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Abstract

In recent years, as China’s process of promoting urban renewal continues to accelerate, the renova-
tion of old neighbourhoods continues to grow. In order to guarantee the investment benefits and
project quality, scientific and accurate assessment of project cost at the early stage of the project
has become a key part. Aiming at the problems of empirical and low efficiency in parameter tuning
of traditional prediction methods, this paper proposes a method combining Bayesian optimisation
algorithm and support vector regression (SVR) model. The model can automatically optimise the
key hyperparameters of SVR, thus improving the model’s adaptability to complex nonlinear data
and prediction accuracy. The study selected 200 old district renovation projects in a capital city in
East China as samples, extracted nine influencing factors, and compared and analysed the perfor-
mance of the standard SVR and BO-SVR models using the root mean square error (RMSE), mean
absolute error (MAE) and coefficient of determination (R?). The results show that the BO-SVR model
is superior to the traditional model in terms of prediction accuracy and stability. The method pro-
vides an effective cost estimation tool for urban renewal projects and has good practical application
prospects.
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2.1. ZHEFHLEYISVR)REE

S TR HLS VMBI H AR 2K PR, 62 (B S i M 40 5 )
T, AGFREA T AR AT, DL AR A R T 2 B BT RS K. 2, BFRA R
A BRI A S AR RSB AT, S TSR R RS VRS, LA ) TS O .

SVR H) FARAAR BN/ (x) L AEOS R AT AL A IR {(x,0,)) o Sl R4 A

Ry, R BRI . 5 8 A D — ey i R BT R B (5 28
W REAR, SVR BINT BRI RS e 72 I “FIRGH” (e-insensitive tube). X MEZE SVR
HOREBE: BTN TR — R RO T e BT DA A, RHE B, JUA b A 0 £ ]
ZANE, AYHPE T BRI A . L SVR MBCEBAT IR f(x)=w/xtb, o,
w ABE R, b ARED. SVR MR HKE, B RR M, B 7 RN EFE5 WA (1) B
IO 2 R G MU [l 530, S5 B TR BB I ALAE 0): () AR IR AFRE AR B 2% i
LB 2 A = Y

o1 2 N X
min_ +C§(é+é)

LIHRKAEN:
Vi —(wal. +b)g€+§i
(w'x, +b)—y <e+&
£, >0%=1,2,--,N

Hrp, C>0RENARY, B/ MR T, AT FERMEREMINGIRE;:  2AGURREG &M
E RN, AT REA SR H R BT AR

FEALBR A FIX 28 52 2% B AR Ak IR Ay, SVR Ty ikt 6 M) F A% 2R # (K ernel Function) FRI4RF, K R
KRB FLHE AL B R AE M N B, oA B S s 4 L 2 R IRE R E S Al b . FERXFERHT (0 B, SR )
K o) AT AR TR LT T T, (AR AR e RS DU SE A RO Y 2t 07 SCEAT 0 A AN T o X — i R
MM RT 7, ElE G 1 52 2% B0 i 4 2 A AR A v 55 o A 72 308 P i P EL P RE AR £ A v 0742 1) B A% (RBF) -
K(xl.,x/.)z exp(—y"x,. -x; "2) o BB, SVR YTV e F 2 =D REESH C. e MESH y HLFH
PE[6].

2.2. NIHEREAL(BO)RIE

DU R AR AL & — PR R H B RA 5 B (1Y) R 48 R 2(Black-box Function)#EAT HLAK (1) 558 0K F7 B4 e o £
SVR B H, A (R P RE(Un A2 R R 7 ) ] LEAE & — N R TS HU(C, ¢ n)MBFARE, FoARNTL
EHTE BRI T RIA S, R ARl i — e B R Y SR AN IR SR SR AR — A s e . DU A B
P IR AE R AT READ I PRAL B, R B Z 3840 bR Hok B s R E S E A 5 (7).

B ES WAL O

(1) MEZAREEAETY (Probabilistic Surrogate Model): 8% K F &1 i #£(Gaussian Process, GP), TR
O BRI S (CPEAS B S8 A I R )R ST R H bR iR a R TS MR MR IR . GP MY
B PO B AR 0 s Ak H b bR BRI, IE Re 2R HA i P (AN s 1 O 22)

(2) KA FH(Acquisition Function): X &4 344 2 J7 A 1) $R 5K B K e i T AR B AR Y B2 (it (1 0l 35 (.
72, PERAMEE SR A o XAME R TS W T4 T ¥R 2 (Exploration) #1F] A (Exploitation)
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FJE: —J71H, e T 1 SRR AR T AT R (RH), DUHRB T e i/ — 71,
BB AN E R DT G ], FT AR R IR LR R E AT R S 4R B AR R X (PR %)« FH R
£ bR BUH WIS 2 7 (Expected Improvement, EI). & 15 L 5(UCB)%:.

