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X (Precision) 5 H % (Recall) BIEHF,
RE 0525 7 RO o B A0 4 i Ay T AR B
HAEEE A 0F 1, 9T F1E SR S m iR A %
HHEEA, FIAAXFBIT
2 X Precision X Recall

F1 — score = #(14)

Precision + Recall
TE ZAH BT 55, AR B
iE, xﬁw *%ﬁ%ﬁ@ﬁ%ﬁﬁw(%m
(&le Negative) . fi 1F FP
(False P&v‘ﬁ% L 11 FN  (False Negatlve) G
}Mﬂﬁ P

Positive) . E 1 T

TP+ Fp Rl =y
4.3 XttbFHE
NG BIPERE , A SORE T4 HE A9 Cross—

C2PO 151781 55 8 A FELR AR A T L3

(1) FC-EF (CayeZ#, 2018): FC-EF & 44
UG 4 8 3B J7 I A, AR5 R UNet 26 3547
AR, SEc >, B R, R T

Jrik. )
(2) Siam-conc (Caye 55, 201

Siam—conc

S FC-EF (2844, i ¢&‘ SR
1R X RFE %Fﬁ i T‘ﬁ@%,
HBE FC-EF, JL1F iﬁﬂ§l S 4 1
oy e mm%

3)@@& iff cayesé; 2018): Siam- diff J&
FC-EF )55 — A5 0K SR FEASE X122 (1 4 01
5 E AR AR AT PR A A R I AR A, 2R R
PONE A R7

(4) Changenet (Varghese %% , 2019) -

Changenet fif H1°F-47 43 8 322 0 26 34 7R AIE £ O
254G TR ERRZE R, DRy iy
RELBE (7 5 R4 15 15 B s i I OR , 7EM 58 {
G v J B PG S (R 1 B

(5) CSCDNet (Sakurada%, 2020): CSCDNet
T%iﬁﬁﬂ%$ﬁATm?ﬁmﬁﬁ%ﬁ%F

&%TMMWﬁIﬂ%m%m ﬁﬁ% HERZ
T H 1 A X H:%{ﬁf %
(6) HPCFN 21): HPCFNet H%k

m%ﬁa%ﬂ@ %ﬁﬁ%@a%ﬁ@%ﬁ%&
#ﬁﬁfuﬁﬂﬁﬁﬁwmz%ﬁﬁﬁMﬁ%%
fiff TR T A A X R Y 5 (] 43 A7 R0 RLBE 25 S ] B

W BAE ARG U SE v %

(7) DR-TANet (Chen%, 2021): DR-TANet
B MU S I AR AT 55, DUR AR
FRCHS IR BArpae ST, JRHEmREm, HimiE
ALK — 2 AL SR PR R I

(8) C-3PO (Wang 2§, 2023): C-3PO &
B AR AT I 2, 7840 1) FH 1 S 43 FIARE A Bl
AR ARG i #%T@&KHME@%@#—
A 0 A ﬁ quﬁgﬁym%#m

oy % .

44 ST Q“D
N W*

BB, k@%tﬁ%%ﬂim%%
VGG-16, 7S Adam It 1L #%  (Kingma 4§ ,
201 )M 1L, B9tT 40 107, JFR
FH 43 5% 3B K JH B2 R B% (cosine annealing schedule )
(Loshchilov %, 2017) shaSEE =R, R 17
I, X VL-CMU-CD %4 4E , batch size Hy 4,
Xt PSCDEHRAE , batch size h 16, FFA X AR ALY
Il 25 100 epochs, FEATfH A 1 4~ NVIDIA GeForce
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RTX 4090 GPU #F47 Fr 5 5256
AR AR S A A RE R R
fo o KA A KRQIE T, X SkR
AL LU — 4 Y EE S, HE,
mﬁ%@ﬂ@ 155 bR B 5 I 42 1 B4 Cross—
CON S B B S 00 S K AT 4
ARG KRR AR H N Ay R T R A
KR FHA R, 2 (Wang %, 2023) 1)
JE K, AR AR 138 SURIUR B, A
RELE AT S U AT

N-1
L= _Zwiyilogpi#(ls)
=0

NREEIH, A AR5 N = 2,
Hob s 0 Rty 5, U BIRAS L, 45 1 JeARF
fho v p S BIARFEI0 A A L HE S 2L 1) KA 70 7
W m BOS5 %, w ARFEEE RO, TR {5
SN A 1 1 R

\)@%§§$ﬂm>
n SR80 “@%é&@%ﬁ,mﬁﬁﬁ
AR W g

Nte

wy =1

5 SEEREER

P 7 T
A H e Cross—‘(i@ 6 L
1 AR TR it
<5ﬁwoﬁﬁﬁ§g%%ﬁﬂﬁ@ﬂ¢iﬁmm
LUSSHt N2 T L PES IR
S5 LIRSy, R R B LA E 5
ERRIIAT TR RIS (5279). R, i
A BT SO 87 S A R R R A .
VRSB RERAL P SR  E5.2° P alE— S T
RIIHMI L.

