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Selection of building energy consumption prediction machine learning
algorithms and parameter setting based on quality of samples

LIU Gang®", LI Xiaogian®", HAN Zhen®"
(a. School of Architecture; b. Tianjin Key Laboratory of Architectural Physics and Environmental

Technology, Tianjin University, Tianjin 300072, P. R. China)

Abstract: Machine learning algorithms are playing a more important role in building energy consumption
prediction during the conceptual design. The selection of the machine learning algorithms and parameter
setting have become a focus in the field of building performance design. However, the algorithms and their
parameters are usually determined by the principle of algorithms rather than the features of the training
samples which also have an effect on the performance of algorithms. Therefore, a classification method
based on the quality of training samples which is evaluated by sample size and sample distribution
characteristics is proposed. The performance of different machine learning algorithms for different quality
sample sets is tested, and algorithm selection and parameter setting strategies for different quality sample
sets are formulated. The relationship between sample quality and algorithm performance is investigated to
provide effective guidance for architects.
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SR ] (Support Vector Regressions SVR) M 3¢ 85 ] f LAY 253 3¢, 132 v F T AR 1k [l )
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FUT, SVR Bk BAT G54 (7 5 R 08 PRI 2 AL BE TSR Y D A, T DUAT S0 DR R e 5 5 R A ) (i 2 2]
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end
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&% 2 AdaBoost Ei%
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Fig. 1 The coverage of sample set
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Fig. 2 Coverage Probability Histogram for sample sets in different sizes (sample size: 50, 200, 500)
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Fig. 3 The model of a virtual office building in Tianjin
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x1 TEEX

Table 1 Variables of case study

GBI 3 U S H A X
Orientation 4k [0, n/2] SR 1)
WWR_n U (0.1, 0.7] 3 1 7 45 L
WWR_w 4k [0.1, 0.7] V5[] 7 % LE
WWR_e 4k 0.1, 0.7] AR 6] 1 e L
WWR_s b s 0.2, 0.7] B [ 7T i L
Distance i 5 [0.01, 0.03] et s R
w Bk [0, 2.5] [ NERR W Eee
s Bk [0, 2.222] DR i R
U_value i 4L (0.8, 3] B 1 1 B R AL
SHGC k2 [0.15, 0.83] T T K BH e S 1 A R B
wall_R pUEES S [2, 10] A1 355 B4 BH A
roof_R 4k [0.1, 0.45] J= TR B H
floor_R 8L [0.2, 0.45] PR BB

ST ST RE O P 92 Bk rp B 4R B AR AL, £ 75 R S PR I HR 0 I R BAR R R AR B 23 50,200, 500
ZAEEG RN R CRAEAR R L B X R RRE AR A AR AR 1 500 AN REAS SR IR I LB S AR 307 i
DUPRE FER 3 S G b R B R R . RAREAR S 2 R R AE AN R 2 IR

R2 BEEHERFE

Table 2 Classification and characteristics of sample sets

AL FEA & 7 PR B Y LI B R 5

Sample50_low 50 [5.14E-10, 1.23E-09]

Sample50_med 50 [1.23E-09, 2.00E-9]

Sample50_high 50 [2.00E-09, 3.38E-09]

Sample200_low 200 [1.22E-09, 1.62E-09]

Sample200_med 200 [1.62 E-09. 2.05 E-09] 13 %%i&[iﬂ‘ﬁm,j}/&@

BT B FE R AR

Sample200_high 200 [2.05 E-09, 2.75 E-09]

Sample500_low 500 [1.45 E-09, 1.74 E-09]

Sample500_med 500 [1.74 E-09, 2.02 E-09]

Sample500_high 500 [2.02 E-09, 2.32 E-09]

32 ZWigE
Wlgs2# 2] Bk i@ i python Scikit-Learn H1 ) SVR, MLPRegressor ., BaggingRegressor & AdaBoostRegressor
T HASEI, FENZRE 2 85 2200, 8 T bR AR 1 GO0 2 2 R A 52 e, XA A B s i A 0 —fe A B .
/ XL 7T Tavg

