I ’ ~form Agent (L)
Skills ’ \ Agent (M)

\ 4

(4) Skills Extraction (5) Distillation

Bl 35> 1 fAikAes 5 ¥ [53]

SARNE Y F W RE Y PRI R - AR [54] 0 AN E Y (4
Bl 35)cnf8ia v g mF] 1993 £ o & pF [53] P 2 RAY S5 AT L)
PR e kB Y BHEZ G ich e RN E Y Rk enF g ok p 32 dgde
GRS R g CF IR S SRR Bartioe SRR ORI
Fim™ o FESEY A RB L FERE G EH o b 0 3w RRER T B
L?iﬁ’ri,’]% e Rl Y o SRR W TR G- B ARTEEYIRT bR T
BR o 5 T T Gl R AR o [55] W iR ARARE Y frp TER
Y [S6] L BEE - Bi- arfedd » Mg BV HE 5T hp T
ERFAFY o

BAEIE TP o AP AL Y B BAE Y Kk kKRB
AERRL RS DA BARNE Y ¢ A [57] ¢ F AT P
AR anEK o WL E BYRE G B AR A B o P RE Ak

BMEAEAS L IBIE BPFHESTBE ﬁtjfjtﬁi']?"ﬁﬁﬁe" o FRIL 2T
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A3 U-Net 4 5 e B 2 £ R IR 4 3t

Al ’ﬁcﬁ3§ 33 (f\ux m;}-&‘g&,{’éj‘g\% BB E AT - AETD F%UFE-;J}E‘*\ s b F
34 F4rif e APXERFVREDTRBGE LG LB TEHA LB FG
E:%%:“i?%mAﬁ&%W°ﬂW&§%Wﬁﬁﬁﬂ%?%y”ﬁ

Bl o AR o LR E X R 4 v o @ FELD R 8
| ; 3 ¥ j_),,l iﬁ J‘ m-g-;ij\. F]pb o e dﬂ;ﬁ:ﬁi? i3 Lff;ﬂ'é 2z ﬁ‘s’:“? 35
B A A XY Ak g onins £ H L E BT F AR %k an

Context vector Context vector

Aligned position
Global align weights

Global Attention Model Local Attention Model

B 365 L& * #4Blf#[58]

BAFTY o BEOAHEPERAE L RARTFRL . LR H
B! > APehp RIFY L7 5 Fen2dfFe% (FCN)» 7 MFENM
T AR A e R ) MAen

Méen = F(I; ©) (3.1)
e Q2L el iofdk.

YoBl345r 0 NPk D e Ritdhp F L0 U-Net > &4 d Google

Research [26] 3% 3+ * *2 B s 4 © 24795 £ 4 U-Net 2225 FCN > 2 ig v

TS ER A )R R A AR OR RBIMITE L B o R R
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2% U-Net 40 S5 e # (k9 A it

- BARA /é; [58] (4rB136) M B R+ F R P hfF e ¥ &35 §
P EFAHROPRERI G o d PR KL iR BP hhw
AR OF Fien B RE 0 FP AP R T U REHER P 2B D g G
ER BB AR A R mf/’}«}lﬁ%’ Bofo e PUEARY 0 Sk
L4 BT A 2R -

A FET ARV Y A Sl A HY AP R

oo BRI AP R E- BRANGFIAR KNP T eREER
A A B AR PFERE (fFe) DEMAFRES (FE) SRE X
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PR - B AR B A AP RS- BEREY TR
HcBlevi 34 B o 2t e o [S1)¢ e G s 2B Y e B R FE B
%R BE 7R EASE W T B BRI GE BEING Ak el dior A A
WAl 3 (5224220 B0)) o B [52]9 0 LR KRR 1T G
FREFAL AR AL BT VAR R o 2 i § U
WAl E £ 0 FIR v AREEES B R UOR R K - BEKERC F

VA BA ] o ARt 2T o e bl o AP R R ol » kg

~ KPR VEF {RDOETEAFESF T AR SR 4 B
M * AR o B PIORB ARG AN BREBROET 0 TN

n

YR B P ORISR o

41



A3 U-Net 4 5 e B 2 £ R IR 4 3t

$FFRptk
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B R SRR G ol AT iR E RGER o B & TR AR

