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3% P E X UFZ (Urban Functional Zone) &
T8 LRI K i 3o i vh R ) 7R A R S AL 2 22 55 )
RERY DI, AL A Tl Bk IX . XA, i
1y 25 48 L (8] A1 17 D0 Sl T ] Rk JR B A E
TR (Chen %, 2020; @& fhid 45, 2021).
A B3 B e X R 1 T Az e AR TR AL &
TF R SRR 2 AR R 2w, 5 SR i 3k Tl D g
XA ATAFTEAR — SR R, AR ME B AR 3l 2
REE RS .

14 e I 1 5 PR W8 7 XAAE N AR =
FEIS IO AN A2, AR MEFEAT I Rl A9 30 T 2 i X

Wi HEA: 2023-02-21; FAEDZA: 2023-08-14

TG REA (Du%s, 2020), IT4ER, —HETHb
B HCAE ) 0 T DI BE X 32 07 vk R4 R A
s SRR G . AAES (2018) FIFHEELT
T 32 0 R 3 3 BT G IR SR S AT G Y, S
PINRE X B335, Zhao 55 (2022) MW T —Fp
F BTN A SR AR AL M R AR
4 BTSN I REIXH R, X Se R Y 7 e 35 — L
Fab, BlanEs RSB R Zm P B, BT
gL, RMECIA TR, HE ok
MR (Zhao Fl Fan, 2022), i #5550 W 7 55
W AT A FA N PN 1 o ST SN 1 o s
FRURAR O K (Biljecki FlTto, 2021). H I,
PR o b 2R AT I T ) AR DX o0 2SO Y ik T A

EE&WMA: WA NN G FEILSE (B :20221710072) 5 HITLIL 5 % T A 4 — M0 B (45 : 22XJ03007) ; [ 5 H AR B #3L4 (4 5
42171376,41771458) ; IR H ORFR 54 (45 : 20213330815 5 h g K s ke T 501 &
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JHHR Y BT I I ) DB ) 2 — o

P BB 18 R T By K R e, R
B 3 2 SRR A5 52 BT T R DX Y 3 26 R T RE
(ZRP8(7 A%, 2014; @PORAALTEZS, 2022; R
A5, 2021) 0 HHTHE TE RGBSR IBOR T D RE X
VEHU AT BRIT AT LAGT A LA 380 DARLIIIA% 1y
IR/NEIE (LufF, 2022) . RLESP BK A i/ T
(Zhang %, 2018) . PAXF R A /NHAIC (Du %,
2019) . HZ B/ 3R BT FFTEA R Z AL .
LKL I A 9 S 73 B BP0 5 18 0o A 5248 - 0 Sl
TRHEIE T8, TR X TR T B a2 XAl
15 B 28 Fr AR 8T Th RE X ELAT BH 2 A4 4 IR
S, ST REIX S PR OLW) A RS s LAE ]
#6000 Ay d5 /N LT DN 2 Y R[] — st PAD 3 g b RT BE AT
TEZ A TIRE XA )R ¢l T 30T vh i A XAy R/
AEG—1, HINEXNWRFEE 2%, K
WA A T [0 XoF 2 43 s AR X B — A~ 58— 18 43 5]
Z:J0K e A Y 2 RE DX 58 A HL ST g 1 Ok
(Zhou 5, 2020). % JEF| Eik#, Dus (2021)
P& 7 o FO AR R o N A T, TGS
XF ik o EI A HE AT A2, TR A JFAH AR TR 26 B
JCH T BRI T 5 S PREC WA ST T RE X
Horbad o3 %0 BIGE o — DB EI S N B
KNS A T RE X 2 F ARk, TR AR o H o B
hnan /A 59 BAT e — AR R AE B 1 SR 5
(Troya—Galvis 5%, 2015) . AWK S5 Hor
W, MEREAL 4 HI Y B G AR S T D Re X A2
)i/ NERTT

