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The Remote Sensing Model for Estimating Urban Impervious Surface Percentage Based on the
Cubist Model Tree
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Abstract: As a typical land- cover type, impervious surface is a key indicator of urban environmental quality and urbanization
scope. In comparison with the traditional remote sensing image processing methods, the assessment of impervious surface
percentage (ISP) can offer the sub-pixel level exploration and acquire the fine-scale information. In this paper, the proposed method
uses the Cubist model tree with both the high-resolution (Google Earth) and the medium-resolution (Landsat TM/ETM+) remote
sensing data to establish an estimation model of impervious surface percentage (ISP). A base model (Base Cubist-ISP) is built
integrating all the original bands from Landsat TM excluding the thermal infrared band. This paper tries to minimize the effects of
noise by adopting the ensemble learning algorithm and by incorporating the median of each solar- reflective band within the
adjacent temporal images. After that, the following variables are filtered to get the optimized results, including the TM thermal
infrared band, the derived variables from the original bands such as Texture, and the tasseled cap transformation variables. Then the
variables are simplified, and in that way, the optimized parameter of ensemble learning algorithm for Cubist tree and the well-
chosen variables are used to establish an optimization estimation model (Optimal Cubist- ISP). The results of a case study for
Haizhu district, which is located in Guangzhou city of Guangdong Province, show that the overall root mean square error between
the estimated ISP value, which is based on the Optimal Cubist- ISP model, and the reference ISP value is 12.98% , with a
determinant coefficient of 0.90. Moreover, this paper compares the Base Cubist-ISP model with the Optimal Cubist-ISP model. The
accuracy of the Optimal Cubist-ISP model is better than the Base Cubist-ISP model, and the RMSE decreases by about 5.03%. It is
illustrated that the Base Cubist- ISP model may over- estimate the pervious surface area and under- estimate the high density
impervious surface area, which could be improved by the model optimization. In addition, the Optimal Cubist-ISP model can not
only be able to well recognize the land types of soil and water, but also eliminate the influence of shadow on the high density
building area to a certain extent. Thus, the proposed approach on impervious surface estimation based on the Cubist model tree as
well as its optimization scheme can be applied for precisely obtaining the ISP in the urban areas.
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Tab.1 The comparison of accuracy before and after the
optimization through ensemble learning algorithm based

on the model trees

committees MBE/(%) MAE/(%) RMSE/(%)
1 -0.47 12.51 18.01
100 -0.25 12.19 17.50
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B ICIBUE T LA A IR 8 SRR e 2 50408 R 3R 2%
FER AT IR ARl T AR BRI, R 1R
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Tab.2 Estimation of MAE and RMSE using various
combinations of the independent variables from the

original bands

SEB MAE/%)  RMSE/(%) A B R
1 12.19 17.50 bl1-6
2 10.92 16.20 bl1-6_med
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Tab.3 Estimation of MAE and RMSE using various combinations of the derived variables

S MAE/(%) RMSE/(%) i A H 28 5 (opt_b7 :b1-6_med, su_b7)
1 10.41 15.39 opt_b7
2 10.34 15.42 opt_b7,NDVI
3 9.82 14.45 opt b7,NDVI max
4 8.77 12.67 opt b7,NDVI_max,NDBI,NDBal, TC, Texture
5 9.04 13.21 opt b7,NDBI,NDBal, TC, Texture
6 8.74 12.67 opt b7,NDVI_max,NDBal, TC, Texture
7 8.76 12.82 opt b7,NDVI_max,NDBI, TC, Texture
8 8.84 12.72 opt_b7,NDVI_max,NDBI,NDBal, Texture
9 9.38 13.83 opt_b7,NDVI_max,NDBI,NDBal, TC
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JRA A W LAY B — 3 A AT AR Y 8 AN SUFRAERAE(E , B4 {E (mean) , 5 22 (var) PP (homog) X6 LU BE (contr)  AEAH{LLEE (diss) 4% (entropy) .

