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Abstract: The purpose of this study was to combine simulations and experiments in order to present
the first stage of construction in product lifecycle management. Based on the simplification of
casting models, the relationship between the filling and solidification characteristics, casting methods,
and geometrical classifications of aluminum alloy precision casting products was investigated. By
rearranging and summarizing the data, the casting models could be digitally managed; moreover,
the digitized data could be used as the basis for intelligent processes in further developments. The
simulations calculated and analyzed the casting speeds, defect locations, material densities, and
critical fraction of a solid A356 aluminum-silicon alloy; the actual casting was carried out and samples
were taken for metallographic observation to confirm the simulation results. The part model was
simplified with four basic geometric shapes: solid cylinder, tubular, block rectangle, and thin-shell
rectangle. The 150 casting models were summarized using 37 combinations, which were further
classified into five main categories to match the casting method: solid cylindrical, tubular, and
thin-shell rectangular for side casting, and discoidal and plate rectangular for bottom casting. File-
compression rates of up to 75% were achieved after classification and archiving, and data integrity
was maintained. Finally, model training using random forest classification resulted in an 88.8%
accuracy when predicting the casting method. This research is based on the practical issues raised by
business owners and R&D engineers, and a solution was obtained. From the perspective of product
lifecycle management, the results of this study show the consistency and uniformity of product
design rules, as well as the reusability of product process planning, which can be integrated with
carbon emissions trading and carbon taxes to save energy and achieve corporate sustainability.

Keywords: energy saving; precision casting; geometric simplification; PLM; mold flow analysis;
process automation

1. Introduction

Product lifecycle management (PLM) integrates product characteristics, derivative
information, design solutions, process planning, and professional knowledge and applies
these factors to product business competition, functionality enhancement, stability analysis,
customer opinion analysis, marketing forecasts, etc. After completing a product cycle, it
can return to cost estimation for new products, which can assist business owners in making
decisions [1-3]. Similarly to Industry 4.0, the digitization of all data related to product
lifecycle management will allow for a variety of analyses and restructuring, which will
benefit traditional industries through the introduction of process automation and increased
process intelligence. However, the concepts and technologies mentioned above still require
promotion in small and medium enterprises, and their actual implementation requires time
and manpower, which is a burden for business owners. Conversely, from the perspective
of corporate sustainability, it is an appropriate time to carry out the digitization of product
lifecycle management at the stage when smart manufacturing is not yet common and the
second generation of an enterprise has not yet dominated a company. Most importantly, a
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digital system built on the existing experience of the company can maintain the level of
process capability and achieve flexibility in sustainable development [4,5].

The energy-intensive processes and repetitive cost depletion in the trial production
stage of the traditional foundry industry are environmental and governance issues, re-
spectively, with respect to corporate sustainability [6]. If product development, design
changes, or process planning can be predicted at each stage, the repeated consumption of
energy and costs can be reduced. In order to achieve this goal, computer-assisted design
(CAD) and computer-assisted process planning (CAPP) are the main practices used to
retrieve product information, such as materials, geometries, design changes, and process
parameters, to facilitate communication with parts’ library features during the design
phase [7,8]. Process planning for digital casting and process parameter selection in the form
of database control can predict the flow, heat transfer, solidification, and defect formation
of metal flow under different casting conditions in advance [9], which can save the cost
incurred by the actual trial and confirm the applicability of the pouring system in advance,
thus improving the success of castings. In the foundry industry, digital construction is
not only a necessary procedure for saving energy [10] but is also the basis for achieving
sustainable development.

During the solidification of castings, isolated molten metal zones are easily generated
that cannot be compensated by the surrounding metal liquid, and the formed shrinkage
holes directly affect the mechanical properties of the castings. Most of these incomplete
fillings are related to poor pouring systems with incorrect filling temperatures. To solve
this problem, using mold flow software to simulate and determine suitable parameters
is an efficient method. In 2019, A. R. Pradhan et al. [11] simulated a modified pouring
system using mold flow software and found that optimizing the flow rate could make
the metal liquid without fluctuation and reduce defects due to turbulence. In 2017, Y. W.
Dong et al. [12] predicted the deformation and shrinkage distribution of castings during the
solidification of investment casting through modeling. It is necessary to take the structural
characteristics and the inhomogeneous shrinkage distribution into account during the
casting process. L. Patnaik et al. [13] conducted an Al-Si-Cu mold flow simulation using
MAGMASOFT in 2020 to predict the filling temperature, filling time, solidification, pressure,
and slagging and finally evaluated the cooling position and made minor modifications to
accommodate a shorter filling time and lower pressure in the mold.