WA, 25 T B RE X 2R U7 s, R
J& VLB B 2 W 4% CNNs  (Convolutional Neural
Networks ) A3 i v 2 0 (9 VR 2 2 I i, 52 %)
N R A SRR 2R A R BR ), 7 BEAT AL )1 2
o 1A BB A B/ B 2 B 5ot (0 256x256 15
), [Am HOCTEREAS T BT N R YRR, T 22
W T HOTZAMOC R (GRIEAE &, 2022), BN
el AT 2 DX A S BARE 38 5 IR 1 2 el ATl XY
PSR, ULl T SCEMR IR IX 225, A
WL R — 25 53 Mt T RE DX A TG G 22 [] 1Y 4 ] O =
(Tao%,2021;Zhang %5,2017) . 20204F-, Dosovitskiy
4 (2021) #EH ViT (Vision Transformer) #5571
IETERIMG 28 EIRE T O 1S (Vaswani 55,
2017) . ViTidid A 10k T CNNs [ 254
EN R A O CIFE N i S (PSRN 3] S TR UN = RE s =W

TR A7 g ) 8 ST 2% 1 o3 B B G 22 R ) 45 ) 56
R, RAEMCRMEBIRM T iR, SR,
ViT BEARY AR T CNNs 1 7, A T R A 4
J¥ (Sabater, 2022; Li%E, 2022), Kk, i
AT R AP RFIE R IR, A5 VIT BERS7E A PR AT
RN HEAT 45 [H] OC R AR AR SCH TR A — ]
M BEAN, VAT A A7 i G A5 AN I A 0 U 3 B f L
£ TFH (patch), XFFASHLI] fr) b R G207 75 -
ToE A s R0 B A5 B . Bk, ke
A T BB A SR 515 VAT X A KLU A5 B b B X
G AT A (A AR A ST 2 PR ) 3 A [

i b, AR SCHRH — R g A XS T A
Transformer X 25 B TH W BE X 028 ik, H 5
WG4 (1) FEWHT X WS EER .
ERAG B MBE R, R 2 RE 5 %14 it 4
EIXF 4. (2) FIFH CNNs $2 B0 52 9 P9 58 FR A
(3) flA TR NIRRT G B g . (4) F
H Transformer X} % 5 45 AiE BE 17 25 [6] 56 8 @A 5 4
MHIRE X ap2s . Hr, R IR AT BR 1)
R, AR SCK I FH I 25 9 CNNs X5 52 5 A 7 AR AF 4
W, R AR S 2 0 1 O 9 O AR — 4 o 3] I 174 45
Eix D < S U o R SR VA L L B e a7 5 L
O3 AR X G AT 0 BRI I P I, AR SC R B 4R
THRF X R RGBS, X4
25 ) 56 R AR LT 507 B 5 B 2%,

2 DRI XS U7k

2.1 WRXEREHE

WA 1 BT 7R AR SCIIFSE K R b 5t i 7S ER N B
JAHHIX , 755 AR 2 3300 k. A SCRAARER K
H BING i [&, 5215 R}k 53248 x 69632 14 % ,
AYPEFRN 1 mo LT BUA BF5E b A A 3T T A
X 4r 24k & (Liu 48, 2021) F1 GB50137—2011
CO T FH b o3 2 55 00 4] A 8 AR #E D) (planning.
org. cn/law/uploads/2013/1383993139. pdf [2023-02-
21] ) &It 7 10T iR, HAERY . A
E.M . Tolk . 3, grih . R R . AR
R AR R BT AT AL SR, A SR
OpenStreetMap (OSM) - ISCHE T X 1 X 35k 1) 22 3
EAEE, I FEARIE IR (Amenity) . #EIHZE
Al (Building) . +HbF]HZEA! (Landuse) 5% 104>
FRAATESSE, LB S, LT
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R — R ARIE M EFAMLIX . (1) Landuse {5 AT I REAR Bt (70% VE RN ZREA, 30% 1E
commercial BY retail; (2) Building & commercial; HINEAEAS) FEILFE 1,
(3) Shop A wholesale LA (1) 5 73 M5 F d5e ¢

116°10'E 116°20'E 116°30'E 116°40'E
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Fig. 1 The imagery and label distribution of the research region

&1 OSMZIHEIRES XMNREIRZELN T
Table 1 Reclassification rule of OSM polygon and the distribution of category labels

