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Method to Construct Feature Functions of C-CRF Using
Regression Tree Analysis
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Sun Hur

Department of Industrial and Management Engineering, Hanyang University

We suggest a method to configure feature functions of continuous conditional random field (C-CRF). Regression
tree and similarity analysis are introduced to construct the first and second feature functions of C-CRF,
respectively. Rules from the regression tree are transformed to logic functions. If a logic in the set of rules is true
for a data then it returns the corresponding value of leaf node and zero, otherwise. We build an Euclidean
similarity matrix to define neighborhood, which constitute the second feature function. Using two feature
functions, we make a C-CRF model and an illustrate example is provided.
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Figure 1. Continuous Conditional Random Field Model
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2(9)9) S8 HRE [ = exp(ZL,(—a)(y— =1y, )2
dy FRAN y— 3y, 5 12 AAE F, 5 =120 2 T
A3etH EEATEELY FHIEFETLY SASIT AdHA

S AZ AL BreE oM, gt 0uT 245 a g g
G 4N BAE S B0 HE 8 ANES 80 % T 00
58 ;}gw. HOFH () TR, A HEH L n agoia) Aekshs AL U4 Holeld] A Este] AT
o Wig k. A8 dlo]H Al Concrete Compressive Strength Data set.S.
2 UCI Machine Learning Repository(https://archive.ics.uci.edu/
1 T R \2 oM =5y o gdolHE = EO
P(ym):Z(B)QXP{E(O‘)(%Eyn @®) ml/datasetihtml) of| A sttt dlg ol ] = 237 EQ]
L i=1 r YEAES A3387] g doly Ao 2 F 103074 8=
r LNt cg wsm goul, Atstel 80T Y dolgl
+Z(_ﬁ)£/;,] Eyir'_zyjr) } I35 B:] io 1
i,j r r —\‘—U . T ’_‘<Table 1>-"]‘ % E]‘
Table 1. Concrete compressive strength data set
351 73 EE
Cement A&y ZAYE 23 AWES] <dkeg/m)
Blast Furnace Slag d&3 ZaZEd 23H AZAY dkg/m)
Fly Ash A& ZAYE xFTH ANE EFA ] Ykg/m)
Water A4y Z3YE £d 9 Udkg/m')
Superplasticizer a4y ZaYed £TH Z5A9 A%kg/m)
Coarse Aggregate d&3 ZaE ZTHE H52 ZAY dkeg/m)
Fine Aggregate ALy FagEed Egd AZA Fkg/m)
Age A&y ZAYEY A day)
Concrete compressive strength(Target Variable) a5y FIYEQ 4= T HMPa)
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Table 2. Rules obtained by regression tree

ID T3 A3k
1 Age < -2.488 and Cement < 0.707 -2.504
2 Age < -2.488 and Cement > 0.707 -2.344
3 Age > -2.488 and Cement > 0.736 -2.148
4 Age > -2.488, and Cement < -1.110 -2.434
5 Age > -2.488, Cement < 0.736, Cement > -1.110 and BlastFurnacneSlage < -2.552 -2.358
6 Age > -2.488, Cement < 0.736, Cement > -1.110, BlastFurnacneSlage > -2.552 and Cement < -0.064 -2.298
7 Age > -2.488, Cement < 0.736, Cement > -1.110, BlastFurnacneSlage > -2.552 and Cement > -0.064 -2.188

39 Y59 AU OEE CHAIDY CARTE AHE3k% Table 3. Property of no. 15 data
[e]

L, CHAID 71¥ & 2 &8 87 U2 B Al BAHRoot TP 5 eTE
Mean Square Error, RMSE) &2 2.4500] %11 CART 7| & & Cement 135809
&3 9] vH7of RMSE 3h2 24572 CHAID 7] 2 A2 Blast Furnace Slag 0.38885
=99 RMSE Fto] B Zof, & Ao A CHAID 71 < 4 Fly Ash 08538
$3 37 URE ol gl 24B4E TARY. A4E 3 e 3020
A U5-E T2 YER A <Table 2>9 2T 2 o)A ol A Superplasticizer 1.74237
£ RT g 742 A4 dd FAYTE 9ds 4% Coarse Aggrogats 3664
AZ o, FrEA Shds] AAAZ das glon, Jad o Fine Aggregate 142115
2 7FA A7) (pruning) & AHEE 5 STk -0.7172

Age
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2 083 o] AT FH F71 /0| B, 4] (8)°] A JAYF B4 S 53 =2 159 dolE e FYE 4=
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(1. 2) = —a(y, +2.188)? . FAG BT & a9 pE HROE Lz, a B) E ALt &
T @) = oty +2.188)% ) g 2xz aya9 o @ ALE Az 0 9) & 1/57910]
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S A 7t3FskHE TS <Table 3> A A A 3F S T} Figure 2. Probability density function of no. 15 data
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T2 B7hst7] A8l tha3] ##4 (Multiple Linear Regression,

MLR)3} Q15217 wh(Artificial Neural Network, ANN)< 2] &3}
ol 232 E ¢E P EE o 23193 1w o] RMSE 32 vl s}

of 71 AE <Table 4> A A &3 Th.

Table 4. RMSE of MLR, ANN and suggested method

Method RMSE
MLR 4.020

ANN 2312
Suggested Method 2.324
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