£ B (sec_mom)FIA I (correl)
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Tl SGRE] T ARG B .
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KT o X6 AU B EL AT e /N e 43 B S /NI
T B AR BRI 40 i Bl as T EEE
ST 4N B 3200 i, R8O MNF1-4_med.
Fan 50, I MNF1-4_med {82 b1-6_med, ISP 1
TRORGE BEAHZEAS K, BT LA, 5 Mo 17 J5 ) , A S H]
MNF1-4_medftE bl-6 med &4 , I UEF T H B4 43
Bro DL Cubist A HBURE 44> 5 5 1) T B2 P 48 bR, 25
G i DL 3R S BB PETE 45 1 Cubist 452 AU Y
W Z e AR h Y Tk (R 5) o FERAR
Y TTRR Y, e RO e/ NI P 3 B8 708 e 1) 5 I B

(79) , foe/INABCERRFIE A9 A2 1 (0) , AR SCHH o S5
& £ 2L B R AR i m Ay 10 A JE P, B MNFI-
4 med .SU_TM6 NDVI_max Fl 4 SCEERAE(E (1
{8722 0 LB REEAR UM ) VR A e ey A AR o
fE VA =7 v TSR ot 10 P Y S~ S i
TR 19 4 B2 > 515 19 250 committees 7 B 152 4
100, AT ZRE NS E, W& 5 R, LA 10 ]
b5 B 2 KL committees , 158 HUOE Ak R B3R e £, B
RMSE f/Mf committees A4 1E o

25 b fr ik, A C LA MNF1-4_med. SU_TM6,
NDVI_max F1 4 DNECHRFIE(E (FE 5 22 X T
FEAEARUE ) VE N B A8 &, %8 240 committees=60,
N ER AR AN K T A A3 LR AR AR, T
Optimal Cubist-ISP,

F4 RIHEERBETN

Tab.4 Evaluation of the accuracy before and after the simplification on attributes

S b1-6_med MNF1-4_med su_b7 NDVI_max Texture MAE(%) RMSE(%)
1 Vv vV vV vV 8.84 12.86
2 vV vV vV vV 8.94 13.09
e EPRAVARE 7N 8z £
=5 BHTEFEMSH
Tab.5 Importance analysis of the attribute variables
JEMEA MNF2_med NDVI_max MNF1_med SU_TM6 var MNF3_med mean
WY 79 64 59 55.5 47.5 47 46
JEMA MNF4_med diss contr homog correl sec_mom entropy
WY 38 30 28.5 19 6.5 1 0
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12,98 13.01 13.06
13.00 13.02 12.99 13.02

30 40 50 60 70 80 90 100
Committees
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&5 241 Committees 5 RMSE X & &
Fig.5 The diagram showing the relationship between
committees and RMSE

4 RS

4.1 ISP {HE 4R 5 Optimal Cubist-ISP #28! j {4
N T AT R] A SCH T O ) — k22
SRR B (MNDWD ™, 3 4538 1 B 18, BERE A%

FE M R A3 7K AR, Skt B 150 3ok DX g BH 5 HE
JKARHE IR , 3T Optimal Cubist-ISP 5  fity i Bk [X.
AN 335 K Ty Fe Al S SRR 6 FiR o SEit T
5, MR DX AN 7K T T A 39.92 km?, 5 TR ER XL
1A 43.34% . MK 6 AT LI i, ISP £l 55 4% IR [ ]
PLR S R 1%, A0 PN R R ) N A 9 1 3k
FER PSS, 40k b, R TIBERIX AR A KA
T H R B | 2504 ISP YK 2R T 53

e 6 Sy A R () H K 4y ISP = % (70% ~
100% ) 45 B (40%~70% ) A% FEE (10%~40% ) Fll
B KA (0%~10% ) FRE FEPEAY , T LA M - (1A
K1 RMSE 4 12.98% , MAE 2 8.88% , RMSE 5
MAE M 2288 K, =2 IR B s 52 5 (5
TEAEL ) AR 5 (2) 1 2880 B8 AN 35 /K T RT3 7K TS B
1, H A N K RS FE AR B) Ry & AN I K
TR A | v A3 BE A K T AL K gk s Ay, Horp