FREEHUE A0

IREX 2 F 7 B F 2 F
PlERS LA
Landuse {7 commercial ,retail
Dl X Building 45T commercial 454 193
Shop 25T wholesale
EEX Landuse 45T residential 1419 579
Amenity {7 kindergarten .school ,college ,university .language school
WLk Office ZEF educational institution 644 317
Landuse £1%5 education , military
Landuse % T industrial
Water 25 F wastewater
Tk 299 128
Man_made 45T reservoir covered
Building {17 factory .industrial
Aeroway ARl
i} Name A2 airport 836 435
Landuse ZETF depot
Name 495 park
b Landuse 417 plant nursery 594 292
Amenity £33 park
Tt Landuse A7 construction 1256 581
Mot Landuse % forest ,shrubland 284 140
R Landuse £ %7 farmland 930 438
TKAAR Natural 25T water 288 154
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22 WRFE

ASCHAR PR AN 2 7R o ] ULH: 32 Z AL 45 T
) 0 R 22 )OI N RRA AR AT . X G
fFi’F 5 PR R R B s ) O R AR 6 4
o ANSOR T ) 0 R 2 RE R J5 %, Dl

—— — — o — — — — = - = = =

';j____+ BRI

R R B 2 20 5 v v Al R - o SN 1 R T
T 5079 I 12 A i b 220 A0y 113 3 T ) g DX JEEE 1) i)
s R B AR T T G M B R A G A
e, AR 1) X B2 1Y Transformer 4 A5 15 DA SE 88,
IRBAE AR 3 Ik T g Xy H Y.
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(IV)Zs[a) 56 R 7y 96

—R9 - HH%

Transformer# 7

P EBRFAIE

IBIIL
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Fig. 2 The flowchart of this study

221 ZBREHSEZ

Pl 3 J R T BT HLIUIAR 0 A % D FIAS ) 43
FIREZHCT 253 $E3 53 %I MRS (Multi Resolution
Segmentation) (Baatz Hl Schipe, 2000) #7543
KT, B EE Y HTT 2 0 R A% I T
S5F A I I B T X G2 FRLOT A AE 5 SE B 1 3k Tl 2 g
KA RV & ERZENEN . 2% Dud (2021) 1

(a) SEPRAYTHREX 2L 5
(a) Actual UFZ boundary

(b) HLIU A5 P B
(b) Grid unit

JrE, ARG BN 0 B S BN AR AT i oy
# IR B R A N e/ N A BOG  JE R
FEATR I 3 B S AL ﬁ%%iﬁi’%TRF‘ﬁ%ﬁs=
100 A HEATR G 7)o HLRR IR n] BE LR 2 15001
AN XS ﬁ%%ﬁﬂ%’l\ﬁ}%@%ﬁﬁ%/\#
AR RITEOL, (RISl DL g D 23 ) H R
X5 it Z i

() HHEE MG
(¢) Roadblock unit
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(d) Object units with segmentation scale

of 400
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(d) XFZHIT, Jr#EIRE S 400 (e) XFGHTT, 7 HIREZ41200
(e) Object units with segmentation scale

of 200

S ¢

() XRHIT, HERESH 100
(f) Object units with segmentation scale

of 100

B3 T GO TR R A 2T B L

Fig. 3 Comparison of the different segementation units of the same image

2.2.2 HEP4FHELRAD

CNNs FEfEH R R R EIREEE 1, B8N
IR BRI E LA Z — (Gao 5F,
2022; SXGIAK 4, 2021; BLil 5F, 2021). A
SOK; K FH ResNet50 (He %5, 2016) 1E MR L2 55
A0 3T 4 EA T 0T D e X6 G2 N BB AE BRI