2.3. BO-SVR #&#E#RIE

454 SVR ALtk #9% BO-SVR EAS Tl AR Y R A2 O ) D3 R [8]:

(1) & X EARRE SR PR B AR i KA SVR BEALLE K 3728 ek T 3y Tl vk
Z(-RMSE)&ifit R?. [FI), NHZH C, e y & L—NEHEI). B80T Re s 08 R

(2) WIEAHN . 75 LR R RN, BELESAS T AW 3~5 DS A G . [F XA E 5
ZR SVR BEARIFPEAG AR, T BE— N HI46 ROV HaE 46

(3) EAIALTEIA

a. WAMREBIAL . JeT a7 pra S8 &, T & ARG B AR ek B 2R
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B KBS

c. VLI B A E— PR BB SEA AR UIZE SVR B, i 28 IS IE TH 5 L B S RE,
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Figure 1. BO-SVR prediction flowchart
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SR 53R, AR S TR M2, AP SOE MR 2 5. PRI A . oot Py 2 (2 T
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Figure 2. Satellite image of an old residential community renovation project
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Table 1. Original indicator data for old residential community renovation

# 1. ZIHNXRIGEREE

T H 4
i

Al
A2
A3
A4
AS
A6
A7
A8
A9
A10
All
Al2
Al3
Al4
Al5
Al6
Al7
Al8

A196
A197
A198
A199
A200

SR HIE AR

X1/m?
1498
855.79
4343.16
4816.3
1271.85
3906
1793.82
2808.61
2187.24
2195.58
2039.52
886.23
2103.48
1330.5
2137.32
6020
4088.49
4031.64

2302.32
3602.1
398.31
304.46

1498

=

H X2

G BTN

X3
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.6
0.5
0.6
0.5
0.6
0.6
0.6
0.6

0.6
0.6
0.5
0.5
0.6

X4/m?
21.06
28.51
97.29
104.43
0
104.35
32.78
63.36
36.75
49.84
70.43
16
35.8
41.6
4793
121.94
28.94
74.02

20.39
17.69
16.93
15.9
21.06

ANSITH e T 4%
KM X5 X6

2

[ S S R S S O L O e S R O S S I I ST S I I

NN NN

0.6
0.6
0.6
0.6
0.6
0.6
0.4
0.6
0.6
0.6
0.4
0.4
0.6
0.6
0.6
0.6
0.6
0.4

0.6
0.6
0.6
0.6
0.6

EHES

™ X7
1
1

— NN

NN

I E AR
X8/m?

260.01
330.30
719.59
781.00
70.89
766.98
385.56
725.96
731.98
735.65
561.80
146.50
732.68
180.67
711.13
1111.39
740.16
696.58

138.93
185.42
44.43
54.50

260.01

Mk
X9/4FE

20
20
20
20
20
20
20
25
25
25
25
25
25
25
25
20
20
20

20
20
20
20
20

TR/ T

698851.90
713820.31
1282521.10
1349824.89
355196.72
1186204.86
698649.48
1063423.70
1075406.84
1096721.67
864437.93
407718.64
1073080.42
506088.08
1055045.91
1456132.52
1094694.92
1133623.88

457016.97
581955.63
252310.76
320385.83
698851.90

3.2. YiETMALE

JRUEEUE T ELA N T RIS, U oA O PAR BRI 2). BLIdRE B RS TH B i, R

ALY R A R R E 1

(1) B¥laiisve: A IR B T AR I an, XS TS E RL ARSI R A 22 B B b (o BOR78) AL 1
HCEE Gt T7vE I 30 N I8 IE B ER) -
(2) FHEEAL: R SOV B AL B B PR AE (A “ S5 442871 )3l i #1425 i (One-Hot Encoding) 4
J5 EAC BB LA -
(3) Bl A4 W T S RHE R R AU S 22 5 B, Dy S B R 2R BB R B RFIEAS B L
P 5 = AL, FR A RAEEAT A —AG AL P, 408 ] Min-Max Scaling 5 %48 48— 45 2[0, 1]

