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ABSTRACT

Purpose: This paper proposes a density adaptive grid algorithm for the &-NN regression model to reduce
the computation time for large datasets without significant prediction accuracy loss.

Methods: The proposed method utilizes the concept of the grid with centroid to reduce the number of reference
data points so that the required computation time is much reduced. Since the grid generation process in
this paper is based on quantiles of original variables, the proposed method can fully reflect the density in—
formation of the original reference data set.

Results: Using five real-life datasets, the proposed A-NN regression model is compared with the original
k-NN regression model. The results show that the proposed density adaptive grid-based A-NN regression
model is superior to the original A-NN regression in terms of data reduction ratio and time efficiency ratio,
and provides a similar prediction error if the appropriate number of grids is selected.

Conclusion: The proposed density adaptive grid algorithm for the A~NN regression model is a simple and
effective model which can help avoid a large loss of prediction accuracy with faster execution speed and

fewer memory requirements during the testing phase.
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Figure 1. Example of selection of optimal 4-value (California dataset)
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Figure 2. Example of the proposed density adaptive grid algorithm
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Figure 3. Flow chart of density adaptive grid-based A-NN regression model
- ] —
4. A3 AA 2 37}

4.1 A dlolg Aol &§

Aol A AlRksl= DAG A-NN 3|7 &S 7kshr] f1s) vhekek ohil 7o) AAl diole] Alel] A|¢tehs a2
|& B8e Ag3te] vl Hrkslt AFEEE Hlolg A& KEEL Data set repository(http://www.keel.es/data-
set.php) (Alcala-Fdez et al., 20119l 570 dlolg A oAl 7S MAsS T} i dHolg MY EALS Table
Lo aofsof gt} AdEd dloly Alo] FH} HAE Ao FAEA 2 ¢ Folxl oy A9 20%E A&
tlo]E] Al(test data set) &2 FEtTh B =FoA = HZ R programming language 2 #d #)7]x] & o] &3}

\I


http://www.keel.es/dataset.php
http://www.keel.es/dataset.php

Liu & Jung : Density Adaptive Grid—based k—Nearest Neighbor Regression Model for Large Dataset 207

Table 1. Characteristics of the Real Datasets

NO Dataset Number of samples (n) Number of features (d)
#1 California 20,640 8
# 2 Delta Ailerons 7,129 5
#3 Delta Elevators 9,517 6
# 4 House-16H 22,784 16
#5 Pole Telecommunications 14,998 26

4.2 % 539 4% Wi
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WSO R HA Zv/fA k9 NI AA7gstal HE EE RES wE v g A9 dlolE Aol 485t A
S Hrbelgit) & AR HrAEE B Al 24 Hroot mean squared error, RMSE)o|th. RMSE= K3 ¢]

S8 gk AA ghe] Afelg v o) &3] Aol Sk, akresidual) o] EEUAFRA AFEA2 2(3)%
2k o7 M= Yol 2 Fd HogleA ddE ) AREsklen, RMSE 2 &S5 Aol Foh
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% (yi - 3/A1>2 3)
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Nmber of reduced data points of model(p)

Data Reduction Ratio(%) of model(p)= Nmber of origianl data points x 100% (4)
ty
Reduced Time Ratio(%) of model(p)= t_>< 100% 5)
71 t,i= 71 BRG] dF ARtolH, t = At R oS ARtk
5. 4% 2%

Table 2-6 oIA<= o2} Ngko] o1 wf 9] dloly Fa &3} A4 kghd o83 o] ARt 22 vl&3t
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Table 2. Results of Model Performance (California Dataset)