=, (2

X std
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PEHC SVR 3% K BP # 28 28 Bk E AT DI 95 45 JEREAR 4R P BEAL B 4% — AR D0 IR e AR AR . X T
B—REALE 80 0 BUREARM N UIZRAE R 200 A I . XF T+ SVR 83k, £ 208 S 4 45 1E WAL 2 8
C.AHURSE e B REUT RIS EG X T BP #2828 505 32 2508 2 506 45 FeOHUZ 2540 0 pR B LL B2
MR R BTN ) A, A 5 AR AN E TR 4E B Y Scikit-Learn B #5 #E S04 £ Boston Housing
BEAT PSS L Bl B 2 T ROR T 1945 2 BOR B R 5 18 BOGE 27 > 8505 52 Wi 50K 9 2 50 o Tk 2 8
R 2 I SVR B0k v i T A% pR B Z2 K v S BP 2 [0 45 v i 22 T 45 4 1) P 22 T8 A BOVE D e 2 40,
R 2 B AR A TS 0 b 2 S R B R R S 8, BRSSO E W3k 3 R .

£3 KW IHEBSHLE
Table 3 The hyperparameter setting of Experiment 1

Hk M S8 E BN R 3 ai

B RE KT 2= (—y|lz—=||»
SVR T sl === ESTRE.C = 1.0
7=10.01,0.02,0.03,0.04,0.05,0.06 ,0.07+0.08,0.09,0.1] -
€ /%751(:&:5: 0.1

REL )2 50 1
BP A% (5, 10, 15, 20, 25, 30, 35, 40, 45, 50 W PR < tanh
TE AT R :a =0.001

S 2 B RUHLAR o ) FOL TR RE T A
BRI E 1 PR S ERERAF Y 1 4 SVR K BP B S50 1 O 8 il ) ik I 265 2] 4% ff Bagging,
AdaBoost Bk HC BTk » 220 M By 2] 4% b A MO X 4 U8R 9 R2 0 o I e R X 4R 3 o [ 52
B 1.t T AR ST B T AR o) B IE A R A B IR EEOR O 0.5, 78 48 10 A v A B IE A </ T 0.5 B ko
. BRSO EE 4 PR,
R4 TRO2EEBSHILE
Table 4 The hyperparameter setting of Experiment 2

(=R M S 50 B HyEsHk e
Bagging ERUEARL . n_estimator = [10, 15, 20, 25, 30, 40, 50] —
AdaBoost AN . n_estimator = [10, 15, 20, 25, 30, 40, 50] 2 3] %K . learning_rate=0.1

3.3 FEIFEMEEITMN

FVEMERE VRN L A ROR LA RCR UL S ] A 3 g, o, S0E ROR SR A1 U7 iR 2% (mean
squared error, MSE) J#t3€ 22 51 (Coefficient of determination, R*) #47iFEM ., HELKH LR KF 0.9 /LN
P75 B 2% S B0 KA 803 SR R KF 0.9 MRS, B 8] AR Sy B3k 48 47 — IR B I [R]

4 XWHERESDH

41 TR 1%RE5HR
A B2k 100 IREBCEIEAE M & 45 R #1748, SVR 83k K BP 5556 X0 K 7] 7 i #F A8 48 /Y 2R 5
RBAMIriRZWME A~K 9 Fin s BEFRIuNE 5~ 6 iR ARENER 7~% 8 Fin.,
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MSEHHE ( BEA<S0 )

RANE (FEA200)

RAMME (F£450)

AR (REASO)

2 ¥ /BP
1490 (5,) (10,) (15,) (20,) (25,) (30,) (35,) (40,) 45)) (50,)
’ BP(F:AS 50 _low) SVP(EEA 50_low)
— BP(REA 50_med) R1=0.9 —— SVP(HEZA 50_med)
0.90F — BP(FEZ 50_high) e QPGS 50_high) |
0.80}
070t
0.60f
050 7501 002 003 004 005 006 007 008 009 010
yHHE/SVR
4  Sample50 R E R
Fig. 4 The R* of Sample50
ARG PSEIMSEM (BEAS50)
K ZE s /BP
(5,) (10,) (15,) (20,) (25,) (30,) (35,) (40,) 45,) (50,)
12.00 ——
11.00 F =
10.00
9,00}
8.00 |
7.00}
6.00F
5.00F
400}
3.00f .
sool  BPOFEA 50_low) SVP(HEAS 50_low) |
— BP(REAR 50_med) —— SVP(REZ 50_med)
LOOF — Bp(kEA: 50_high) — SVP(HEA 50_high) |
0007551 002z 003 004 005 006 007 008 009 010
yHHE/SVR
B 5 Sample50 ¥R ZE
Fig. 5 The MSE of Sample50
ARG THARRIRYE (FEZAR200)
B =15 /BP
oo 5 (0) (@s) @) (5)  (0) (5) (o) @s) (50)
0.90 -
0.80}
070}
0601 Bp(kEA 200_low) —— SVP(H:AR 200 low) |
—— BP(EEA 200_med) — SVPEA 200_med)
— BP(k:Z 200_high) — SVP(#EAR 200_high)
030 0T 002 005 004 005 006 007 008 009 010
y#{E/SVR