X 1A

DOI: 10.12677/mo0s.2025.148558

189

RS


https://doi.org/10.12677/mos.2025.148558

Table 2. Processed data indicators

2. AEERHIEENR

WHS @SR

=}

52
Al
A2
A3
A4
A5
A6
A7
A8
A9

Al0
All
Al2
Al3
Al4
AlS
Al6
Al7
Al8

A196
A197
A198
A199
A200

X1/m?
0.21
0.10
0.71
0.79
0.17
0.63
0.26
0.44
0.33
0.33
0.30
0.10
0.31
0.18
0.32
1.00
0.66
0.65

0.35
0.58
0.02
0.00
0.21

fERTN - 2 (AEN

X2
1
0.6
1
1
0.4
1
1
1
0.8
0.8
1
0.2
0.8
0.2
0.8
1
1
0.8

0.4

0.6

0.2
0
1

# X3
1
1

—_

oS O

VDA

X4/m?
0.17
0.23
0.80
0.86
0.00
0.86
0.27
0.52
0.30
0.41
0.58
0.13
0.29
0.34
0.39
1.00
0.24
0.61

0.17
0.15
0.14
0.13
0.17

SASLTH BTk RTEIZEA [E TR

EAH X5 X6
2 1
2 1
2 1
2 1
2 1
2 1
2 0
2 1
2 1
2 1
2 0
2 0
2 1
2 1
2 1
2 1
2 1
2 0
2 1
2 1
2 1
2 1
2 1

X7

0
0
0
0

S O O o o o o

S o o o o

X8/m?
0.20
0.27
0.63
0.69
0.02
0.68
0.32
0.64
0.64
0.65
0.48
0.10
0.65
0.13
0.62
1.00
0.65
0.61

0.09
0.13
0.00
0.01
0.20

WS X9/
&

1
1

S O O o o o o o

TGN/ T

0.37
0.38
0.86
0.91
0.09
0.78
0.37
0.67
0.68
0.70
0.51
0.13
0.68
0.21
0.67
1.00
0.70
0.73

0.17
0.27
0.00
0.06
0.37

3.3. ERIE ST
PR i WAL e X o EE R4 T R 2, b 80% MINZREE, 20% AR EE .
33.1. MR EBRESHMKE
(1) Fp#E SVR HARICGE T RIS ZR): 1N FhIEREAOHL 88 2% > 732, X BLR FAE Se i) A% 48 2R (Grid
Search) AR Xt SVR KBS EEAT AL, B A2 WA R I AL 5 1282 5 — AN 20 xet HE 2L
(2) BO-SVR P (A AT J515): 5 DU B AR AL S T SVR AL S 50 B sh it . BRI S5

PACVE B BT

1) SVR HE 84 I (1 2 B 45 1E T A+ C (RUEYE[0.1, 1000]), #ZBREZ4 y (UETEHI[0.001, 1]),
DA AU R R e (BUESEEI[0.01, 1]).
2) ZHORR T TER — 28 XIRIE(LOOCV) B —Reid #i b, JE 1R R A A& 48 2Rk i DL i i gk,
ZHARACT AR BRFILE BT 160 N UIGRFEA kAT, RIE S I 2R AR P30 I 22 XURHIER & B 2 40
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=

i G, EFL

Ne, I ZRIRSHH S BERET N, &a, EuCRme b A A PP AR R R
TR DX I 05 A A, A R0 S 1 R IS E S R b 15 SR R T T &5 SR A TR AR A

3.3.2. MEEVEIERR
(1) ¥ HRi%Z (Root Mean Square Error, RMSE):

1248 b S T AR SN AR RN SE bR IR 2 18] A% 25 O sh R E AT DABR AR A 00 5% 22 PO RE A PR v 22
RMSE %o 458 K B T 5% 22 (A0 57 5 R A ) JC L BIUEE, TR b B T8 M S50 A2 200 HH A TR A oy 1 1 1 ) T &
TEE . AR bR ) AL AR TN B H bR A B (WA AR [R], RMSE BOEER /I, 0] 158 B AR 28 o R SR bk A

(2) “F¥I4axtiR % (Mean Absolute Error, MAE):

1 & .
MAE —le:;, | Yi= Vi |

AR BRI S SCR ST — AN REA B TINAE 5 SE PR 2 [R]R 22 B A8 5HE EAT P, B S mie A 22 T
R ZE PR K o FEAR BB BRI, 156 BH P00 2550 SR Felops 1

(3) hERE(RY):

R2 :l_zi;l(yi _jii)z
Zi:1(yi _y)

ZIehs e T B AR T SR A MR RE IR T E N e As, BUEVERETE 0 B 1 28], R2 {ElE, =k
RN AR B (1) R R R b R, POL G B ] SR
4. BREBETHS

AREEG ST LR A STE A, X g Rt AT R AT (LK 3, 1 3~6).