HORFAE SR BOR R BB P (1) X RN
SR IR (2) X AFREFIE SR, Hod,
PRI A P 280 0 a0 BE AL AR T 1A P 1 R IR IX
s, HSF 256 x 256 12 3%, HARZE N th & 57 IX
P RR A B ARBUITHRE

xR |-> -

=
=ik
=k

REIEH

B4 RN SRR AR A

Fig. 4 The flowchart of the object’s visual feature extraction

(1) XRNFRAESIR G B2, X TAE K
DB x e RS 2Z X W9 ik 24 4 5
(one—hot) #5% y, B3 T Dy fig X 43 REHELE D =
(%0 2)} A ResNet50 4 £ T W& T
— A CNNBEAY, ZBRIA . 1) ResNet50 H11Y
50 B HRZE KB E it Al . 01k o BOE sR AL,
SERAS 2, B Ty — R ol RS0
BIgR; 2) — PR EERZE Ox 1HBRZE), I
TH = 2 AR AE 40 2 64 4k LLJS/ING 28 B
3) — A4 )R F 4 4k 2 GAP (Global Average
Pooling) FHLLR G H#1E; 4) — A SofiMax bR
B 2R T x IR i p. H T T

RS, B D A12) ks - 18). 3) e
JIGAP(VKE4) e hg( - 1,), 0,10, 53 5HF R 24
AR S8, BRI IE e AL Rk o 2 vl U R 2
HAFEIR
p = g(GAP(f(x,-IOf))IHg) (1)
AR SCR FH A8 SO 5 9 pR BT R I B2 R A
17 om B Ak, AU .

kocls
Lo==3 >y log(p.) 2)
A, ols FOR KB, p, FORFEA 5, B2 o
AT R .

(2) AR N ERRFAE SR I A SCRT R A A X 52
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FRAEAS th RHIE RS R R SE BB PP AR 2R 5
Jo TSRS B 22 I £ BT R R A5 P15 4L
BIERFE, A T AR X R PO I A B RRE, A SC
] L — 25 P R B d 5 A B AT
ERG ORI, B ( - 16,)0 XFF KRR
X e R PR G — ik JUSf oy Rot () (732)
R PG 1T 3 e XU e P Ao L S 5
i A AR RN RRAE R F7 e RE ]
h, ARSCHH g( - 10,) 0 FTER R, 4K
R RAAR X AR AR RN LI T D Al DX 200 ) S 36 MR
EP e RIS BRSNS, L, MIRX
BR SRR FP W] LISRR K
FP=[F"; P']e RI® it (3)

FEA SO, BT S AR X 44 1020,
Hels =10 + 1, Fob 1 SRR B ER “RiriE”
AR E .

TP Z UL ME], ARG X HIXE 5
HEE M e RE:, I 2RI R4 0 = (o),
Horh KR X 2 Z RJEMHIR MR EH , & —H
H5EMAR XA, JFE—DEM. BHEMEER
A IR [ O 1—K R 5, HRR R P x4
M2 o X TR Go,, ARSCHEHA QAT FP
AT, BNIL AR 0, € RO AT SRR R 3L
JIF A X AR 2R AR AIE 14 24t A A

(ZFTWﬂ
hj. — M(xy)=j - (4)
‘;fUM@ﬂ)
L M(xy)=j
T(jM(xy))= Q)
(](yﬂ 0, M(xy)#j

Lof, TR THIWRE (2, y) BB TH S0,
RO BRI A KR H =[h,, h,
h}(] e RI\'X(64+6/S)O

223 MWHRASBFFEMMMIBEEME

H T VTR I BE AT X0 LA 0 2547 2 1] 5 2
AL, T TG Xk AN BRI 3 B et 7 X G AT 7
BARE, ASCR T RBEE, MR
A X6 SR A JLART O Y AR SR 5 X 52 22 ] B A
XSGR o ERAK T ) X R 14 3 1 D vk T LU B
BRI I =3 iDDOF SN (EDG S RILIE 27 B A]
&, LG aTREN: T 2 AR, SR