6 Sample200 R E & £
Fig. 6 The R? of Sample200
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MSEMHE (42200 )

ARG AR MSENE (FE4<200)

23 BP
12.00 (3, (10,) (15,) (20,) (25, (30,) 35, (40,) (45, (50,)
1100l — BPOFEA 200_low) — SVP(FEA 200_low) |
— BP(EEZR 200_med) — SVP(EEZ 200_med)
10.00F — BP(F:A 200_high) — SVP(FEZ 200_high) |
9.00f |
8.00¢
7.00f
6.00F
5.00f _
4.00r 7
3.007
2.00(
1.00[

0.00 01 002 003 0.04 005 006 0.07 008 0.09 0.10
v #E/SVR

7 Sample200 ¥ FiRE
Fig. 7 The MSE of Sample200

RG2S RAME (FEA500 )

K2 H) 35 /BP
Loo &2 o) @s) (0) @25) (30) (35) (40) (45) (50)
- R=0.9
e = —
| T S P RPN, SO i =~
’é
Zosof
L
Fr L
350'70
&
0.60 BP(FEAR 50_low) —— SVP(FEZ 50_low) ]
— BP(HZ 50_med) — SVP(FEA 50_med)
— BP(FA 50_high) — SVP(FEA 50_high)
0.50 0.01 002 003 004 0.05  0.06 0.07 0.08 0.09 0.10
y #HE/SVR
B 8 Sample500 RTE R
Fig. 8 The R? of Sample500
ARG H- 2 MSE (BEA500)
B it /BP
12.00 2 (10) (5) (20) (25) (30) (35) (40) (45) (50,
11.00l BP(#?'Q 50_low) — SVP(T:F7F 50_low) |
"1 T BP(HEAR 50_med) — SVP(FA 50_med)
10.00f — BP(K:A S0_high) — SVP(REA 50_high) 7
_9.00F 1
g 8.00f
$ 7.00f
% 6.00F
g 5.00F
= 4.00f _——
= R
= 3.00[ -
2.00( v -
1.00[
0.00 0.01 002 003 004 0.05  0.06 0.07 0.08 0.09 0.10
y#HE/SVR

E 9 Sample500 ¥ 5iR%E
Fig. 9 The MSE of Sample500
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x5 SVREZITHRE
Table 5 The computation time of SVR S

FEALE
0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10

Sample50 0.001 0 0.001 0 0.001 0 0.001 0 0.001 0 0.001 0 0.001 0 0.001 0 0.001 0 0.001 0
Sample200 0.003 0 0.002 0 0.002 0 0.003 0 0.002 0 0.002 0 0.002 0 0.003 0 0.002 0 0.003 0

Sample500 0.008 0 0.009 0 0.010 0 0.008 1 0.015 6 0.015 6 0.015 6 0.015 6 0.015 6 0.015 6

* 6 BPEXiTHERE

Table 6 The computation time of BP S

R = 45

FEA LR
(5,) (10,)  (15,)  (20,) (25) (30,)  (35,)  (40,)  45,)  (50,)

Sample50 0.020 1 0.015 6 0.015 6 0.015 6 0.015 6 0.015 6 0.015 6 0.015 6 0.015 6 0.031 2
Sample200 0.046 8 0.055 3 0.058 6 0.050 2 0.050 6 0.051 1 0.052 0 0.052 5 0.054 5 0.055 8
Sample500 0.060 1 0.075 1 0.088 1 0.103 7 0.091 8 0.078 1 0.082 5 0.088 1 0.089 8 0.112 4

*7 SVREZAEHE
Table 7 The available ratio of SVR

HEAE !