Simplification of the geometry of casting 3D models is a typical method used to reduce
the complexity of mold flow analysis and shorten the development time and cost. The
purpose of retaining the main features and removing the features with smaller influence
factors [14,15] is to maintain the similarity between the original model and the simplified
model in the process of data size reduction. There are many ways to simplify 3D models,
such as maintaining their polygonal shape to reduce the number of vertices and the space
required [16], the boundary representation’s model data to connect geometrical entities
with a topology [17], and rule-based methods with learning-based feature recognition [18].
The ultimate goal of simplification is to automate production. In 2023, C. Li et al. [19]
proposed a unified tool for the design/analysis/virtual evaluation of ship structures based
on multi-domain feature mapping. The design changes are always reflected in CAD and
computer-assisted engineering (CAE) models through data regeneration and analysis
iterations. Automated manufacturing systems are the most efficient methods of finishing a
product from the design to the manufacturing stage, and feature recognition is one of the
most important keys to integrating the two stages.

About 60% of the product design process is spent searching for correct information,
and 80% of the parts can be changed from the existing design. If the new parts can be
reconstructed using the data from the database and then linked with the new process, the
overall efficiency of the design can be greatly improved [20]. In 2021, S. Bickel et al. [21]
applied the geometric similarity from the verified old parts to the new parts to reduce the
development cost and shorten the production startup time. H. Besharati-Foumani et al. [22]
mentioned in 2020 that the development of an ontological approach to feature databases
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and further standardization of feature-based modeling frameworks is imperative to avoid
the continuation of current interoperability issues. In 2023, B. Ji et al. [23] constructed a CAD
model that can choose a subpart with arbitrary boundaries to successfully describe it for
retrieval by combining local features. In 2023, S. Bickel et al. [24] presented a method that
focuses on the needs of product development to retrieve similar components by comparing
the geometrical similarity of existing parts. Therefore, feature similarity and simplification
are important elements in digital manufacturing.

One of the main purposes of CAPP is to integrate CAD/CAE with computer-assisted
manufacturing (CAM) and to determine the processing characteristics through automatic
facial recognition. Y. Yang et al. [25] developed a system in 2021 that has been successfully
tested on representative parts containing features ranging from simple bends to composite
features, in which feature recognition plays an important role in digital manufacturing
as it supports activities such as automated process planning and part redesign. In 2018,
P. Yepez et al. [26] proposed a system that automatically recognizes products and links
with a knowledge base without human intervention. In 2021, C. Favi et al. [27] identified
geometrical features and parameters that cause problems during the manufacturing process
in order to define numerical thresholds for the characteristic parameters and ensure the
feasibility of the casting process. S. Ren et al. [28] mentioned in 2019 that big data analytics
is one of the most important technologies for smart manufacturing, as it can uncover
hidden useful information, such as lifecycle decisions and relationships between process
parameters, to help industrial leaders make more informed business decisions in a complex
management environment. From our literature review, it can be confirmed that simulation
analysis, model simplification, and experimental validation can be used to optimize the
filling parameters and design parameters of a pouring system in advance of the design
stage to improve the casting yield. At the same time, digital pouring system classification
is also helpful for process planning and reuse, which is in line with the importance of
sustainability and resource reuse in product lifecycle management.

2. Research Method and Procedure

Based on the practical problems raised by business owners and R&D engineers, this
study investigated the digital construction process of precision casting products in the
design stage. Therefore, 150 pieces of aluminum alloy precision castings in the production
line of a foundry were used as the research samples, and the digitalization of casting
product characteristics and the construction procedures of classification were set as the
objectives, so as to make the product process sustainable and in line with the standards
of lifecycle management. Therefore, simulation and experimental methods were used as
the main methods, and SolidWorks 2021 and SOLIDCast 9.0 were used as auxiliary tools
for the analysis. The classification rules used to simplify the geometries of the models can
be determined and established by disassembling and summarizing the geometries of 3D
models. On the other hand, based on the pouring system and casting method commonly
used in foundries, SOLIDCast 9.0 was used to assist in analyzing, modifying, and predicting
the appropriate combination of the product geometry, pouring system, and casting method.
In order to verify the correctness of the simulated physical behavior of the aluminum alloy,
casting experiments and metallographic observations were performed. If the material
density and critical fraction of the solid matched the defect location of the experimental
samples, the simulation results were reliable. Simplified classification was used instead of
codes; meanwhile, the characteristic data and classification rules were stored in a database
to facilitate the subsequent machine learning and classification prediction. Abbreviations
and symbols are listed in Appendix A.
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2.1. Model Dimensions