BT TOE G2 B TUART Hhs A s >k K78 X6 G A |
A AT RE ISR R A G AR . i
PG DL BE, A SO AreGIS R fILY Z2 10 IE
fFRTE A (label point) RAEX RIYALE . il
ERIAR T RAETE A T 18 2 B bRiE, 22— 2
IR L, H—EREZ NS, R,
1 TR AR 2 0 i A 3R R A y — A 1) R EL
HIUE B RK, A SR I 7% i fdt HIx 4 04 T
B RO — @ B B JEHI U s M. 45 1,
RSP (8 P 0 R P A B (m n,) (TAvea,
LabelPoint Property ~(ArcObjects . NET 10 SDK)
(arcgis.com) [2023-02-21] ). Mfs, LA A K ¢,
AR VIT BERY B (57 & G LA A 730 T Dy e X X 42
Z A28 (] G R AR, BTG o, 1) i B I M R AIE
WU g =[m, n, s, ¢ |Fm. HAxFRH LA
b AR R I BT E . EXT R 0 =
fo}" S LARE S ST o0 R B AR
B, TN y B ST T B AR AR AR, R R
% o MUBREE UL A AT (myy ) 274 52 1 25 1
B, MEHEOMMME LR G ERIRA
(g, & v gl WIEEXT R AR PR S
o AE BVRRIEPRE , BT 3RA5 A A 7 B g Bt 1) %
FANFIEF

F=[H;G|eR:?" (6)
A, D=64+cls + 4,

224 ZTEXREEMSZE

AT BR3P, BRI 28R
fEE & LU —Am T £s . B2, BHE
Mk, X G RREAT TH HRE 2 s H N 7R RRAE A
Pm M. EAFRATHT SO, A A B X G AE AN TR
(1 Dy fig X v ) e AR S 0 25 [|] A A R AR TRl .
W, T AT UER RO I RE X 02, A EERY
X R Z (8] Y 25 ) 56 ZR AT — 2P Ry 3 b o A SCOOT
P24 {1 2 )2 Transformer B8 X)Xt G2 R 1E #E 17 i
— P IR B IR SR IS 25 A SC R AL, Hop
Transformer BRI L5 UNIK] 5, B — )2 Transformer 4
2 & AN — bR Norm  (Normalization) , —
MR ERE Y MHA (Multi-Head Attention) Fl1
— N ZJZ AP MLP (Multi-Layer Perceptron)
(X 2, 2013) . Horp I — AR s Al T2 3158
PR AT AR A RR R AR, HERR B AAPE A
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Fig. 5 The architecture of the Transformer proposed in this paper

AR FRATT LA S — )2 Transformer Sk 5] ) 34 #5477
25 [H] G R AR R L X T RERE F,
Transformer #  1 Je % Hi k17 2 IH — 4015 31 1H —
X RAERFE F ..o 5 24 5Bk
(1 6) THA XA R R G 2 6] i ¢ F AL LUZ 48 A
] % AP AE Z ] (9 25 8] 5 22, o #E ml LU
I 2 R

T

F/ = SoftMax 14 7

VD

F’ = concatenate(F|,F},--- . F )W, ®)
KX, K, Q, VIl F,,, M3 D& EBSS, QK"
JIF TGRS T G R T 22 TR AE Y s FR, fR T R
A T B, 35 % 52 P B AR 0E 0 5 o BT e, 4
SRR DL Ry 0 G P 22 ) 7R %5 ] B AR G OC &R .
HIA A4 R 7T v AR A R A B A6 7Y
Y REFFE , concatenate R/RFEREDHE, HiT £
MFEE BRSNS B A
[P E SIS

E o wxxezmm
9 ]
D £ m :
o
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K

Ko 2 kiR mseh iy [ R R As 1A

Fig. 6 The architecture of the self-attention module in MHA

TE PR Y VIT 8588 v A 1428 Z21 Transformer &
T 2% 2 i Al 1 DA FHRRE I SR BURCR . tab s 2
> Transformer Z a5 25 Rl 2, TEBIRIA i)
Wil o — B LM E X Z 047 3 K VRS I A A
XTSI 2 BIME 2R A3 A o A W] AE ol FH 28 SO 468 %
pREL (X (9) ) X VITEALHA T :

k cls
L, =-log> >y, log(p,,) 9)
i=le=1

ALy, 25 ALY XS G 0, JB T A cBF R 1,
RZH0; p, RmitGo,J@ T c BT

3 SLEBCE SERI

31 ZWiE

AN S 5256 76 Ubuntul8.04 #:4E 2 48 F #8471,
H 4% 4  NVIDIA Tesla V100S GPU 5 Intel Xeon
Gold 6248R CPU, WIF455 7128 GB, TEFZ 43I
AT, rEIRESH & m o ERct R 2N S
B ARSCGE SR R FIRCR , FERIEA 254%
ZAYIRE X 53 FIAE— XTG£ ] SR 1
T, W —LUSATRe/ N EI SR T 2 R 53
(s =100, @,,.=0.5, ®, . =0.5)(Duf, 2021),

