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Object Classification Method Using Dynamic Random Forests and Genetic
Optimization
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Abstract

In this paper, we proposed the object classification method using genetic and dynamic random
forest consisting of optimal combination of unit tree. The random forest can ensure good
generalization performance in combination of large amount of trees by assigning the randomization to
the training samples and feature selection, etc. allocated to the decision tree as an ensemble
classification model which combines with the unit decision tree based on the bagging. However, the
random forest is composed of unit trees randomly, so it can show the excellent classification
performance only when the sufficient amounts of trees are combined. There is no quantitative
measurement method for the number of trees, and there is no choice but to repeat random tree
structure continuously. The proposed algorithm is composed of random forest with a combination of
optimal tree while maintaining the generalization performance of random forest. To achieve this, the
problem of improving the classification performance was assigned to the optimization problem which
found the optimal tree combination. For this end, the genetic algorithm methodology was applied. As
a result of experiment, we had found out that the proposed algorithm could improve about 3~5% of
classification performance in specific cases like common database and self infrared database compare
with the existing random forest. In addition, we had shown that the optimal tree combination was

decided at 55~60% level from the maximum trees.
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[. Introduction
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[I. Random Forests
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Fig. 1. The diagram of random forest

Table 1. The random forest algorithm
Algorithm 1
In : training samples ¢ = {x._ ..... x\};
Define : T. K. H. D__

Function RF(2)
Ol:fort=1:T

02: make bootstrap subset ¢, from ¢
03: tree, = TREE(g,)

04 : end for

03 : return forest = '{t‘reez S - }
Function TREE(¢c)

06: AG . ¢ty T, <01, <0

07 : random selection f = {f
08:fork=1:K

09: forh=1:H

10: split ¢ — {%1: £, } using £, T,

11: Compute gain AG

12: if AG = AG_,.

133 AGE - A . = h, T Ty
14: end if

15: end for

16: end for

17: store T, . f,. to this node

18: if AG_ . =0 or tree depth =D

19: store the probability distribition P (leaf node)
20: return this node

21: end if

22 : TREE(g,)

23: TREE(g,)

24 : return this node
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vjgtth, 11349 tree, o Wek Aol A (2)9 2t

tree *{treej|xieoj,1s j<t} (2)
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;E

B | treeoab | tree Etree

c(z) I(tree;(z)=1y) 3)
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Table 2. The dynamic random forest algorithm

Algorithm 2

Function DRF(2)
0l:fori=1:N

02: D, (x,) :%

03:end for

04:fort=1:T

05: make bootstrap subset ¢..0, from g
06: ¢, «c, weighted with D,
07: tree, = TREE(g,)

08: Z=0

09: fori=1:N

10: D, (x,)=D,(x,)

11: if tree_, =0

12: 1D . (xl') =1~ c(_xl_]
3 end if

14: Z=7Z+D,_,

15 end for

16: fori=1:N

17: DH@J:DHHJ
18: end for
19: end for

20: return forest = {tree:,..., rreei-}
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II. Genetic Algorithm

44 OELE_?E]%% 5‘%*—1 A 3}(stochastic optimization)

sope] )

Table 3.

A1 oItk

The genetic algorithm

Algorithm 3

In : solutionspace. 88

Define

G, .K,N

Function GA
01: random select P :{B: ,...,8_\—}

02:forn=1:G,,

03:  calculate Q(B,).F(6,) .i=1....N

04 : fori=1:K

05: random select 6,,.6,,

06: 0? =mutation| crossover['ept,epz ]]

07: end for

08: p<6]....08; (replacement)

09 : if stop criteria

10: break

B end if

12 : end for

13: 6 = arg max Q(Bl] .d=1..N

14 : return 6
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Table 4. The proposed algorithm

Algorithm 4.1

Function GDRF(2)

01 fort= LuT
02: make bootstrap subset ¢, from ¢
03: tree, = TREE(¢, )
04: end for
05 : forest = {tree:,..., rree?}
06 : random select ch, = [g:,,.,gf]:
.0<g<1,i=1,..N
07:forn=1:G,,
08: calculate Q(ch1 ). F(chl1 ]
09: fof T1=11K
10: random select ch . ch,,
11: ch? =mutation( crossover(ch o2 Chs ])
B end for
13 pe¢chi.....ch] (replacement)
14: if stop criteria
15 break
16: end if
17:end for
18:ch,, = arg]}:}l&x Q(cht) d=1.N
19:g, =0 ,if g ech_, and g <1/(5T)
20 : return ch,,,
a9 2% 4F TEE O1&F By A5 S ek
o,
C;=10
Fig. 2. The example of diversity concept
a9 2% e AES oRREE B YHe A TE

G

dl:l_m (4)
G

Ry N Yo
G

I By N Yo

dy < dy< dy=1

Table 5. Q function

Algorithm 4.2

Function Q(ch)

00 : ¢ «classification rate for validation samples
0l:d=0

02zferd.= 138

03: random select v, v, in validation samples
04 : p, ¢« count misclassified trees forboth
05: p, ¢ count misclassified trees forv,

06 : p; <« count misclassified trees forv,

07:  d=d+|1-—L
P +Ps)