51 XJEbEIE

mE 1 froRn, 16 VL-CMU-CD % 8 % |-,
Cross—C2PO A It C-3P0, F1/3-%03E 5 1.6%, L
CSCDNet, HPCFNet L & DR-TANet 43 %] 2 & T
5%, 6.4%, 6.5%, Eﬂﬂéiﬁﬁﬁﬁéﬁgﬁzﬁ
AR T % L AT BT, Ay SR B T A
I e 2 R T s SN

12 K/NENG 3
P 3ok (FPSW#&; Z&f¥ (GFLOPs),

#1 Cross—C2PO EEZ &R VL-CMU-CD 12 & 1 F1 5 Eixt

S\ﬁ%ble 1 Comparison of F1 Scores between Cross—C2PO and Previous Models on the VL-CMU-CD Dataset

S o ek

F1(%) 1l it S8 1 (M) FPS 1 IR 1 (GFLOPs)
FC-EF 44.6 U-Net 1.35 354.8 24.9
Siam—conc 65.6 U-Net 1.55 245.5 38.8
Siam—diff 65.3 U-Net 1.35 253.1 34.0
Changenet 60.3 ResNet—50 51.31 120.7 86.5
CSCDNet 76.6 ResNet-18 94.20 23.6 336.6
HPCFNet 75.2 VGG-16 - - -
DR-TANet 75.1 ResNet-18 33.39 75.7 56.3
C-3PO 80.0 VGG-16 55.41 25.6 950.5
Cross—C2PO 816 VGG-16 55.41 16.6 ) £y 1500.0
A2l 53 N
mFE2 PR, \B:épo TEPSCDHYESE EF1 ki E%?%\ ‘ o %}?a% %&.
O

S e YRI5 — 4 C-3p0 T
1@&5 CSCDNet, DR-TANet /35425 1 6.7%,
5.6%. E6JEmRT Cross—C2P0O 5 C-3P0 i) Al ¥4k
AL, MTLAE Y, AR SO ik 3 B T o A
MZER, I AR 5 BRI R B R 4,
FEATH AR SO v BT W P R R AR A
AU A T AR A DU R K 7 DX
MAARAE, C=3PO NI & A3 R s 2 S0 20 € 1 el 2%
St 55 AT AR I R A SR R IR AT VA A E

5.2 ;‘%E;EB@*P‘@%I\@@

ROt AR S0 05 2
L,géﬁﬁﬁéﬁﬁ%mﬁaﬂﬁ,ﬁwmg
BIAKASEL, IR, LRI MBS
T B ARSI ST Cross
C2PO 1N C-3PO [iE R A . i [al % LR A, iE
B I AT 48 BB 75 — (E075 LR T 26 o
BB TERT: X2, FHERT1.3%, HdFc-
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EF$£F}+ 2%, CSCDNet$#2F1.9%. Hmxf Lk E,
RS A AR AT 4 1 B T I 1 3 0
mm“—zcwmm<%p£/mmmmmﬁﬂ
PERE 0 R T SN B6%. [ 7 R T A Sy ik
1E PSC# AR R T RAR S R, AT LU
SINENAT LI IR B A ST T I A 2
TR JB R 4 . P A 5 B A 7T 0 1k
5 S35 ] A SC TR H A ELAT B A T S R
SR T L E AR R 1 Rl 1 R

BAEAARI) o IR 3R 3 B 1 i A% e A 2 i 2

ﬁﬁ%ﬁ%ﬁm&,ﬂjﬂ%C%A RGN L
%E,m#@ﬁﬁﬁﬁ ; R,
MR AL %@%}z %ﬂ HAH R

mMﬁm%%Oa@&§ o EUA L

x,%ﬁéﬁgggﬁﬁAﬁ%%%E%%%K
(RiA) T AL R T
mrﬁﬁa

&2 Cross—C2PO 5EZLIEFITE PSCD HiRE&E LK F1 53 HixdLe
Table 2 Comparison of F1 Scores between Cross—C2PO and Previous Models on the PSCD Dataset