IR T, O TR A, TR R
GPU W 7 1y B il , A SCa o BB/
Transformer /2 50143 3 S Bk & 7 — AN R AY
HIZHENSZ, ZREBET5 5B 8, it
AEFRF /N (batch size) R 8, fdi FH Adam 7E M4k
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v, FAER X 107, ANBEE BN R
m, YR EILZ T 200 MK (epoch), BALAED:
B 245 2.1 /N o A TS DX 8 1) 00 4
292,578 (DAL IR 45 20 T ab 21 L T8 [ %
G0y E) L N R AL E R AR g RS R R A BT TS FE Y
IFrE])

KGEEVEM I, BT AN R 3 207 T
ST, R TR A B 5 20T AT AT
BIPEMY, ASCXF A 7 B LG R R Je/NE
W HRTT . AT BENE R B X 4325 8 A B T2 B
SEREJE ATV, AR H Kappa R ECHI F1 score
PR TE 18 B AR 43 28 v T 23 S 98 R DF-f 2
AR B 73 20KG B A AN SO I o NG . R iME
W R-1, 1] (REBIER TR T0), HAE®
RFTRITIEHE BE B =

H T AE Sy BIROR AN 2 B b () 44 2R
AR E T, ASCEPE T 4T 18 &R
S Mo 8% T 3z i B ResNet50 % 2% F1 U-Net
(Ronneberger %5 , 2015) W %% , LI & SOCNN
(Zhou%s, 2020) fEMXF LT, Hrf ResNet50 /&
M MR R ML, fEdFordk . R E
KEZPMESTVER ET ML ; U-Net &2 —Fb
T XAy EI M4, ReNE ST AR IR ZE Hm 25
SOCNN J& — LI 8 0k fie /N3 26 B TT iy 3 i D g
X AP0, Mk RO AT B LA Y,
N8R B X I O 51 D R X 2 AR Bt A B 2 1
P, TS R A X G (B R S AT S T
FEXT G IRE X AL,

32 HBRESH

2 M ResNet, U-Net, SOCNN M A S5 g7
D DX 38 RS BE RN 25 S o nl WLAE TR R IR R
FEALTE AR R T, ASCTIEERER IS T
AP EE S . BT IR SOCNN, AL ¥ 1)
Kappa ZE0H 13.9% W T W, A SOk 4
KEBIZE Y F1 Score 4 Mttt Hirpr, ZARC
IFEENEE . QA S B MR 2o B
i 30% KTt .

TEVIHE X 7 245 R 19 V- 438 H H mloU  (mean
Intersection over Union) X —44 & PEMY 8 45 )7 M,
AR 377 B B mloU & 0.488, 1if ResNet, U-net M
SOCNN () ToU 43 5124 0.211., 0.255 F10.292., AH#%

THAMTT M, ASOTEA RFRTT . XE R
W1, LA 5 0 73 Bir B S0 A 3k T 2 R IX 732 v ki
FHRECH B FUER

FR2 WHINEER LKL R F1 Score EEIFM %
Table 2 Quantitative result of F1 Score on UFZ

classification
25 ResNet U-net SOCNN KTk
Bl 0.084 0.101 0.287 0.346
fEE 0.479 0.683 0.610 0.829
IR 0.029 0.229 0.449 0.537
Tk, 0.220 0.307 0.327 0.358
bl 0.332 0.559 0.550 0.796
Lt 0.418 0.408 0.526 0.669
Rtk 0.445 0.460 0.607 0.680
b S: ! 0.594 0.674 0.552 0.590
A< H 0.327 0.286 0.433 0.570
K3, 0.504 0.443 0.401 0.466
Kappa 0.305 0.451 0.553 0.630