The casting samples in this study consisted of two basic shapes: rectangular and
cylindrical. The rectangular shapes ranged from 100 mm to 250 mm in length, from 100 mm
to 250 mm in width, and from 55 mm to 200 mm in height, while the cylindrical shapes
ranged from 10 mm to 400 mm in height, with a maximum diameter of 250 mm, as shown
in Table 1. These 3D models consisted of a maximum of five layers of geometries. However,
the geometry of castings processed in post-processing machining, such as threaded holes,
was not analyzed in this study, and the holes were filled up beforehand.

Table 1. The size range of rectangular and cylindrical shapes that constitute the basic geometry

of castings.
Shape Rectangle Cylinder
Length (mm) 100~250 -
Width (mm) 100~250 -
Height (mm) 55~200 10~400
Diameter (mm) - Below 250

2.2. Model Pretreatment

The two basic shapes, rectangular and circular, were subdivided into solid and hollow
types. Solid cylinders are designated as A1, hollow cylinders as A2, solid rectangles as
B1, and thin shell rectangles as B2, and if the layer has no geometry, it is designated as
D, as shown in Table 2. The first layer must not be D or it will be judged as an invalid
simplification. To build the model, the parts need to be dismantled and the characteristics
of each layer from bottom to top must be presented. The shapes of the 150 existing castings
can be classified into five categories after dismantling and simplifying, namely, A/A/A,
A/A/D, A/D/D, B/B/D, and B/D/D. A/A/A is a three-layer cylinder, A/A/D is a
two-layer cylinder, A/D/D is a single-layer cylinder, B/B/D is a two-layer rectangle, and
B/D/D is a single-layer rectangle, as shown in Table 3. A Cartesian coordinate system
was used and Xy Yo Zy was defined as the coordinate datum. When simplifying a part, the
center point of each layer should be determined first, and then the coordinates are given

NN

according to the number of layers and geometries, as shown in Equation (1), where i, j,

and k are the distances from the datum to the center point in the x, y, and z directions,
respectively.

ok )

Table 2. The two basic shapes of rectangle and cylinder are further divided into solid and hol-
low types.
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Table 3. A total of 150 models can be divided into 5 categories.

A/A/D A/D/D B/B/D B/D/D

-l

2.3. Mold Flow Analysis

In this study, SOLIDCast was used to calculate the critical fraction of solid, material
density, temperature, flow rate, and pressure inside each casting. The simulated casting
temperature and surrounding temperature of the shell mold were set to 710 °C, the thickness
of the shell mold was set to 6 mm, and the casting time was set to 20 s. The temperature
difference in a casting was not more than 100 °C, the difference in the flow rate was not
more than 1.5 m/s, and the difference in the pressure drop was not more than 5 kPa. The
mesh of the simulation was set to 1.5 mm. All the data are listed in Table 4.

Table 4. The simulation parameters and constraints used in SOLIDCast 9.0.

Temperatur Shell  Casting Temperature Flow Rate Pressure Simulation
emperature Mold Time Difference Difference Drop Mesh
710 °C 6 mm 20s <100 °C <1.5m/s <5 kPa 1.5 mm

2.4. Specimen Preparation

The casting parameters of the experimental sample followed the simulated results of
this study and were then verified with metallographic observation to match the results. In
order to analyze the internal organization of the material, the preparation of the specimens
included location selection, cutting, mounting, grinding, etching, and cleaning. The com-
position of the A356 aluminum alloy used in this study is shown in Table 5. The etching
solution was 5 g of sodium hydroxide and 100 c.c. of water, and the etching time was 400 s.

Table 5. The composition of A356.

Element

Si

Fe Cu Mn Mg Ti Zn Al

Wt%

6.5-7.5

<0.15 <0.2 <0.1 0.25-0.45 <0.2 <0.1 Bal.

3. Results and Discussion

The construction rules of model classification are discussed in this study. A simulation
was used to construct and predict the correlation between 3D model geometry, pouring
system, and casting method. Therefore, the simulation results of the design solutions
consistent with the actual casting results were the basis of the usability of the simulation. In
addition, the consistency between the simulation results of the original 3D model and the
simplified model was an important link to the reliability of the classification rules. Finally,
the correspondence between the classified model and the casting method was the basis for
the classification and training accuracy of machine learning. Therefore, the following four
subsections address the above aspects. The main purpose of Section 3.4 is to show that the
digitized system constructed in this study can be directly used for machine learning, but
the machine learning algorithm is outside of the scope of this study.