4.1. FMBYLER

105 TR

—e— H Sl
16 |- & - siASVMTNIE
» - & — BO-SVMTilli{&

18

12

0 5 10 15 20 25 30 35 40
MR 75

Figure 3. Comparison of model prediction results
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Table 3. Comparison of predictive performance of models

3. BARBFUNMERERTEL

TR 7Y R Squared RMSE MAE MAPE percent
BO-SVM 0.9526 108,010 86,223 14.66
Default SVM 0.9027 154,780 123,010 22.58
16 2 10° AR Z AR (RMSE & MAE)%f t
14 r .
12 ]
1071 1
=
i 8| —
o I RMSE
6r I MAE |
4 L N
2 L 4
0
BO-SVM BIASVM
Figure 4. Comparison of model error metrics
4. RENREIEIRITEE
BO-SVM ERIASVM
«10R?% = 0.9526 «10R?2 = 0.9027
25+ 25+
20+ 20+
15 [ w/ < 15 r f?g» -2
s o’/ - ,}@rfgf' ®
= 10} 34 = 107 N3
2 % = &
51 5t 99 ®
65 oS
or or
ST S5
0 1 2 0 1 2
HIE 108 HIME  «10°
Figure 5. Relationship between actual and predicted values
E 5. EESTMER KM
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105 E TR AR (S F )

[ BRIASVMiRZE
ST | BO-SVMiz%
- - - - data1

Tl i 2

5 10 15 20 25 30 35 40
MARER 75
Figure 6. Prediction errors for each test sample

6. FMXEE AR FUNIRE

4.2. GEROSITL

G55 oM

(1) R-squared (7€ % %0): BO-SVM (0.953)LLERIA SVM (0.903) &1 5 AN E 4 mie R4S BO-SVM
BT o B A8 S Ve R RE RE D10 B T 95.3%, AHELERAARAL 90.3%F T &1t . XKW BO-SVM A
TR A G O TR A AE I B A A, A A T A

(2) RMSE (37 ii#%): BO-SVM (10.8 J7)LLERIN SVM (15.5 J7)FEMK T4 30%. RMSE $845 1) S
TR, AR R B 22 UE B . B SR IR T BO-SVM 7E i G A B R TIUII AE i% 77 TH )
AEZT, ARSI AT SE A RS A5 H KA 31 T ARG 58

(3) MAE (CF4axf iR 2): BO-SVM (8.6 J7)ELERIN SVM (12.3 F9)FFMIK 149 30%. M MAE K%E, 1L
A S AR TR P B4 T R 2 /> T A =, IR B TR TR AR TR R T

(4) MAPE (CFH48%1 H 43 iRk %): BO-SVM (14.7%) LLERIN SVM (22.6%) [k T 41 =42 —. MAPE
TRPRIICE , (R R ToL 0 45 SR AE S PR R R B RSB0 . T3 P 2 22 N I 22% B K3 15% LA
T, X NEAERESEXWE RS,

(5) FIRNFRAAA 500 PR 16 AT (1) FAR TR, ASC6 BO-SVR A58 o IR R AR B M AT 1 4
Wro i, FPOEEENE AT AR IR, TR (Area) & 52 M B80S A 1) A O TN Rl -, ot
kR A R R . B L S B2 AR A (Year Built) f1 7 2 A (Window Area). 1X = KYPRFEFRIL R
FIRR T BT R DG B BK 5 ), i BT H ) B A 2 A AR B R e PR R . A AT N AR EA
AR | A B AL 2 2

SEERE S AR ) BO-SVR B!, AMUTEHES FUERA 7 AT, ARSI R T
W1 —> RPIEE] 0.95 BIFMIAREAL, R BIA AT DURRE 95% M RUAAR 5, REf8 9T H Y3k 3% 7E T H ]
WAt — MY PSR RS H S % . XA BT (1) B2l 00E TR & s w6 5 R Al
M E R A SEUG I BB eIR . (2) IBuE T % EARSUE T R R SusE 9. ok
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Wedl) Z AV BEAT A RS 70T (3) MU RIN 5% i 0 M B BEARFAE AU, TRU3 H X A S i K
MISCHEDN 2, AT AE I B adh AT B s A%

SE

(1]
(2]

— — =
x© 3 O
o

(9]

T3, AR, REA. REWTEEEGE. PS5 I]. MEIIF, 2021, 37(24): 21-27.

B, BEA, By, %, BT PCA-BP #Z& M IBEA BH o AN, LA TR SE AR, 2024,
41(2): 89-97.
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