Xof by i F1(%) 1 it SR 1 (M) FPS I HILFE 1 (GFLOPs)
FC-EF 64.5+1.1 U-Net 1.35 381.3 24.9
Siam—conc 72.3+0.5 U-Net 1.55 256.7 38.8
Siam—diff 71.8+0.5 U-Net 1.35 268.5 34.0
Changenet 59.6+0.7 ResNet=50 51.31 116.4 86.5
CSCDNet 75.8+0.3 ResNet-18 94.20 25.7 336.6
HPCFNet @\ VGG-16 - - —.Q“
DR-TANet P*\’ % 93 ResNet—18 33.39 783 ’& .‘a 56.3
g«@@ l% VGG-16 55.41 ‘ﬁ.sﬂ % 950.5
<
F ﬁ N o « N
ro ((\ 82.5+0.2 VGG-16 55.41 \ﬂ 18.2 1500.0
Lo

K6 PSCD %t A ARG 45 SR xt e
Fig.6  Comparison of Change Detection Results on the PSCD Dataset

TRk Al ROT R TR R, A G
T AR RO T, T RUAE UK S R AL m

@ ”

+ {ﬁ%m2m0+ml, max ’fﬁi’%m:
minfﬁ%%m=min(m0, ml), Horp

max(m(,, ml),
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[min, max] Q3K E &KX (2) . Wk 4 o, Prort 55 HERIAE T AP
[min, max [ b H B 55 78 (@78 AR 5 42 1k

*3 EHLERIZE 1"]1_ REE(PSCD ##EE) : (C)REREB/RBE N EBREA, M, M, M(@H
% TR BB FL 58,
weh del Architecture Transfer Ablation Experiment (PSCD Data?t) g@)[\ l§§e s the transfer version

Table 3
§ riginal model, and M, M, M, represent the F1 scores of the union change mask%@\}e”two change split masks, re-

spectively. \Q\V\
A\%

F1(%)

PONEIRES it ""Eﬂlm(M) FPS I B 2% 1 (GFLOPs)
M M, M,

FC-EF(C) 66.5£0.9  41.9+0.4  46.320.8 U-Net 1.35 183.0 49.8
Siam—conc(C) 73.6£0.6  47.0£04  50.0%0.5 U-Net 1.55 169.5 58.9
Siam—diff(C) 73.0£0.3  49.60.1  54.4x0.3 U-Net 1.35 1783 493
CSCDNet(C) 777403  67.5£02  68.0+0.3 ResNet-18 94.20 13.8 631.5
DR-TANet(C) 77307  59.6+0.4  62.0£0.9 ResNet-18 33.39 46.5 74.7
Cross—C2PO 82502  727+0.1  73.6x0.3 VGG-16 55.41 182 1500.0

17 Cross—C2PO 1 PSCD itk YRR o 421 e
Fig. 7 Visualization of Change Decomposition Results by Cross—C2PO on the PSCD Dataset

Fd4 AHIHEEFHRMIR (PSCDHIEE) LTS BT IER Y R e AL B OT R T R —
Table 4 Differentiable Union Operator Ablation Experi- L, A S 2 A RE
mmW“mmg§2 #4-50% ﬁ%?ﬁﬁﬁgggggﬁ%ﬁm
THOF ST m{&c'(%— FAR AR5 (9 10 55 B\ TR NX{E}E% fuse PR
41‘ﬁ$ M, M, ¥, fEFE 6 % z (6) LI
« .‘ D 501 65.7 67.7
«ﬂx 206 113 . Fofdi [ Cross—MT 9%)‘ q‘@ %I Cross—C2PO 1 |E°F

i 903 710 2.4 7 fuse @%%«ﬁ%*ﬂﬁ{ﬁ)ﬂ Cross—MTF #
ARG PERE B EL T MTF (S 4H
[imin. max] 825 721 736 Sy BIBETE 14.9%, 12.1%), HE—H:3F 0 T A SCH
%mﬁ:LLﬁXﬂ%%ﬂﬁﬁﬁkhWN,%
EFRSH, Gl AR RS, AR SO TE R A PREC AT M AN R e A IE 2, LU

Y 5553 WA B DI O s B T B A T AR AR R o AR 2 BRI AR B A RLX 7o
S U A 8 S 20 4218 0 BOF PSCD Bl & ST it 5K S K
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s BA AR S a AR RIYE , PR A SO PSCD %08
TN 51 Cross—C2PO AT 1 LR 38 X 18 #5548