3.1. Design Solution and Experimental Verification

To confirm the correctness of the casting method, an A356 casting with a thin shell
was simulated and analyzed. It is easy to determine the degree of consistency between the
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simulation and the actual casting as the thin shell is prone to producing internally isolated
zones and causing shrinkage holes. Through the analysis of casting bare parts, it can be
seen that there are obvious shrinkage zones in the middle and the thinnest yellow parts on
the right of the casting, as shown in Figure 1. Therefore, the pouring system and die inlet
were planned to be placed close to this region. It can be seen from the analysis results that,
after a design with a suitable pouring system was created, the defects shifted from inside
the casting body to the yellow parts of the outer pouring system. The isolated molten zone
also disappeared in a thin-walled region due to the directional solidification of the metal
liquid, as shown in Figure 2. The black flow line was also smooth without turbulence, as
expected, as shown in Figure 3.

Figure 1. The defects appear in the middle and in the thinnest yellow parts of the casting body.

Figure 2. The defects shift from the inside of the casting body to the yellow parts of the outer yellow
pouring system.

Temp(°C)
710

705

700

695

Figure 3. The black flow line is smooth without turbulence, as expected.
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The appearance of the actual cast product showed no shrinkage or cracks, as shown in
Figure 4. There were also no obvious defects in the casting at the closest point to the gate
and the farthest point from the riser, and there were no holes exceeding 1 mm, as shown
in Figures 5 and 6. In addition, needle-like or flaky Si can be seen in the SEM image, as
shown in Figure 7a. An EDX analysis confirmed that the composition of the test piece was
Al-Si alloy, which contains a slender Si-rich structure, while Fe, Cu, Mn, Mg, Ti, and Zn are
evenly dispersed in the Al substrate, as shown in Figure 7b,c. Therefore, it was confirmed
that the method of planning and analysis in advance with correct parameters is credible
and can effectively save costs and improve the success of casting.

(G)

Figure 5. There are no obvious defects in the casting at the closest point to the gate and no holes
exceeding 1 mm. From (A-F) represent the metallographic observations of each localized position
shown in (G).
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(G)

Figure 6. There are no obvious defects in the casting at the farthest point from the riser and no holes
exceeding 1 mm. From (A-F) represent the metallographic observations of each localized position
shown in (G).

x 0.001 cps/eV

800%
700
600;
500;
400§.E
300;
G MAG: s, LG WO P02y 200 ]
(a) 100;

Normalized mass concentration [%] 0 hrer iy = w w T w w
Spectrum = C 0 | Al |51 | 5 | Ta ! ? : Energy [ie\,] ° ¢ 7
111 44.58(21.95| 2.96/30.40
112 1.75 2.33/61.08 34.84
Mean 23.22 12.14 61.08 2.96 30.40 34.84

Sigma 30.36 13.87 0.00 0.00 0.00 0.00

sigmaMean 21.47 9.81 0.000.00 0.00 0.00

(b) (c)

Figure 7. (a) The needle-like Si can be seen from the SEM image; (b,c) the composition analysis
confirms that the test piece is Al-5i alloy.
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3.2. Model Simplification and Comparison

To demonstrate the feasibility of model simplification, the thin-shell casting investi-
gated in Section 3.1 was simplified in shape as a combination of three thin-shell rectang]les,
as shown in Figure 8a,b. The analysis of the bare part found that the simplified castings
had fewer curves in shape, and so the geometry in the pouring system changed to a flat
surface. The consistency of the same pouring system before and after simplification was
simulated, and the present material density and the critical fraction of solid in the red part
of simulation were the same, as shown in Figure 9a-d. The flow lines of both models all
entered the die from the left and started filling with the side casting, as shown in Figure 9e f.
The red color indicates that all the trends were the same. It was proven that the simula-

tion results could be maintained, and regions prone to defects showed no difference after
simplification.

(a) (b)

Figure 8. (a) The original 3D model of a thin-shell casting; (b) the model is simplified in shape as a
combination of three thin-shell rectangles. Blocks 1 to 3 are simplifications of individual shapes.

(a) (9
Temp(C)
(d)

705 ‘ =
L <y _u I/ 705
00 - y N

700
695

695

(e) ()

Figure 9. Comparison of the original model and the simplified shape in (a,b): material density; (c,d):
critical fraction of solid in the red circles; (e, f): flow lines. The red color indicates that all the trends
are the same.