0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10
Sample50_low 0 0 0 0 0 0 0 0 0 0
Sample50_med 0 0 0 0 0 0 0 0 0 0
Sample50_high 0 0.03 0.03 0.03 0.03 0.03 0 0 0 0
Sample200_low 0.50 0.85 0.86 0.77 0.51 0.35 0.18 0.05 0.01 0
Sample200_med 0.13 0.45 0.47 0.36 0.26 0.20 0.05 0.02 0.01 0
Sample200_high 0.57 0.87 0.87 0.80 0.69 0.50 0.33 0.29 0.10 0.03
Sample500_low 0.96 1.00 1.00 0.98 0.98 0.95 0.86 0.66 0.48 0.26
Sample500_med 1.00 1.00 1.00 1.00 1.00 1.00 0.92 0.79 0.53 0.21
Sample500_high 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.94 0.86 0.64

®8 BPHIEAHE
Table 8 The available ratio of BP
BT J2 254
NS

(5,) (10, ) (15, ) (20, (25) (30, ) (35, (40, ) (45, ) (50, )
Sample50_low 0 0.01 0.01 0.06 0.08 0.10 0.12 0.17 0.17 0.19
Sample50_med 0 0 0 0 0.01 0.02 0.03 0.05 0.06 0.07
Sample50_high 0 0.04 0.10 0.15 0.21 0.24 0.29 0.31 0.32 0.33
Sample200_low 0.02 0 0 0.01 0.03 0.07 0.18 0.31 0.39 0.44
Sample200_med 0 0 0 0 0 0.01 0.01 0.02 0.04 0.06
Sample200_high 0.63 0 0.02 0.14 0.29 0.48 0.57 0.65 0.68 0.73
Sample500_low 1.00 1.00 1.00 1.00 1.00 0.99 0.99 0.99 1.00 0.99
Sample500_med 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Sample500_high 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
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TR S 145 R AT AT, AT AR B AR 4518

DG RCR I Sample50 H il A 8 w2 HEAE A S UG RHOR B 825 . SVR B L I BP B4 I 48 Bk 1 ok
iKE R*>>0.9 MILFHFRE,(H SVR BIEELE RO UL T BP M & M4 . Sample200 H, 15 ROR W] i
T M TT AN BN T 35 B, SVR FvE R IE S 0 AR = B S M REARE L 7E v B 0.03 B B I A Ak
RIHB B FH AR e S o LT EOR T 35 BF L BP Mg 45 Bk i L& SR 8 T SVR Bk, (H 350 A [a] 4
K, WTFhESEHREAE BA KRB FIRME. Sample500 F1, A FORMAL, 2 MM »2 BTk %] 0.9
DL L BP B 28 ) 45 S0k 2T 5K 0.95;

2OREAS R, VT A R L A AR R v T R, R R AR A 8 T AT S R Y R
B2 WO AT R BE AR AR B ARG IN , BLA RO X AR ) SR K SRR B BURE TR R RN SRR S
Bk B ) 2 ] 25 R0 5

3 AR Wi X 2 S RORAT — 5 FE ) YRR A B A (A, 2% A AR T 5 Pk BRI 25 S (B A ST RUR Y AR
LA IEAHH R, AR A d N R ) 78 5 P X 2 2] RO 1 52 W A7 5 L 72 5256 v BEAR 500 50,200 B, HE 2% ) 3L
T B R RIR g AR P S AR ARl 500 B, SVR B ¥ 8% S RO HEF A i b L T BP
P22 O 48 Bk 2 S RO AR S HE R o b o AR T L A S AR 20 2% 0 22 20 BUR IE S IR 48 B OE AH G
KFR LM e GREA B ]2 S AT 56, ENIE T Zhou 88190 78 * 1 8 48 10 8 & v JiE B 19 3 3 30 86 358 43 A 1k
27 > B R b A AT R SR T AT AR 2 2 SR A Y A

4 TESLE T, SVR BIETE AR R S 80 & T A E B 4 TC W 10 22 1], BP i 28 0 4% 550925 1) 5 2% B Tl o o ik
JEZE K ) 5 2 AR T2 1, 45 SR 2 B, Y BRI A5 A8 R B — o 4 R A AR SR 0 b 28 oo A B BT 23 AR
2 BOR B AT B 2 B ) B K, 7R R R B0 M S B0 i, N ik P OE 2 4 B L LA Uk
BSOSk