A

8 km 0.0

6 JfEEk X ISP FELE R
Fig.6 Result of the ISP estimation over Haizhu district

%6 Optimal Cubist-ISP REE (K 5 55 % FHEEITFM
Tab.6 Overall and hierarchy evaluation of the accuracy
of Optimal Cubist-ISP model
IFOERR IR mWE PEE E #okm
MBE/(%)  -0.38 -5.76 1.84 6.42 591
MAE/(%) 8.88 7.46 13.24 14.83 6.31
RMSE/(%) 12.98 11.14 16.46 18.85 10.43

o 2 AN 25 7K THT RS 7K T ) MBE 19 46 % AT MAE
AHZEANK, R IER I3 2 23 AN 325 /K T AR AL T4 A1
Al PR T REB 3325 7K TR AL T-9 Al RS
XF HE 3 S 4 RN BEAT AL AR 1 I A TS
PN 87 5 B @A AT 8], 7E 20 committees A [F] (3
W 100) PG BLS i EEA T 6] 38.70 s, J5
(A 6] 4 21.80 s, FEAG BEAHZE A RIUHEOL T,

ISR KRS T, 4205 T 77.52%.

4.2 ALRIEIREIST

w2 7 s, A0 3L AL 7Y (Base Cubist-ISP)
PEALS B MAE F#AI$ 3.63% , RMSE [ 115 5.03%.
Jf H ,RMSE 7 /5 H AR B F38 /K T A BEAIR
BB K I, FAK 7.06% , 85 A KIE T

K] 7 kR At R (Base Cubist-ISP) 54L4L )5 HY
1557 (Optimal Cubist-ISP) 9 ISP i 5.(E 5 2 % {1k
S X B BT LUE L ARG S el
WD R R KR X ., R 0.80 45751 0.90,
BRI 0.79 4275 5 0.87, ISP 15 3% /K 1 X I (1] 7
1B JIT A 55 119 50 o v A0 R o 2 AN 3 KT X3
(P& 7 H B BB T A 5 1) o) AL S5 45 2 s
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Tab.7 The comparison of overall and hierarchy evaluation

accuracy before and after the model optimization

MAE RMSE/(%)

(%) HElk EEREE hERE REERE SEOKIA
Base Cubist-ISP 12.51 18.01 15.88 21.86 21.77 17.49
Optimal Cubist-ISP  8.88 12.98 11.14 1646 18.85 10.43

WA 8 fran , % HL T A.B.C.D.E.F 6 MG
Mo ARICA B.Cail &AL B KR 0 &

1007 y=0.79x+11.50 & e %0 W %

ISPAH S AE/(%)
N W A U N 0 O
S O O O O O O O

—
(=R}

™ .
0 10 20 30 40 50 60 70 80 90 100
ISP {H/(%)
(a) Base Cubist-ISPF# 7!

A K B3 K G TT RS A B FUK 95 K g T,
18I D B F 2050 k5 5 R 1) 1m0 2 B R85 /K IS
TG F A K B R AN K TR OGN B A Rk
HIR 2 AN B K R IC . T oK RS 38 B B
F B KRR £ B M S ORI K N T bk
R, A B.C.D.E.F Y ISP{EHI# Al A5
IR BER e 3 R AR = KA, AR S ke 3% T {1%
RGBS (£ 8).