ZH3 o2 AHE X7
Jobd NIgES A AARE
2 NI#HE 2, 3, bHke 2 Heste] 4

dlole) Z2 &3} Al

A]=9
o'a—

G o] vl

DAG A-NN regression model Original A~NN
NI 2 3 5 7 10 regression
Data reduction ratio (%) 98.87 92.01 60.38 33.16 16.59 0.00
Reduced Time ratio (%) 13.8 19.36 46.95 69.71 86.01 100
Optimal k& 4 5 10 10 10 10
RMSE 83,068.04 72,298.91 65,347.89 63,197.33 62,754.65 62,067.52
Table 3. Results of Model Performance (Delta Ailerons Dataset)
DAG £-NN regression model Original &-NN
NI 2 3 5 7 10 regression
Data reduction ratio (%) 99.44 96.39 71.74 40.46 18.62 0
Reduced Time ratio (%) 20.77 35.5 35.93 61.57 83.38 100
Optimal & 2 5 10 20 15 20
RMSE 0.000192 0.000177 0.000168 0.000166 0.000167 0.000165
Table 4. Results of Model Performance (Delta Elevators Dataset)
DAG £-NN regression model Original A~NN
NI 2 3 5 7 10 regression
Data reduction ratio (%) 99.16 94.51 69.77 36.63 19.29 0
Reduced Time ratio (%) 20.62 23.53 41.66 65.47 80.88 100
Optimal & 3 10 20 25 40 50
RMSE 0.001561 0.001471 0.001463 0.001434 0.001435 0.001430
Table 5. Results of Model Performance (House-16H Dataset)
DAG A-NN regression model Original A~NN
NI 2 3 5 regression
Data reduction ratio (%) 67.44 20.56 10.51 0
Reduced Time ratio (%) 41.13 80.42 88.85 100
Optimal & 10 10 10 10
RMSE 41,038.73 38,117.81 37,837.50 38,070.58
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Table 6. Results of Model Performance (Pole Telecommunications Dataset)

DAG A-NN regression model Original A-NN
NI 9 3 5 regression
Data reduction ratio (%) 66.07 47.00 30.51 0
Reduced Time ratio (%) 44.86 61.8 72.76 100
Optimal & 3 5 3 5
RMSE 14.88 11.82 10.63 9.69

Fig. 4= RMSE®} o5 AIRF S84 (time efficiency ratio) 235 7 g 2dolth o5 AR 28738
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Figure 4. Trade—off between RMSE and time efficiency ratio in five different real-life data sets
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5.4 2

71E9] k-NN 3|9 #4 wesh 8o b8 5 oS Beoy g diojEe A77F AAW & 5]
e eh & AN ARE deR obe EAES kAL Aok B AFelME 719 4NN 39 REY EAE
MAa7) el B 28 AZHDAG) aelFS Aetetal NN 37 283} dgtsle] A28 4NN 39 28-S
AATEHTE 2 Aol A AlRFE WS BRFE o] 8dto] AR AL 7 ARt SRS 2EFowA dY
dolEl & 24 AHgsh= 9ol vla] dlole] A 3317} ol Sel 285 ARPS A £ 5 Utk 2HE B
3hal oS AB s Fganhdl o) A XYoo 24 Hloly EA7ke] FHE el B o R NN 3|7 2d
S AT F Avhe F-o] Ak & AFelAE thst AAl vlolE] Al ek APS T3l olHe FHES <l
3 B9kt

IO E Bsta B dugFo] degd 12 ol (high dimensional)oll A= ZhE AL 7sE 4=
A=Al vigk 5 A7F B stk NN Garelge] ARgeke 712 (distance) ] 7H o] vkl Skl A= 2kl
9] S (curse of dimensionality)ell 2|8} 3]A(sparsity) TAZ oF7|64A v} wheb] A& 2] dlog Ao E4 S
Wk gabAQl vk A H4 darg]Fake] Agste] Al AN daelss WEE 8T s AL
= oddnt =3 SAA FAd A AR HE thHE Ao NN 7[R0l A5 ARRE B R 3]7]7} opd
B EAY dEoR B 5 glE A=A NN 7] 28 Al 2 AtolA] AtE DAG A-NN &ag]Ee
ol g3t Al ZHJYAE dFete AL vg SHEE A9 € Ao Rl

REFERENCES

Alcala-Fdez, J., Fernandez, A., Luengo, J., Derrac, J., Garcia, S., Sanchez, L. and Herrera, F. 2011. Keel Data—mining
Software Tool: Data Set Repository, Integration of Algorithms and Experimental Analysis Framework. Journal
of Multiple-Valued Logic & Soft Computing 17.

Al-Qahtani, F. H., and Crone, S.F. 2013, August. Multivariate k-nearest Neighbour Regression for Time Series
Data—A Novel Algorithm for Forecasting UK Electricity Demand. In The 2013 International Joint Conference
on Neural Networks (IICNN) (pp. 1-8). IEEE.

Arnaiz-Gonzalez, A., Blachnik, M., Kordos, M., and Garcia—Osorio, C. 2016. Fusion of Instance Selection Methods
in Regression Tasks. Information Fusion 30:69-79.

Bhanu, C. V. K., Sudheer, G., Radhakrishna, C., and Phanikanth, V. 2008, October. Day—-Ahead Electricity Price
Forecasting Using Wavelets and Weighted Nearest Neighborhood. In 2008 Joint International Conference on
Power System Technology and IEEE Power India Conference (pp. 1-4). IEEE.