08 : end for

09:d=4d/S

10: return (¢+d)/2

Table 6. F function

Algorithm 4.3

Function F(ch)

00:q,, =1.Q,. =0
Ol:fori=1:N

02: q,=Q(ch,)

03: if g, 34, ;9 =4; ,e0dif

04: ifq, <qu, » Qu =9, »endif
05:end for

06:fori=1:N

07: ;= (0 ~Que )+ (G — Qe )/
08 :end for

09 :return q

X 62 dAA S AFEE Hrtele FEGE Yehddh F
T ZHzhel AR ] Ao Fholl mel A HlEs Fols)
o Gl Aeel 7)Fe] A, At duelSdM e QF
Fgkoll walsted, Hdighol Hagkel raj7l H2E soict A
otels dauglFollAe A (selection pressure)E W
7] Yt rgks 1.52 AEEki)

A38)E 4.19 108oME= FEHEE 56 Fojd 3=
20wl 7 e AAAE WY Adegd. A
(roulette) 2S5 A&3te], & AFE] d4A7F &
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oAtk daEF 4.19] 11840 A ] wap
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5 ol dolH ch, 9 FHxE Eewta, vl A ch,9
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o

Table 7. The crossover
Algorithm 4.4
Function CROSSOVER(c¢h, .ch,)
00:fori=1:T

01: 1v<random variable . 0 =1v =1
02: ifrvz=05

03: g, « i, gene in ch,

04: else

05: g, <« 1, gene in ch,

06: end if

07 : end for

08:ch = {g pes g1 ]

09 : return ch

% 419 11a6]49] Wo] e E 83} Arh A
3 Al glelel My shahs HAold.

Table 8. The mutation

Algorithm 4.5
Function MUTATION( ch)

00:pm=0.25

Qlsdor =l 0T

02: v, < random variable . 0 < 1v, <1

03: if rv < pm

04: v, <—random variable , 0 = v, = 0.1
05: B =&ty

06: end if

07:end for

08:ch = {g'_r"'rg;_}

09 :return ch
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el A GAAE 710 Gl Aol GAANT. $4 A
4 QAAE AR ASE YR QAAES ew A
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183914 Au) W57 o) 257}

o 45g wole YT A% E9 2R
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A 450 4G, 199 F874 27 HH oA
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o uv, ol @AY 27 EF e Yol AR
ol uhg- e =22 AAS] A% Bl 6lF Sof, A
13l
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V. Experimental Results

2 A Ak 71 s 5487 Sk, ¥
£ glolgo]~0 UCT vlolEuo]A[21]19 A Aoz 21
o A9 JA dlelgulel~E ol &agion, *A AFTH
BRF(Beiman's random forest, ¢128]& 1) 2 DRF(Bernad's
dynamic random forest, &118]& 2)¢}o] &5 %S v w3}

Atk
1. UCI HlolE ol AH

Table 9. The dataset for experiment

Datasets Instances Attributes Classes
MGT 19020 11 2
ISO 7797 617 26

LETTER 20000 16 26

MUSK 6598 168 2
OPT 5620 64 10
PAGE 5473 10 5
PEN 10992 16 10
SEG 2310 19 7
SPAM 4601 57 2
STAT 946 18 4
WV 5000 40 3

UCI elolejulo] = v
= 24 dolgolzolth & 3257149 HolE E57h B4
sl glom, A&H oz duel=rt Hu ek A5 AFS
ekl B wRolA ST BEL

glolemolze] o] A7) WFel Aol FYe ALgal
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At kA3 AA WAL MGT(magic gamma Telescope),
ISOGsolet), LETTER(letter MUSK(musk
version 2), OPT(optical recognition of handwritten digits),
PAGE(page  blocks classification), = PEN(pen-based
recognition  of digits),  SEG(image
segmentation), SPAM(spam base), STAT(statlog vehicle

recognition),

handwritten

silhouettes), WV(waveform database generator version 2)

ot

100

Classfication rate (%)

I | i i
LETTER MUSK OPT PAGE PEN SEG SPAM STAT wv
Datasets

70 |
MGT SO
Fig. 3. The example of diversity concept

Table 10. The experimental results on UCI dataset

Datasets BRF DRF Proposed STD
MGT 88.01 88.26 90.25 1.23
ISO 94.65 95.04 94.44 0.30
LETTER 96.06 96.69 96.52 0.33
MUSK 97.38 97.59 98.03 0.33
OPT 98.35 98.49 96.82 0.93
PAGE 97.3 97.36 96.8 0.31
PEN 99.09 99.13 99.05 0.04
SEG 97.67 97.98 96.32 0.88
SPAM 95.12 95.96 95.56 0.42
STAT 74.4 74.93 79.57 2.84
WV 85.52 85.65 88.41 1.63
R % BAL 9)ste], Zhzke] vlojelulo)zd dls) 2/3
2 % AZE 99 Aget 4 138 HAE AZ2 A
Atk Eele s Aol 5002 ARstgen], ztztel
AL EZAHAE HAHE 103 fHEsto] 2/ 455 HAsisitt
Abehe GuFAE, 271 GHAE 1000712 s,
S el A 100709) A4 aAE Al gAlallnt,
¥ 37 1 102 UCIT dlog#|o] 2o st 7 A3 Az}
£ vehdth B9E BHE@)0Th MGTE H%d 49 97)

o] dolejlo] ~eI A1 DRESH A2] AR 27 4
@ % 9tk BRF, DRF, Agtshes 2aels w5 22Ax7)
1% ol3ke] vl e ¥R A% PEES Bolnz AF A7}
e RRF B e A0 AEYS % 5 9
STATS WV dlo]gjlo] 2o & Aujdoz
o7} g,

*1 STAT rﬂ JEfH 0] 229 %%
7vE)a glon, Agkshs dag
Uebd S gelslit.