Bt TR PR I HEARER PN FEE Y HE S B

oo A B ES BRI i % ¢ # £ K (Specificity) ~ &7 & &

(Sensitivity) ~ ## % & (Precision) ~ %% & #4p 12 % # (Dice Jaccard similarity

coefficient) ~ + [ 4p 2 % #kc (Jaccard similarity) ~ # ¥ I (Accuracy,

ACC) > ¥ #* 3+ #-A < Fp P2 B ffFv Ground Truth §F FHE i » 47 > &
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5 FH a2 %

2 R %7 (Cross Validation) &~ fa ¥t A e ] » * WP 8 X
g9 Al > X E A B iE'J?ﬁ?Tﬂ‘i% g (TR o BEF R A fe
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AT
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R SRR A3 E A g A T grenT AR o
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Original Set

Training Set Testing Set

Fold-1 | Fold-2 | .... [Fold-k| Testing Set

Fold-1 Other folds — Metric 1 ~

Fold-1 | |Fold-2 Other folds

Compute
metric

Other folds Fold-k — Metric k=

v

Predictive Model

#] 43 » k-fold CV % 1]

i * 4o Holdout CV & &_k-fold CV (B 43) kR " EE Y M= §
o B P2 g HENGF- A Tira e mgd:  Flo TR EATHPHR
PR B 4 2 T R s Flpt Ak BE A7 o random_state 3!
o AP S 50 0 T 50 K AT 4 B E (40 ¢ ACC ~ Jaccard -
Dice Coefficient... 5 )BT 3ofrik i £ » (7 5 B (S A a2 » B8 X

T R R SR BT ER T AR DR &

52



Bt U-Net 40 /5 g e 27 1 ok @ T 4 st

e i FHABE G 2783 £ > d M AHBGA F I T B
A AER o FIMLFTHEEN RS ERAEZVRIE 5 R EL AP
# 4 4% & (Overfitting) o 7 A2 3% 3 (Data Augmentation) ¥ 5 j£3RF F AL A
FNLFRFT DT 2 TS E R TH > HR REABE K
TR B i BTk A A AP Bt i < T MGEER S T o

% Pytorch 1.7 %A ciZ R EY P > %%f d torch.utils.data.Dataset

.

MK 5V iE = p 2 o Dataloader » 4o R 44 #7570 & @ F R F ALHH
o HBEEEA T AL S AP @A T RSP A L
¥~ batch w0 B EE W HFFH RE X P ho

class MyDataset CarBrandsImages(torch.utils.data.Dataset):

Class to load the dataset

def __init__ (self,transforms):

with open('./dataset/kaggle/CarBrandsImages/carbrand.json') as jsonfile:
data_load = json.load(jsonfile)
self.imList = data_load['imagepaths']
self.labellist = data_load['labels']
self.transforms=transforms
print('number of total data:{}'.format(len(self.imList)))
def __len_ (self):
return len(self.imlList)

def _ getitem_ (self, idx):
:param idx: Index of the image file
:return: returns the image and corresponding label file.
image_name = self.imlist[idx]
label = self.labellist[idx]

# read image with PIL module
image = Image.open(image_name, mode='r')
image = image.convert('RGB')

# Convert PIL lLabel image to torch.Tensor
image = self.transforms(image)

label = torch.tensor(label)
return image, label

Bl 44 > § » § $ ¢ dataset #2575
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3.6 R %5 % HtE

A2 #rid % 238 Python %< & 5 3.6.5 Pyotrch3x & 3 1.7.0 » %%
NVIDIA # {7 57 CUDA 3+ 5 {2% 4 cuDNN 4eid & k200407 » 45 & % B
% 9.0~7.6.5 1% %% % Ubuntu 16.04 » CPU % i7-7820X @ 3.6 GHz >
T Mace i < ) 5 32GB » GPU p]&_i## * NVIDIA GV 100 [TITAN V] - ¥
/b + & * Matlab R2021a Fo 54 5 28 544 1 o

i 6 R L BRI 2P SEkE L ] foF epoch #TE & R

PR > 7 003 LBE R % Dense block ¥ 14

\\\?{r

g oY e - B

EALE B AR T GPU i i 0 3 B0 kA i

260 4k REE eV ABER 4

Methods #Parameters Time per epoch (s)
MCNN 50,379,619 12
CSRNet 10,252,318 20
SANet 2,331,585 29
DADNet 2,037,697 4
CANNet 1,993,173 5
U-Net 1,941,105 3

R S N EENERS S RN EN SIELEE S CR S5 <
AR Y Y % Sfend ki o AP R R BT R R P ik
B R h s PR BRI R R B o B B EE LR 2

TS AR
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