SYX TR AR A S MEAS 4R L 11530 I [R] B B o5 A S 165 0 T 528 97 15 K, O Jo 880t 9 B iy 22 53] ) 4 A 8 A
Sy T B B TR A 2 T B I L AR A R B TSR B ] 22 S s MG R AR SO Ak AR L B TR AR 1Y
B E TR A T A R AL B T T R0 TSR ] L Y AR AR R AR ] AR 22 KRB
42 TW2HR5HH

TESLES 1 5, Sample50 H9 A BEANEE 14 5K 3k B 55 7K B, Sample200 FP7E 55 PEREA £ R X B L 55 K F
XFUA FAEA R SEAT SR L S SE 5 AR B BB ROR . 2 S 3R 2565 25 TRE B M A RO S TSR ] 3
Dy AR 1 455 2% SRR LB Ar HB R 52 2% 23 th i 306 M S B0 B AR B2 2T 4% . TR SCRe ) i
BLZ— B F R e 1 2% ) B BB A AR R, B BE 2 2] 28 B O [) 52 24 B8 10 b e I 4 i . o,
Sample50 FIREA R /D H R 5Bt 38, B vk B 4 Rl B20R 2 45 M MR IR R AT 48 B, LI 2 S 305 5 R 4B %
2 BHMER 9 PR,

R ERFISHEE

Table 9 The parameter settings of ensemble learning

B g 5T S r S U 5 B SR BSRLE
Baged BP: [ (20, ), (30, ), n_estimator: [ 10, 15, 20,
= aggin _
Sample50_low BRIng (40, ), (50, )] 25, 30, 40, 50]
Sample50_med
- : BP: [(20, ), (30, ), n_estimator: [ 10, 15, 20,
Sample50_high AdaBoost - Learning_rate = 0.1
(40, ), (50, )] 25, 30, 40, 50
. n_estimator: [ 10, 15, 20,
Bagging BP. [(20, )] —

25, 30, 40, 50]
Sample200_med

n_estimator: [10, 15, 20, .
AdaBoost BP: [(20, )] Learning_rate = 0.1
25, 30, 40, 50]
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SCHY 2 Bk R OWNE 10~E 13 Frs, IFREF RN R 10~3 11 s, Bk A SR 12~3% 13 iR,
RS 2 S5 RAEAT AT, WIS EI LR A58

DFERLG R 1, % T Sample50 B =AMl T A2 S 8 F U B 22 B Z G e K 28
B L 2T ERATI A IR B 75 b o, (e 2 7 SR PERE A o, DL TGUBEZ S5 44 8 (40, ) 1Y BP Bl 28 0 2% 2 2] 2845y
e S BRAE LR WA 0.9 LA b, AZESRB SR IED AL TS R ATEH] 0.85 DL b, A F] Il 4%
Al A EEAZIR . 7E Sample200_med FEAFEH, X AdaBoost 575 142 UL I ] 40 B . R* 155 0.9;

2)FEFEAE ] IR T, B2 ) BRI LG ORI & R LA ORI AR B2 UE A G OC R, ol Bk
IR S, B A RE J BT A A S AR Y A R 2 2] 5 25 R AR/ IN L DT 5 e FL AL RO

30 16 4R MR 7 1T , 24 48 RUARS 1K B — 58 B0 =22 )i o 2 0 380 K S BRI ARE O R £ ) S 4R TR AR s R L B R
2P s A RUR CnE 7 th AdaBoost[ (50, ) )

A) TE TS B8] 5 T o Bt 5 5 SR 14 7 K ESF ) B AR TR T . TS B I 32 R AR R K, YRR AR
e o ) A ) SR B R 5 R E R B R N O R

HTREAHEIGR [ (FEAR200_5 )

