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Intelligent Computational Representation of Urban Imagery
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Abstract: Urban imagery provides a detailed representation of the physical environment of cities, enabling multi-scale
analysis ranging from global perspectives to microscopic details. Extracting high-level semantic features from the vast
and complex pixel data of urban imagery—through efficient feature engineering methods—for applications in pattern
recognition and decision-making support has long been a critical focus in urban studies. Compared to traditional ap-
proaches that rely on manually defined semantic element representations, we find that computational representation
methods supported by representation learning can extract high-dimensional deep features from urban imagery. These
features not only capture richer urban semantic and structural information but also facilitate multi-modal data integra-
tion and the development of more accurate and robust urban models. Notably, intelligent computational representations

based on self-supervised learning stand out, as they can autonomously encode task-centric key information without
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the need for labeled data, thereby advancing the automation of urban imagery analysis. This paper explores the char-
acteristics, evolutionary trajectory, and interpretability of intelligent computational representations in urban imagery,
highlighting their potential to significantly enhance the capabilities of intelligent urban analysis. Consequently, these
advancements offer more precise and reliable support for urban research, planning, management, and sustainable de-

velopment.

Key words: Remote sensing imagery; street-level imagery; computational representation; representation learning;
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Fig. 1 Comparison of urban imagery and object images

2 HERETHESEH R G ERIE

SR R AR B T SRR AL A SR T JR0 5 0 A A0 34T, L H R N PR s wh SR IO RIS
B CLSCREXTIR T A (0 450 At it il sl LU B A E B .t T AN T AR 55 1R 75 R
Z5t, R ERIET AR, @ EARE B AR I TS5, REETARSS A SRR, ATt DR B2 HUK
RACAETOAE N [ W SRS B VIR R IR T 23K . IR, THERAE A EE 5 FEI T 37 557 (1 4230
B ERRAEALSS HARIL e 5 ZAHSCHIRHIE,  DASRTIRAE S5 SRAE S Br BT vh 04 R M i

THELRAE T2 ] 43 BT W B 2 S A% S0 J5 V2 A Aok i J IR ) B R B2 S vk . I B 2 205
PARK T K EARE LI 1 5 B A 5] WA MRS E R b B 2L, RE A=
KIBARERAE TGO T, BEAT SRR AR 2T

2.1 ERGFE—EEF IR TR ERIE

B2 2 TR T An i i, B MM RAR S AR R 2 B G R, 5 S BRI RHIE
TR o XTIV T AR IBRR T EE 5 BN GRIR B 5 ) iy H%W%F%ﬁ FEIR T 248 1 S
W DI T VAR BT 55 T SR A AR L AR 2R R, o381 SO FIRT B A 4
X T o R IR AR, A S S I AR nT ISR A RO B . R *ﬂﬂ<ﬁkd§3§ﬁUBq 1% I /ﬁ?
53R EL A T T I ZR250L CLIP [UESHIASHESE, SRR S SO X 2, N?ﬁ%%
&, &0 PlacesB™H Cityscapest V2 1AL E Z0He 42 DK L v BE SR T 37 S (MR v, ) V2 L T St



BHITHERAE. IAh, PlacePulse PUAIR AR T2 a5, Fnid T ARIRANME B, EESL T 3 v WL EA 85
AU A Z B R . I, Hou ZPENE N TAREMIEAM B AR ML &, WaE T M
8775 & LIRS BV A I =R 7y el K ERS N NEDAE B8 AL S 1E/TE W

FEIX L8 R ARV E B SR I SCRE R, B F0 38 AT LSRR R 22 X 2% ) Can 36 A3 b 8 ) 248
Transformer) HEATTUISR, LAIREUE T & AT 5 M BT RAE. Fl4n, Jean S5BI5E 418 K5y
RN GFEE, T B A0 2 X AR T A b X (K 2T A 50 A - Zhang 251403 PlacePulse ##iE4E
PR T AT DA S B i N R IB BN  UR P S AR 2 P 2 TR R Y . R B 2 ST RV 2R 5 R I
Mo, AR O 5 0T B A A () R S 3 BRI o B AR B AU R IR G, By AR [
B — KRBk thAh, BT I A SIS BRI FERHE A AL R IR T SRS AH G R 2 3R AE, R 2 Hicdfs
RIZNE RV FERE, fE X LSRR XE DA B SR 0 R IR T 55 -

22 AREF—BHREFITHTHEEITERE

F B )0 — PP e i R AR v B v SR AE 7 v, @i Wi AR E S (pretext tasks) K2
AR HNBERER R . XSRS EE MR B SN ERE, Wil Gk BRI R, B
AR N A BT LA R A s g2, BT GEIREE R, HF ThEsdm e, AREY
SYLEIR T RAAZR 53 A vh oA

EARYIR UG F B 5R T 10 Clniedt . BiEL) rTE T s A5 A I B AR EA T 51, (|
X 7 VT A ) T g R PR b ) B bR AR B RT RE G S T AT R N A, HE DA R IR T AT 55 7
Ko ANEFIIRTT SN ARG BT RAE . Flan, xftha@Bt el S snEss, AEgHmiLS
JA Bl — B AL o A Gr ey S SC A SR B, TR SR 40T s B BARAMESS, A B m A AE N A
SOpATTEZ SR S NP (108 NS AN BV i L1 ot 2 ) o P

