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Abstract

This study investigates a non-parametric regression technique based on segmenta-
tion, aimed at enhancing the prediction accuracy of regression problems. The paper first
introduces the basic concepts of using machine learning to handle classification and re-
gression problems. It then discusses common methods for addressing regression issues,
with a focus on the non-parametric regression method employed in this study. At the core
of this research, a new algorithm called PE-Kmeans is proposed. This algorithm improves
upon the K-means algorithm used in unsupervised learning, forming a two-stage cluster-
ing method. In the first stage, K-means clustering is performed in the output space. In the
second stage, K-means clustering is again performed in the input space within each parent
cluster. This method fully considers the information of the output variables, making it
a supervised learning model suitable for handling regression problems. The study com-
pares the proposed method with Supervised Compression and the well-known Regression
Tree. The former method selectively uses either the input space or the output space as
the segmentation center, gradually dividing the input space into irregular Voronoi region
sub-regions. The latter method segments the input space into rectangles through binary
classification. Through experiments on simulated and real-world data, the study validates
the performance of the three aforementioned methods under different scenarios. The ex-
perimental results demonstrate that PE-Kmeans can more effectively make predictions

when dealing with relatively non-smooth functions and real-world data.

Keywords: Machine Learning, Non-parametric Regression, Supervised Learning, Seg-

mentation Method, Data Compression, Regression Tree, Cluster Analysis
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2.2 Supervised Compression
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2.3 Partitioning Estimate
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] 3.1: Supervised Compression

3.1.2 A PE-Kmeans % Partitioning Estimate

PE-Kmeans % = F# < K-means 4 # [11] > % - f’abﬁ}‘»i#&-ﬁ%] 11 % § # K-means
LA H) AR hAFRFEE o L A RRE Y TR~ FER
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Algorithm 1 PE-Kmeans

Perform Algorithm?2 to determine the number of parent clusters
// First-stage clustering
First-stage clustering result <— Perform K-means on the output space (Number of parent
clusters)
// Second-stage clustering
for Each First-stage cluster do
Perform Algorithm2 to determine the number of sub-clusters
Second-stage clustering result <— Perform K-means on the input space (Number of
sub-clusters)
end for

return Second-stage clustering result

i Partitioning Estimate P¥ > A& & ;2 1 Inn $7% FEHLRIE T AL B E T G U

B BT A R T 00 iF S TR .
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Algorithm 2 Dynamic Adjustment of Clusters Algorithm

Number of cluster (Number) =2
while Number < Maximum number of cluster do
Perform k-means clustering on the y_train data with number clusters
Calculate the ratio of between-cluster sum of squares to total within-cluster sum of
squares (Rati0)
if Ratio > Ratio condition then
break {Increase the number of clusters starting from the number size until the
Ratio condition are satisfied}
end if
if Ratio < Ratio requirement then
Increment Number by 1
end if
end while
return Number of cluster
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% 5.1: Parameter Ranges

Parameter Distribution Range Description

perl Uniform 1,15 Hydraulic conductivity layer 1

per2 Uniform 5, 20] Hydraulic conductivity layer 2

per3 Uniform 1, 15] Hydraulic conductivity layer 3

perzl Uniform [1,15] Hydraulic conductivity zone 1

perz2 Uniform 1, 15] Hydraulic conductivity zone 2

perz3 Uniform 1,15 Hydraulic conductivity zone 3

perz4 Uniform 1,15 Hydraulic conductivity zone 4

dl Uniform [0.05, 2] Longitudinal dispersivity layer 1

d2 Uniform [0.05, 2] Longitudinal dispersivity layer 2

d3 Uniform [0.05, 2] Longitudinal dispersivity layer 3

dtl Uniform [0.01 % d1,0.1 % d1] Transversal dispersivity layer 1

dt2 Uniform [0.01 % d2,0.1 * d2] Transversal dispersivity layer 2

dt3 Uniform [0.01 % d3,0.1 % d3] Transversal dispersivity layer 3

kdl Weibull (= 1.1597, 8 = 19.9875)  Volumetric distribution coefficient 1.1
kd2 Weibull (o = 0.891597, 8 = 24.4455) Volumetric distribution coefficient 1.2
kd3 Weibull (v =1.27363, = 22.4986)  Volumetric distribution coefficient 1.3
poros Uniform [0.3,0.37] Porosity

il Uniform [0,0.0001] Infiltration type 1

i2 Uniform [i1,0.01] Infiltration type 2

i3 Uniform [i2,0.1] Infiltration type 3
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