Table 11. The comparison of experimental results on STAT
database
Region Adaboost
Proposed Boost[23] IE+IP[24] Ca.5[25]
79.57 81 74 77.8
i 12+ UCL vlelefrlolzel oigk AlQbsh= &are]&e] 4

A ﬁaure UEbith, 378 07 oF 559 G250 Ea el A

A 37t gE9%em, MGT, PEN, SEG, STAT, WV HIOlEi
Hloj 2o disl] Hu| E]e] Autelste] 2gke] A
& O AFE UEa vk 53], STATSF WV Fﬂ

ojefro] 0] - B 2007) Wele] A5t Ee] 23] 2
e noeH, g Ae= *‘tﬂx*oi ol %ﬂ] S AT
u}gbA] BRF 9 DRFOIA &=

iih)

Aol EelE gae %4 E 292 Eal Z, A 2
Aol 9B 2 i Bl o EPHe] e

[e)
=
2R A5S U girka wekn,

Table 12. The experimental result of proposed algorithm

Datasets Classificatio Trees Diversity

n rate (Mean) (Mean)
MGT 90.25 2151 0.94
ISO 94.44 343.2 0.68
LETTER 96.52 477.5 0.72
MUSK 98.03 254.3 0.85
OPT 96.82 322.4 0.65
PAGE 96.8 283.6 0.88
PEN 99.05 185.0 0.91
SEG 96.32 228.5 0.82
SPAM 95.56 291.3 0.84
STAT 88.57 193.3 0.92
WV 93.41 218.4 0.83

2. Heold 4 Hlolefslol A A

Rl s EA B5 A9 Slste] A4EA g A
S| (infrared) 42 AHgBIGTE AR, FUR, TEEY, 3
84 4] BA| diste] 5a4ol AR AT Gaol,
A4 FF 99 AR e E 139 2k 7Y 4k 54
FRol W 494 e A ek,
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Table 13. The infrared target image database F B5 Aol ko] nn)dAY gdeS nx= Ed7} 9
Sx+ | AR TR | BT [ Z8EH | o9 ousit) wal, JUHoR 4L fo] EYxgtd Bo
T Tioises T rarsts [ rosors Traraso] 008 HE AL slom), 438 piudsl did
s , > ; X 2~0] = H= -yl olulil A= oA F =
3 237,070 | 154,815 80,965 | 197,785 j V‘ﬂ el S7PE i e et e “&l}_a
4 230,490 | 242.620 | 169.790 | 97.710 | =& 7FeAdol &S vt wEbA 5 el S
5 280,350 | 259,305 | 204,160 | 255,545 o} tjekAe] Bu = 93k uHy} & o]Fojof dh}.
Table 14. The experimental results on infrared target
™ X} images
Datasets BRF DRF Proposed STD
1 94 .25 96.18 96.43 1.19
2R} 2 90.1 93.2 96.35 3.13
3 94.85 96.8 95.03 1.08
e 4 93.22 91.58 91.17 1.08
=2 5 96.45 97.46 96.82 0.51
PSEc
78 ‘ ,
Ea | -

Fig. 4. The example of infrared target images

Aoz FYE UCH dloleluo] 2ok ) Mol 94
5G] HEd), B =RAE o JPERE 57
o] 831 EA S odato] Blaz] ARE )
HOG(histogram of gradient)[22]& A}-&-3}
= 0o B4 YA FRgort ¥ =
e 53 A2 40 d6E IR2 e dn
Fach 9 g oJug, 1, 2
gayolm, 3~5 27 =Y A
=2 7+ Zp4re whel Ak 5 GA) 9
WG A} R char) B ;5% oM Ateke Sues
sl ] Fhel Aol GAE B
HEE UEE do] 7
58 et} g =L ¥l Zbzke] Appel] A
M2 1,00044 AFAE slon, 44 A5 4 E4
3 % 1600099 4% F4S o83k ol wHe)
%% Qg 7 FEA o
g a9 A s e A%
WHEY2E H9e
a}%s}oa it TS IR, AR 2ol
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Fig. 5. The experimental results on infrared target images

Table 15. The experimental result of proposed algorithm

Datasets Classification Trees Diversity
rate (Mean) (Mean)

1 96.43 288.3 0.82

2 96.35 225.8 0.89

3 95.03 308.5 0.81

4 91.17 259.2 0.78

5 96.82 388.2 0.71

VI. Conclusions
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