3.3. Classification Type and Casting Method

The casting methods to be selected for the parts are related to the height, thickness,
area, and volume of the parts. In this study, several casting methods for foundation
shapes were simulated using SOLIDCast, and finally, five categories of geometries with two
casting methods were identified, as shown in Table 6. The models in category 1 were placed
horizontally, and side casting was selected. There were no defects inside the casting with
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this combination, and the maximum differences in temperature and pressure were 20.8 °C
and 116.4 Pa, respectively. The models in category 2 combined with the bottom casting
showed no defects, and the maximum differences in temperature and pressure were 27.7 °C
and 983.4 Pa. Category 3 was suitable for side casting, and the maximum differences in
temperature and pressure were 48.5 °C and 2488 Pa, respectively. For category 4, a bottom
casting was adopted, and the maximum differences in temperature and pressure without
defects were 20.8 °C and 36.4 Pa, respectively. Finally, the models in category 5 without
inside defects were connected with side casting. The maximum differences in temperature
and pressure were 27.7 °C and 592 Pa, respectively.

Table 6. The suitable casting methods for 5 categories and the maximum differences in temperatures
and pressures inside castings.

Side Casting Bottom Casting
: i =
e I o o ~/
Category 1 Category 3 Category 5 Category 2 Category 4
A20.8 °C A48.5°C A27.7 °C A27.7°C A20.8 °C
A116.4 Pa A2488 Pa A592 Pa A983.4 Pa A36.4 Pa

From the above analysis, it can be seen that side casting can be combined with two
kinds of geometries. The first is parts that are relatively large in volume and in height. If
bottom casting is used in these parts, defects would appear due to a large drop in flow. The
second kind is the geometry of thin-shell rectangles or round tubes. This type of casting can
easily solidify prematurely because of the thin wall thickness, and it is crucial to consider
the location and height of the pouring gates related to the casting. On the other hand,
bottom casting is more suitable for these plates. In addition to the differences in pressure
and temperature, the position and amount of subsequent machining must be taken into
account when selecting the casting method.

3.4. Database and Learning

For the final normalization of the five categories and to compress the data, the sim-
plified data were automatically converted into CAD 3D drawing files through macro
instructions. Category 1 contains 30 samples, which can be summarized in seven ways
with a compression rate of 76.7%. The 30 samples in category 2 can be summarized in eight
ways with a compression rate of 73.4%. In category 3, the 30 samples can be summarized
in five ways with a compression rate of 83.4%. Category 4 contains 30 samples, which
can be summarized in 11 ways with a compression rate of 63.4%. The final 30 samples
in category 5 can be summarized in six ways with a compression rate of 80%. Therefore,
the database can be shown to only use 37 methods for 150 castings with a compression
rate of 75% on average, as shown in Table 7. The need for part simplification can also be
highlighted through the aforementioned methods and compression ratios.

All the classification data, including part number, number of layers, dimensions,
datum, volume, surface area, and casting method, can be recorded in the database. Based
on these data, it is possible to directly transfer the information as codes for machine learning.
Through the visual analyses that are shown in Figure 10, it was confirmed that objects with
more than three layers are more suitable for side casting (blue spots), while plates with
high area/height ratios are suitable for bottom casting (green spots), which is consistent
with the results of mold flow analysis. The relationships of layer number, surface area,
height, mass, and casting method can be used as characteristics and imported into machine
learning for learning and training. Model training by random forest classification with
the data of 150 casting samples resulted in an 88.8% accuracy when predicting the casting
method. The code is shown in Appendix B. Therefore, it is certain that the digital product
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database system constructed in this study can be used for developing intelligent processes

and as a basis for life cycle management.

Table 7. The total 150 castings can be summarized into five categories and 37 methods.