R, DR 3o PO S o Wi

SUE . T8 I ORI A SR T A,
WA AN D WL, %A (i B
SRR g 0 I 4 B L SR R 4

AIER, BAAFAERR e, Pl d e 5, [

P AR IIRAL, X AT REJE i T B S5 R

iR AR INE S 2, RO AR (12) 3l
SEHT B A TR A R
x5 MERMIERME(PSCDEESE):
Table 5 Supervision Strategy Ablation Experiment
(PSCD Dataset) : The strong supervision strategy directly
uses change split labels for training, while the weak super-

vision strategy trains using only union change labels.

SR E R EEEATUFRSREHRITIIG, 5[5 HEE RIEN

FERBEETUREILZ,
2 \F1(%)
W SR W " £ N

BUE O 735
B e

SR> A\V82, 736
RSN

G@ﬁm@;ﬁﬁ%@g@(rsengﬁ&%)
T 1&3 Ablation Experiment of fuse function (PSCD Da-
S% taset)
F1(%)
fuse PR

M M, M,

MTF 81.7 57.8 61.5

Cross—MTF 82.5 72.7 73.6
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Flg 8 Visualization of Semantic Change Detection Results in the Study Area. ¢, represents the 2013 image, ¢, represents the 2019
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results of 7.
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Abstract: Objective Street view imagery (SVI) has emerged as an important geospatial big data source for perceiving the urban built
environment. Accurately detecting facade-level changes and identifying their semantic categories is essential for monitoring urban renewal
dynamics. However, existing change detection approaches struggle to separate temporal ownership of changed objects (change
decomposition) and to directly provide semantic change information, leading to complex workflows and high data preparation costs. This
study aims to develop a weakly supervised semantic change detection framework that integrates change decomposition and semantic
labeling, and to apply it to dynamic mapping of urban renewal in Guangzhou, China.Method We propose Cross-C2PO, a novel dual-branch
architecture designed to achieve end-to-end weakly supervised change decomposition. Unlike traditional single-branch models, Cross-C2PO
introduces a cross-comparison mechanism to explicitly model asymmetric temporal differences, ensuring completeness and consistency
regardless of input order. The model integrates a differentiable union operator to maintain consistency constraints during weak supervision
and employs the proposed Cross-MTF feature fusion function to break commutativity for accurate temporal differentiation Building on

Cross-C2PO outputs, we design a semantic change detection workflow that leverages state-of-the-art segmen n models (e. g.,

DeepLabV3+) without requiring syqth asets. Finally, we introduce an urban renewal dynamlc mdex to q fy c-level changes
and visualize renewal pati %ﬁ! panoramic and directional views (front, back, left, right) for stricts (2013 —
2019), based on 11,4 ?Baldu street view panoramas.Result Traditional change detectl t ach % 0-end change
decompositj % on complex multi-stage pipelines, limiting scalability and ﬂe@ﬁ)ﬁ posed Cross-C2PO

fra ena les one-stage weakly supervised change decomposition and can seamlessly integ eam architectures, granting
thent both improved detection accuracy and the ability to perform temporal ownership sphttln @B@&T additional labels. Experiments on
multiple benchmark datasets demonstrate that our method consistently achleves s e-art performance, outperforming existing
approaches in both binary change detection and decomposition tasks. Ablation rther validate the contribution of the cross-branch
structure, Cross-MTF fusion, and the differentiable union operator. Applied to ;:g;lgzhou street view imagery, the workflow successfully
produced urban renewal dynamic maps, revealing high-intensity updates clustered in Liwan and Baiyun industrial areas, while moderate
changes dominate residential zones. Directional view analysis additionally highlights local disparities and micro-scale renewal patterns.
Conclusion The proposed Cross-C2PO framework offers a simple yet effective solution for weakly supervised semantic change detection,
enabling accurate change decomposition without additional synthetic labels. Combined with an interpretable urban renewal dynamic index,
it provides a scalable and cost-effective approach for urban facade change analysis. This study bridges street view imagery and Al-based

computer vision for urban analytics, offering new insights into spatiotemporal renewal dynamics. Future work will focus on optimizing
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computational efficiency and extending the method to multi-source data integration for large-scale applications.
Key words: urban renewal, street view imagery, semantic change detection, scene change detection, weak supervision, d@n\ic index
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