Pl 9 SRy AL Tl 1 2R DX ISP Al 345 5 3 9 ]

Y=0.87x+7.43

S

B 0 2
S O

ISP SEAE/ (%)
(=)

0 10 20 30 40 50 60 70 80 90 100
ISP {H/(%)
(b) Optimal Cubist-ISPF I

K7 ISPASES S B EAUIE

Fig.7 Scatter plots between the estimated and reference ISP

-
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El8 4Eik1% 0 5 Google Earth 212X
Fig.8 Google Earth image of special pixels
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Tab.8 The comparison of the ISP estimations of special
pixels before and after the model optimization

ISPZ#%{H Base Cubist-ISP  Optimal Cubist-ISP f& /!

BT g (%) /(%)
A 0.00 43.70 4.15
B 4.08 55.49 14.00
C 0.00 35.04 5.94
D 75.28 92.69 75.41
E 51.84 88.43 46.61
F 26.16 71.34 12.00

M9 AT LA Y MR HT AR R R e 4 B A ST IX
LY AR 2R e 8 LA 5 /K T R ok 2 SR A
R Y5 1) 2 A 0 A 3 0 14 o 28 DX S A AR
i, MRS fE—E BB EAHER T BIREX T  E
IESUX A o d LA RIS 8918 Fp T LA Y bk
b JE R AL 22 AN 3B K T A 43 HL R (B A 32
AN 7K T ) R BELR | SR 52 B/ NI EAR o bk
R T KR i oK T, DAL RIS #Y ISP A S 25 2R 73
PR A oA 2 A K

(a) TLACHT

Kk

i BT (0~10%)
IR (10%~40%)
T (40%~70%
B E(70%~100%)

(b) AL

P19 HERLIE AT 5 2R X ISP A 45 SR 1K
Fig.9 The classification map of the ISP estimation for Haizhu

district before and after the model optimization

5 25

A SCHET Cubist AR 3G G 1 1 A B
TUAY B M I T B DL RO B i e Rk — B4
T8 R A2 2T LA SR R TM 46 i B A% i
bl BB A T T A A R I A T AR 5 DL S
PERG T 6 SR B REA T AL, A5 B e 20 A AR i,

A7 ALY ISP A A7 (Optimal Cubist-ISP) .

(D HHBIAY A Z 800 ol A —E R LI BRaR A
W R P B ) B 2 5 T A B 5 R LT Ah i
BOME ZENDVIRRME . 30 2 Fhogicdls A2 i 2 m) LA
EERCC LRt P RINTEN] 7

(2) Optimal Cubist- ISP 1% 7 #% {4 () RMSE 2}
12.98% ,MAE 4 8.88% . H:Hf, i 25 i AN 28 /K T 1
B K ARG AR, b IS8 AN 3 /K RS B A1 v
W AN B K IR AART , b AR B AN 328 7K TR Z 7K
T 4% =5 il o E Cubist A5 AR A0 45 B2 2] ki 2
i committees AH [ (#4715 4 100) F1E O T, i iE A
R AR i IE AT IR MR T, AR R IR P T, £
T 77.52%,

(3) JEF RIS I 4 L2 > i Ak Sk b
A IS AT DA i KR i A e 7 %) ), 30 5
A FH 8 A8 8 R0 MRS 177 J5 75321 19 Optimal Cubist-
ISP F NG 2 BH g A 2Ll A5 7Y ( Base Cubist-ISP) ,
177 MR 25 A1 5.03% , R2EES 1 0.10, F8 5 %
I/0 TSP 325 7K THT DX Ssl i s ik 0 v 288 B AN 325 7K T X
AR A A B A5 B 3% | 5E T IR T X ISP ()
PRI

(4) KR 53R X HL 19 B A- e GRS |, B K
(R 1 B2 1 5 AN B K N T 8 (s 423555 )
WAFTEICTEIRYE | 35 B A /KR Rt sk s i 15
JCHE A o AL IS AR AR B A g b AR 4 K
T ARG b CEIRE m A B S . BRSO, ARAL ) A
U] DA — 2 R LI PR B S o 2 8 A SR IX ()
S, DT B 1o 235 A S DX R R R AL IR 42
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