R BB REA HO S M  BEHTHT )3 T AT 55 A AR BRAE S5 4R 41t T R TS0, ER B i 1R
Ayush ZEVSISRH T bR A7 B AR B 21 735, R R A A8 DX 3 S AR AE D IEREAS, 4 23 )
FESEMEASAE . 25U, Mafias 251471 JF& T Seasonal Contrast (SeCo), @i Al F 38 B A% 25 AR 1k,
BB PG L2 ST 5%, BRARBE AL 1 RIS () AR A UK EE . i T RA%,  Li SEeEgRbha T
CHOXTEL. “BFFERTEL” R “AFRIT AR LY MRS T, 8 T AN ESTE A A [ S A R Ik T
1% . BpRkul, “HOXE” fbd 7 2RE R, A TR0, 8 hE 55 2h A B R UK I i A%,
WA “BEFPXTEL” N E il S S R 5 B, ZEENAER, @& T ERMGEES: 1T
(YT AR EG 0 SSRGS, 4R 315 b s i B — SOt 2 & 5 PSS S5 2,
& T AL S BRI SR T A 55

AL, IR E S HAREEIE (nsCA . I E R, POL #dE) AHCHR, HIA XL 2 AR
BAHREAT %, W] LA &R R (038 SUE B B, Liu 20O H 1 45 G300y iR B i B B 2 >
Jrik, B EERERE RO R, FETHARINIE SUGRIERE /). X, Li M4 5 POI
BRI, IR T D e AR LA XIS D IEAEAS, R RO B2 STREZR 7 ST S AR I D RERFAIE . X EET77% 78
SR T ZESEAR EAME, IRT RS RAE T EAmRIE R



3 RIS BRITRRIE

THRRAE 7 RS NI T RAAR P AR BOAR FERFAIE , H I SRR (1) N4 B30 8 ik = 2 U SUE B
R, A 7 B O SRR 8 BT AT 5%, FRER AR FC LA R @ JE T AN [F) 30 i s 8 bm v i
A A B B AR SS TR AR IR BEAFAE,  FUsEdm i 1 IRLS(E 7 BRI Eo PR KRR i A 55 1R X
SR, AMUA BT IUETHE RO R (A 2, 3B RN FIHAT S5 R SR IR (OGRS i . Bk, i@
T AR BT IR BE AL TR R] B SR TE B R N . BT R MR RS R, FRATT AT DA KX SR R A

TIEMAT S TR RN, T S ERAE AR — ol . SUREE, BT ARRE IR B AR AR
T e B PSR ) SEA B XTI, A DT e R R IS B, i 43 BT IR E AR R [X ekt
WEERI D, AR R TR K, 93T JR A B R (R AR

W RAAR T R AR AT R 0 i R BRI T Tl . — R IR AR AR 28 & 1 E LN,
IR RN R R R L X S B Dy ORI . O T AR R IR SRR IE P AE SN AR, BIF TR SR T T AR
ST TTIE, 0 SemAxis FURFMENTARSFBY, E—GHh, {3 T-SNE 8¢ PacMap 5 R4 H AR B2SSIZE (i 4 =
[B) FR AT RRAG IR FERFAE () 23 AT, 1T DLE ik I SR AIE 1) 5 R A0 43 B A AR BEAT 75 U132 4N, Zhang %58 A
R, BB RE T, BREERME AR 1) 7 HCR A BT A [F) ) SR AR 20, X R AL X
AR AR e TR I AR R BE S0 AN T 1 54

N Y PR ABE AR A K SR T PRGN OV ) X I, I A A I 3 T D 2% R IO IR A SR — A T
RENSME . Bltn, FIF Grad-CAM (Gradient-weighted Class Activation Mapping) 2 A #f4b i AP, ]
DA T, RS RILE AT 23 S SR S IR R X 3B R = /B (Attention Map) 254
A, BT DL R AR B L A 4 N FSHe B 65 AN 7] DX SRR (9 DGR B o 8 41, Muhtar 25BM#H - Grad-CAM
JE/RT IndexNet [IRFEFRFAEAMIXST BYOL M1 DenseCL IR BEHFAEBESEEN XA (K%t R ARk, M
A SRR BSAE PRI Z X R . 5 Grad-CAM 280, R IS a AR “3E= 07 2
Biek, 55 Bh AR PR ASE R G i 3R A T4 N 190 DR 30 0 AT e SR P e W A A 65 AN B T AR R A 20 (1 e 5
R, R R IR FERHE S IR T IR B 2R 2 (A A Qe . it Li SRV HTE “ HOxTL 7 “BF P
XTEG” A A3 [T AR b7 = A ARERAE 55 42 B IR BERFAIE AL 5 08 1R W4T 55 1) ZR IR AAR IR FEE SRR AL 5
THREEAESS TR IAGRE ST, XS TIRBERFEREAT T 2 T ml g 1t 20 b >k B F 7 AN [R) TR B2 SRR AE RV
GRMIAR. Hrr, W 2(c)Fra, AR T EIR R IAS R ERAE 55 (R I 25 RS B AE AN [RIR FE BT %
HEEENESR, TURMESE—Z, “HOXH” A “BFsfth” SR B8 ZiEE 10406, M«
AT AR5 b U SEA B T Je 3 X ek X 2 B Al 5 AE LR Be xR e iR e R B B, 1S & AE T
0 1) TSRV AE S B e SR, ERJE R T, “H X 20ERAN KGN REE, HEE bR T
FEBMPRCHHER X . M2, “BFX” SoREif 1| (T REF) REGERSS, djEH
TEIESILR. Bl 2 JHEENRE GhEWE b, WEA EBRHEMRERGE, g 17 “m 7
X EE” I 2 A TUER K S N (A AN AR AE Y E



2 URPERFAE A ARRRE AT S0 GV R BR R B R BAE S5 IR B AE A R R B RS S5 (BT SIS Li 4508
Fig. 2 Cases on the Interpretability Analysis of Deep Features: Utilizing attention maps to reveal differences in the information focus at various depths
among models trained with different proxy tasks (Image reproduced from Li et al. [48]).
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