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ABSTRACT

Tt

Jong Chan Kim”, Kim Cheeyongw',
, Chun Bo Sim

tHEE

In this paper, we are applied a nerve network to allow for the reflection of data learning methods
in their overall forms by using cluster data rather than data learning by the stages and then selected
a nerve network model and analyzed its variables through learning by the cluster. The CKLR algorithm
was proposed to analyze the reaction variables of clustering outcomes through an approach to the
initialization of K-means clustering and build a model to assess the prediction rate of clustering and
the accuracy rate of prediction in case of new data inputs. The performance evaluation results show
that the accuracy rate of test data by the class was over 92%, which was the mean accuracy rate of
the entire test data, thus confirming the advantages of a specialized structure found in the proposed

learning nerve network by the class.
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K-Recurrent Neural Network
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Fig. 1. Overall Structure of proposed K—Recurrent Neural
Network,
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@D Check Cluster Number ¢ identified with the entered Data Set X and K-means Clustering.
O-@ Separate it into Training Data X,,,, and Test Data X,,,.

(D-®@ Redefine the defined data from the time of the previous stage.

@ Do learning for the weight values of LSTM.

@ Change the state node values of LSTM by using Training Data X,
update h,, the information of the Previous State Node =z, ;.

@ Do learning with z <X, _,[i,], the first input value to test the first test data.

(® Obtain the output of prediction and response variables for data by repeating learning to the length of the

entered clusters.

again and, at the same time,

rain

Fig. 4. Proposed CALR Algorithm,

Table 1. Data Classification of Image Segmentation Data

Set
Class Leggrtl;ng gzts; Ev?jlzi:on Total
Grass 198 99 33 330
Sky 198 99 33 330
Cement 198 99 33 330
Foliage 198 99 33 330
Window 198 99 33 330
Brickface 198 99 33 330
Path 198 99 33 330
Total 1,188 594 198 1,980
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Table 2, Test Data Hit Rate by Cluster(k=6)

Item Brickface Sky Foliage Cement Window Path Grass
Cluster 1 92.46 90.04 91.64 93.46 93.834 96.64 91.18
Cluster 2 89.46 90.18 96.98 92.44 91.69 9347 92.46
Cluster 3 93.15 88.64 91.64 95.32 92.14 91.23 92.77
Cluster 4 91.64 91.11 90.48 90.22 91.88 90.86 92.43
Cluster 5 93.11 90.61 92.47 93.11 93.01 92.73 94.56
Cluster 6 90.45 93.33 88.91 90.09 90.46 90.66 91.45

“(Loss Function) 40| Fa3slt}h £434E= 1)
g Ao 4 ARE 7|F02 CARS 53 dHol

HZ LSTM 48 =45 A&

B B4 g o F Ao aolg S 3= Frolth o tigk RMSEE &3 ZA¥o|t). 34 S8 2H
A Agole Fe1xHE £4 volH ¥ HX2E A LSTM 8l == <71 109 of H2E dloH
HolEE 7|wto 2 RMSEE =43t RMSEE & 9o gEFEr}t M Sttt HHEH O R FEEo
A dolgd A8 A HATE oulsty HXIE 0007 7§ Cluster 32] d&=7t 714 £2 24&
tolE e A& A9 ASFEE vt A3} X [BRSRRIAN
7t s AREet 455 4ol sttt
RMSE =442 4 (6)3% 2t 54 B
Parspe | 23T © 71 ATolA AYE NG JHs dugEe
H2 3] BAEE B3 AAT, AAH ] thaFe
x,; : Actual Value 3¢5 dlolE] gryt MAxHAo R BrtEQnh =3
@ ¢ Prediction Value AA doledl sl d&H g5 Bt o] Fof
B = A A3 Clustering k- LSTM RNN Aok st EAFAE EAst Ut o] £ =
P 9 287 9GS RPo0E 4nFEL A Ae Fe2E dHolHE &8st WA dolE 8
orstyth ©Y AEL 17)] 29 &3 AYOT T & Htgo] obd HA A Feo wlolE sy WY
HBAZAOoH LSTM A8 kX 4= 1,5 1002 55 HEgo] 7hs3t e s A4S 483t S8 HE
A 2ol= HePow 5EL 0.0007S AL3Hd Sh5e Bl WS W B 9 HA5S 918 CALR
Q=712 Agst) g5 HA 2o A 18 EFS AL CAR EaglEL st dol
A 71Ex g 5T AL JEAY Rav) el g AAg ZAE A3y fete FA4E
FoA Wates AL gAY Astels MYE £0]7) A 8 dE s o3 E8e Tl FHaEHTE
AsNA g5ES A= 3otk Table 32 Brick- S 2EEE AAYS ALt HH o5 9 2
Table 3. Cluster RMSE by LSTM State Node (Learning Ratio=0,0007)
) . LSTM State Node
Cluster Learning Ratio
1 5 10
1 0.0007 0.8846 1.2455 1.2452
2 0.0007 0.9875 0.9655 1.1253
3 0.0007 1.2481 0.6452 0.0544
4 0.0007 0.8974 0.2345 0.4322
5 0.0007 1.1024 0.9855 0.6488
6 0.0007 0.9878 1.1245 0.5444
Average 1.0180 0.8668 0.6751
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