1.00 IQ 15. 29 25 3.0 35 4.0 ‘!5 50
’ Bagging [ (20,) ] AdaBoost [ (20,) |
—— Bagging [ (30,) ] —— AdaBoost [ (30,) ]
— Bagging [ (40,) ] — AdaBoost [ (40,) ]
- — Bagging [ (50,) ] R=09  — AdaBoost [ (50,) 1
{ﬂ]i'l 11| RIS S R_RI
=
s
%
i
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A
0.70 19 15 20 25 30 35 40 a5 50
AT
B 10 Sample50_low &£ FIIRERH
Fig. 10 The R? of Sample50_low
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—— Bagging [ (30,) ] —— AdaBoost [ (30,) ]
— Bagging [ (40,) ] —— AdaBoost [ (40,) ]
—~ — Bagging [ (50,) 1 R?=0.9 — AdaBoost [(50,)1
T B S
A
®
T
<
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Fig. 11 The R? of Sample50_med
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HFARFEEHBR EH (FE4200_5)
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Fig. 12 The R* of Sample50_high
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Fig. 13 The R* of Sample200_med
% 10 Sample50 £ E ik it E /i
Table 10 The computation time of ensemble learning for Sample50
(N7 10 15 20 25 30 40 50
Bagging 0.080 6 0.109 4 0.148 4 0.193 7 0.235 9 0.304 6 0.370 2
(20,
AdaBoost 0.079 7 0.112 5 0.165 6 0.187 5 0.223 4 0.299 9 0.392 1
Bagging 0.089 0 0.123 4 0.163 9 0.203 1 0.242 1 0.339 0 04 048
(30,
AdaBoost 0.082 8 0.123 4 0.176 5 0.218 7 0.256 2 0.334 3 0.442 1
Bagging 0.096 8 0.139 5 0.181 2 0.246 8 0.278 1 0.364 0 0.478 0
(40,
AdaBoost 0.120 3 0.148 4 0.207 8 0.245 3 0.284 3 0.376 5 0.471 8
Bagging 0.114 0 0.176 5 0.214 0 0.267 8 0.323 4 0.452 1 0.534 2
(509
AdaBoost 0.117 2 0.164 0 0.217 1 0.271 8 0.337 4 0.426 5 0.549 9
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Table 11 The computation time of ensemble learning for Sample200
(873 10 15 20 25 30 40 50
Bagging 0.334 3 0.539 5 0.641 8 0.8311 0.960 7 1.274 7 1.629 3
(20,)
AdaBoost 0.454 6 0.650 0 0.859 2 1.057 6 1.288 8 1.735'5 2.149 5
F 12 SampleS0 EREEZERBAIE
Table 12 The available ratio of ensemble learning for Sample50
FEA SR (SRS 10 15 20 25 30 40 50
Bagging 0.37 0.37 0.40 0.40 0.40 0.40 0.40
(20, )
AdaBoost 0.27 0.27 0.27 0.33 0.33 0.33 0.33
Bagging 0.33 0.33 0.37 0.37 0.37 0.37 0.37
(30, )
AdaBoost 0.23 0.30 0.30 0.33 0.33 0.33 0.33
Sample50_low
Bagging 0.43 0.47 0.47 0.47 0.47 0.47 0.47
(40, )
AdaBoost 0.27 0.27 0.27 0.27 0.27 0.27 0.27
Bagging 0.37 0.40 0.40 0.40 0.40 0.40 0.40
(50, )
AdaBoost 0.37 0.37 0.37 0.37 0.37 0.37 0.37
Bagging 0.10 0.13 0.20 0.23 0.23 0.23 0.23
(20, )
AdaBoost 0.10 0.10 0.10 0.10 0.10 0.10 0.10
Bagging 0.17 0.17 0.20 0.20 0.20 0.20 0.20
(30, )
AdaBoost 0.03 0.07 0.07 0.07 0.10 0.10 0.10
Sample50_med
Bagging 0.13 0.20 0.23 0.23 0.23 0.23 0.23
(40, )
AdaBoost 0.20 0.20 0.20 0.20 0.20 0.20 0.20
Bagging 0.20 0.30 0.33 0.33 0.33 0.33 0.33
(50, )
AdaBoost 0.17 0.20 0.20 0.20 0.17 0.20 0.17
Bagging 0.40 0.43 0.47 0.47 0.47 0.47 0.47
(20, )
AdaBoost 0.27 0.40 0.40 0.40 0.40 0.40 0.40
Bagging 0.27 0.27 0.30 0.30 0.33 0.33 0.33
(30, )
AdaBoost 0.20 0.23 0.27 0.23 0.27 0.27 0.27
Sample50_high
Bagging 0.43 0.53 0.57 0.57 0.57 0.57 0.57
(40, )
AdaBoost 0.60 0.67 0.67 0.67 0.67 0.67 0.67
Bagging 0.53 0.53 0.53 0.53 0.53 0.57 0.57
(50, )
AdaBoost 0.43 0.50 0.50 0.50 0.50 0.50 0.50
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£ 13 Sample200_med EFH EEERENE