Chen, P., Wu, S., Lin, J., Ko, F., Lo, H., and Wang, J. 2005, Virtual Metrology: A Solution for Wafer to Wafer Advanced
Process Control, Proc. IEEE Int. Symp. on Semiconductor Manufacturing (ISSM 2005), 155-157.

Chen, Y.-T., Yang, H.-C., and Cheng, F.-T. 2006, Multivariate Simulation Assessment for Virtual Metrology, Proc.
IEEE Int. Conf. on Robotics and Automation(ICRA 2006), 1048-1053.

Dimri, A.P., Joshi, P., and Ganju, A. 2008. Precipitation Forecast over Western Himalayas Using knearest Neighbour
Method. International Journal of Climatology: A Journal of the Royal Meteorological Society 28(14):
1921-1931.

Eronen, A. J., and Klapuri, A. P. 2009. Music Tempo Estimation With k-NN Regression. IEEE Transactions on Audio,



Liu & Jung : Density Adaptive Grid—based k—Nearest Neighbor Regression Model for Large Dataset 211

Speech, and Language Processing 18(1):50-57.

Fernandez-Rodriguez, F., Sosvilla-Rivero, S., and Andrada-Felix, J. 1999. Exchange-Rate Forecasts with
Simultaneous Nearest-Neighbour Methods: Evidence from the EMS. International Journal of Forecasting
15(4):383-392.

Guillén, A., Herrera, L. J., Rubio, G., Pomares, H., Lendasse, A., and Rojas, I. 2010. New Method for Instance or
Prototype Selection Using Mutual Information in Time Series Prediction. Neurocomputing 73(10-12):
2030-2038.

Hastie, T., Tibshirani, R., and Friedman, J. 2009. The Elements of Statistical Learning: Data Mining, Inference, and
Prediction. Springer Science & Business Media.

Jayawardena, A. W., Li, W. K., and Xu, P. 2002. Neighbourhood Selection for Local Modelling and Prediction of
Hydrological Time Series. Journal of Hydrology 258(1-4):40-57.

Khan, A. A., Moyne, J. R., and Tilbury, D. M. 2007, An Approach for Factory-wide Control Utilizing Virtual Metrology,
IEEE Transactions on Semiconductor Manufacturing 20(4):364-375.

Lin, T.-H., Hung, M.-T., Lin, R.-C., and Cheng, F.-T. 2006, A Virtual Metrology Scheme for Predicting CVD
Thickness in Semiconductor Manufacturing, Proc. IEEE Int. Conf. on Robotics and Automation (ICRA 2006),
1054-1059.

Lora, A. T., Riquelme, J. C., Ramos, J. L. M., Santos, J. M. R., and Exposito, A. G. 2003, December. Influence of
kNN-Based Load Forecasting Errors on Optimal Energy Production. In Portuguese Conference on Artificial
Intelligence (pp. 189-203). Springer, Berlin, Heidelberg.

Lora, A. T., Santos, J. M. R., Exposito, A. G., Ramos, J. L. M., and Santos, J. C. R. 2007. Electricity Market Price
Forecasting Based on Weighted Nearest Neighbors Techniques. IEEE Transactions on Power Systems 22(3):
1294-1301.

Rodriguez-Fdez, 1., Mucientes, M., and Bugarin, A. 2013, July. An Instance Selection Algorithm for Regression and
its Application in Variance Reduction. In 2013 IEEE International Conference on Fuzzy Systems (FUZZ-IEEE)
(pp. 1-8). IEEE.

She, D., and Yang, X. 2010. A New Adaptive Local Linear Prediction Method and its Application in Hydrological
Time Series. Mathematical Problems in Engineering, 2010.

Song, Y., Liang, J., Lu, J., and Zhao, X. 2017. An Efficient Instance Selection Algorithm for k Nearest Neighbor
Regression. Neurocomputing 251:26-34.

Su, A.-J., Jeng, J.-C., Huang, H.-P., Yu, C.-C., Hung, S.-Y., and Chao, C.-K. 2007, Control Relevant Issues in
Semiconductor Manufacturing: Overview with Some New Results, Control Engineering Practice 15(10):
1268-1279.

Yang, S. 2006, August. Regression Nearest Neighbor in Face Recognition. In 18th International Conference on Pattern
Recognition (ICPR'06) (Vol. 3, pp. 515-518). IEEE.

AR

fo7) Faojsh A skl AAEe S Hsaien A4 Sk Adstlels uasge st Folr),

A & A Y etu-AeAE A At ugE A2 Folt} Georgia Institute of Technologyoll Al AFA|
28138k WA} k915 F5351al ASDS SCMAFA A SCM APHER A A58l A =2 A4
ok FAAY, 71AIsE, FuAkE#EE ol