Category 1 Category 2 Category 3 Category 4 Category 5
76.7% (7/30) 73.4% (8/30) 83.4% (5/30) 63.4% (11/30) 80% (6/30)
A2/A1 Al A2 Bl B2
Al1/A1 A2/A2 Al1/A2 B1/B1 B2/B1
A2/A1/A2 A2/A1 A2/B1 B1/B1/B1 B1/B1
Al1/A1/A1 Al/A1 A2/B1/B1 B1/B1/B1/B1 B1/B2
Al/A1/A1/A1 Al1/A2 Al1/A2/A2 B1/B1/B1/B1/B1 B2/A1
Al/A1/A1/A2 Al/A1/A2 B1/B1/B1/B1/B1/B1 B2/B2
Al1/A1/A1/A1/A1 Al1/A2/A1 B1/A2
A2/A1/A1 B1/A1
B1/A1/A1
B1/A1/A1
B1/B1/A1/A1/A1/A1
2.0 A
e
2
rs)
2
w 1.5
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o . . - -
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Figure 10. The relationships between layer number, surface area, height, mass, and casting method
can be used as characteristics and imported into machine learning for learning and training.
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4. Conclusions

Based on the classification of the casting geometry and the pouring system, a mold
flow analysis using SOLIDCast was conducted to obtain the feeding efficiency, while
casting simplification could indeed achieve the purpose of effective classification and data
reduction. The following four conclusions can be drawn from the study:

1.  Similar geometries can be applied to the same pouring system, but with the same
range of volumes.

2. Part simplification does result in data compression, as 150 castings ended up using
only 37 methods, resulting in an average compression rate of 75% and preserving
data integrity after compression.

3.  From a geometric analysis, it was found that the qualities of thin-shell rectangles,
round tubes, and solid cylindrical castings were better when using side casting, and
those of plate rectangles and pie models were better when using bottom casting. The
quality of any shape of castings with a height from 55 mm to 200 mm was poor when
using top casting.

4. All of the model classification data in the database, including material and geometrical
characteristics, can be directly used in machine learning for a predicted casting method
with 88.8% accuracy. The data and the database constructed in this study are in line
with digital product lifecycle management and successfully save costs for further
development.

This study demonstrates the foundation of process intelligence, and future develop-
ment should focus on expanding the number of original 3D model samples. At the same
time, it is necessary to establish a single or conversion standard between upstream and
downstream factories in order to achieve a sound digital 3D modeling system. Based on a
sufficient amount of product characteristic data and information, the foundry industry can
establish a mature intelligent process and prediction system through data science analysis
to achieve the ultimate goal of corporate sustainability.
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Appendix A
Abbreviations and symbols:
A: Cylinder; Al: Solid Cylinder; A2: Hollow Cylinder
B: Rectangle; B1: Solid Rectangle; B2: Shell Rectangle

D: No Geometry

Xo, Yo, Zo: Coordinate Datum

-

i : Distance in the X Direction from the Coordinate Datum
=

j : Distance in the Y Direction from the Coordinate Datum

Z
k : Distance in the Z Direction from the Coordinate Datum
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SEM: Scanning Electron Microscope
EDX: Energy-dispersive X-ray Spectroscopy
A: Difference in Temperature or Pressure

Appendix B

The random forest classification code.

import time
from sklearn.model_selection import train_test_split
from sklearn.ensemble import RandomForestClassifier
from sklearn import metrics
from sklearn.feature_selection import SelectKBest
import pandas as pd
from imblearn.over_sampling import SMOTE
from collections import Counter
cast = pd.read_csv(r'./feature.csv’, encoding = “big5”)
cast = pd.get_dummies(cast)
cast = pd.DataFrame(cast)
5 = cast.drop(labels = [‘pouring method_bottom pouring’,’pouring method_side
pouring’], axis = 1)y5 = cast[‘pouring method_side pouring’]
smote = SMOTE()
x_smote, y_smote = smote.fit_resample(x5, y5)
X = X_smote
y = y_smote
a=0
b=0
c=0
score = 0
while score < 0.85:
for z in range(9,10):
for d in range(5,13):
selector = SelectKBest(k = z)
phn = selector.fit_transform(x, y)

mask = selector.get_support()
new_features = x.columns[mask]
print(new_features)
mas = mask.copy()
mas = (mas-1)*(—1)
mas = 1 <= mas
new_features = x.columns[mas]
x2 = phn
x_train,x_test,y_train,y_test = train_test_split(x2, y, test_size = 0.25,
random_state = 0)
if score < 0.85:
rfc = RandomForestClassifier(d)
start = time.clock()
rfc.fit(x_train, y_train)
train_score = rfc.score(x_train, y_train)
cv_score = rfc.score(x_test, y_test)
print(‘elaspe: {0:.6f}; train_score: {1:0.6f}; cv_score: {2:.6f}' .format
(time.clock()-start, train_score, cv_score) + 'k = '+ str(z))
if cv_score > a:
a = cv_score
b=z
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c=d
score = cv_score
print(‘score = ‘+str(a)+" k = “+str(b)+" degree = "+ str(c))
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