7 M ResNet50, U-Net, SOCNN KA 35 ¥k
[ e [ s R 7 N v B A =i P IO
K7 (a) FHJETBHOREITT UL . X T DL 3ok i
/NG ARG Y ResNet B8, HBAOKS B I Y 32
L DR R DL B A BT G Th BE X i 5 SR Y 2
AE X I AAFFERE R, X — BRG] DL B0
Hi DA AT RRAR Y o3 S A5 R ol g 2 . Bl 7 (b)
R FJR SRR AT UL . AF LIS 3 N /N or R 0T
(1) U-Net 580 rhr AR N ER AT REIX Z (] 7Y
BT ResNet 1Ml 7 B INAF & SEPR A D fig X i
FHEOL, HRTE IS 7 AR AR B 2 1 DF
%, mET () FZIHRFRECRERT L . 43
KX R Ny oT, A NG R A &
AT, KA 2 H B A ResNet il U-Ne t28
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Fig. 7 Result of UFZ classification
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Object units and Transformer networks combined with urban functional
zone classification method

LU Weipeng'?,HE Qingkang',LI Jialing' , LI Shiyi', TAO Chao'

1. School of Geosciences and Info-Physics, Central South University, Changsha 410012, China,
2. Department of Land Surveying and Geo-Informatics, Hong Kong Polytechnic University, Hong Kong 999077,China

Abstract: Urban Functional Zones (UFZs) refer to specific areas within a city that have distinct functionalities and land uses. These zones
are designated based on their primary activities and the roles they play in the urban environment. Accurate extraction of UFZs and a
comprehensive understanding of their spatial distribution play an important role in urban planning and management. Traditional
Convolutional Neural Networks (CNNs) focus on local features through convolutions, but they often miss the broader spatial relationships.
Vision Transformer (ViT), while advanced, still has limitations; its tokenization method and learnable position encoding do not effectively
represent geographical entities and their spatial relationships, which is a crucial feature in geospatial analysis.

This study proposes a UFZ classification method combining object units and ViT to address this issue. First, this method utilizes over-
segmented objects generated from a multi-scale segmentation approach as analysis units to avoid the presence of multiple kinds of UFZs
within a single object. Over-segmentation helps in creating smaller, more homogeneous units, thereby increasing the precision of the
classification process. Then, considering that current methods often focus on the inherent analysis of objects while ignoring their spatial
relationships, ViT is employed for spatial relationship modeling between objects, with the geographic attributes of objects serving as
position embeddings. In this way, both the inherent features of a single analysis unit and the inter-spatial features among objects are
considered for UFZ classification. Position embeddings using geographic coordinates allow the model to understand spatial proximity and
relationships, which are crucial for accurate classification. We chose Beijing as the study area and downloaded imagery of the area within
the Sixth Ring Road from Bing Maps. We also collected labels from OpenStreetMap and reclassified them into 10 typical urban functional

zones according to the “Code for classification of urban land use and planning standards of development land (GB 50137-2011)”. This



ELEIG 45 554 %4 B0 R Transformer 25 13 17 D fig X 432 1939

dataset provided a comprehensive and diverse set of examples that are representative of different urban functionalities.

Experimental results show that, firstly, compared with the results of existing methods, over-segmented objects can improve boundary
accuracy. This enhancement avoids the jagged boundaries resulting from grid units and the presence of multiple UFZs within a single unit
due to road-block units. The improved boundary accuracy ensures that the functional zones are delineated more precisely, reflecting true
urban layouts and reducing classification errors. Secondly, the accuracy of UFZ classification increases by 13.9% compared to the method
that employs objects as analysis units while ignoring their spatial relationships. This significant improvement highlights the importance of
considering spatial relationships in UFZ classification. Additionally, the traditional position encoding method achieved similar accuracy to
the method without position encoding, indicating that traditional position encoding does not effectively provide positional information. The
kappa coefficient of the proposed method, which uses geographic coordinates for encoding, shows an average improvement of 0.042
compared to the traditional Transformer position encoding method. This demonstrates that the introduction of geographic coordinates can
effectively provide spatial relationship information, leading to better classification results. The kappa coefficient is a measure of
classification accuracy adjusted for chance agreement, and an improvement in this metric underscores the robustness of the proposed
method.

Key words: urban functional zone, remote sensing, deep learning, spatial relationship modeling, transformer networks
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