Table 13 The available ratio of ensemble learning for Sample200_med

FEALE (X7 10 15 20 25 30 40 50

Bagging 0.37 0.40 0.40 0.40 0.40 0.40 0.40
Sample200_med (20, )
AdaBoost 0.37 0.43 0.47 0.50 0.57 0.57 0.57

RS A R FEA TN 50 B TR R UEAE R 280G DL T ik B2 I ACR 2 R* AT LA #] 0.85 DL I,
T3k 2 A A A5 o 5 SR I 7t 2 B ] EL G T000 8 B SR AR, Tl R A i Ol 50 IREARSE . BEAR N
200 B, A ERA W BE AT LAGRIE 0.9 DL EAY R FERS7E Al $2 32 30 N W AR AR I A AR . FEAS &y 500 I, 4R
il A% Ge Bl o > B0 vl DG B AR B 0 2 20 800 L R? AT 3k 0.95 LI, 2% ) I 4, {8 H A Jl R AR B 15 1)
BUAS LR 2 e ST 70 2 A B () LS F0 004 B A A s oK, IOR AR AR AR . A XN R T i AR A AR 1 22 )
T5 ik R SR B WA WU IR 14 TR

®14 FRREBRAENFIFEEESSHEERIW

Table 14 The suggestions on algorithm selection and parameter setting for different quality of sample sets

FEAKE BRSO E R? MSE HRCR 32 B4 N ]

Bagging (¥:2% 2] 4% . BP:
Sample50_low N o 0.860 5 4.010 0 0.40 0.452 1
(50,) , B2 2 2R E i 40)

Bagging (J£2%>J 4% . BP:
Sample50_med N e 0.852 6 5.397 2 0.33 0.452 1
(50,), 32 ) 8 50k - 40)

. AdaBOOSt(%%}j%:BP: _
Sample50_high N o 0.906 9 3.311 9 0.67 0.376 5
(40,) , I 25 > ZREE . 40)

Sample200_low SVR(#% R %8 : tanh(y =0.03)) 0.920 5 2.283 9 0.86 0.002 0

AdaBoost(F2% > £ . BP. _
Sample200_med . o 0.900 1 3.906 3 0.57 1.735 5
(20,), &5 2] fR B0 . 40)

Sample200_high SVR(#% BRI %X : tanh(y =0.03)) 0.925 6 2.235 2 0.87 0.002 0

Sample500_low BP (B )2 454 - (10,)) 0.959 0 1.293 8 1.00 0.075 1

Sample500_med BP Bt )2 4544« (10,)) 0.971 2 0.958 1 1.00 0.075 1

Sample500_high BP (B )2 454 : (10,)) 0.964 2 1.319 3 1.00 0.075 1
5 &

SCH R T RE AR S SRR A S A5 R IE AR AR B BT A AT A S 4 2L BT XN [R] BT R R AR AR AL T A ST AE AR
TR AEAY , I3 B A A Sk 5 A I A RRAE X L e 27 > B0k 4 T PERE RS2 R L 13 2 DA T 25148 .

DA RAEASRE S ML &8 557 ~ 5305 09 27 ST PR REAT S2 Wi vl REAS 5 1 5320 W o B8 KT REAS 2 s 1
X R — R AL o o S0k TR A TR RE A A5 D0 A [ B o MR AN B 19 23 S ROR BE S B L ) F4 A [A]
X P AL AR R BEA RS OLT AEA B S X 27 ST ROR W A P AN TR] . PRt A 36 1 5 Bk i o7
ARCRIF AR L RAE A IR L MR 5 R A i Rl % 1 S Bk A ok

2) MRS IS 2 2 SR X o ) R T 2 s B SO I 45 0 1 M S MO 2 ()Y o ) BOR
ZESRIR/ o PR A SRR 2 > R A L R ] A I 2 o R SR R i ok BT AR URE AR T R 1A AU
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THRE R S BEXS A GG 2 AEAC T O 200 F, J0IE B2 36 PR AN, 259 0 U B0 AY 27 T RCR

3D HE A T X U5 ROR 9 B T B, 2 L A R B — E R L A S R A UHL A L I ] AR
WO AU S HOR TN

TESE PR L o 75 AR5 5 T L 56 0 ) Sk AT ORI . SO R N T B X A% 2 i R R AR AR B
ML LS HOE UM SR St T 2% TEARRWI P B Ak ST TR A 4 0 B e ol 2 4L
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