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WuNeeY (Bootstrap Sampling) Faazl
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2.9 Gradient Boosting Trees
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D,(i) = fori={1,.m} (2.12)
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1 1 o CE
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1 o [ dy
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(2.13)
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s (2.15)

¥
1 o Y

Power finunuabinuluwnagas (classifier)

Ol = AU (Weight

9 t Tun15l9ns Boost
€ = 9MIIAIAIURP DIlULAALDYFITOU t
TUPariNSUANL WL AN UABE 1MRYINUER ALAY

anumtinfeg iy ueg
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m’mﬁﬁ 2.1 Related Work

25

- Fault ANN, DT

Regression

- Current Signals

a1y aunsal AMENURA danasiu UszAnsam 31484
1 Electric Actuator - Stress Signa - DAE - DAE-WDSVVD [10]
98.4% Accuracy
2 Pump System - Vibrati with HMM - SYUM- HMM 98.7% | [25]

Accuracy
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a1y aunsal AMANUR dana3na Uszdnsaw 31984
7 Virtual Sensor - Pressure Si - MLR - DeepLSTM MAE = [30]
- Level Sig MLP 0.39 RMSE = 0.19
- Pump S¢ ™ R? = 0.9997
Signal epLSTM
- Valve
Signa
8 Servo-Motor -Vi - LSTM 98% [31]

Accuracy
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Closing Torque Profile
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WiensBeuivaansel Inemavindusesiulaguuudadudug i (Piecewise-Linear Interpolation)

Py a < A o &
L‘WE]‘Ui%lI'mJLLaSLG]QJLG]SJWWI?J’]@W’]EJIU 9 PN

m = T +mA (3.1)
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Tngazihafaunalannmsviidueesimadunuuidadudugigg anaunsi 3.1
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3.2 PINUUEIUA LIS NTIALHINUE 3 Wneladlomiu < 10% a1nAadY 1He9InYe

fivmdnlvganiduneufinmesnee] nAAUNI > 10% gluthanasedilaunld
PNt ey 1799a0U Uazyanaaey dwsulilumsann
uazUsziliulsganinmuasuuud Foavunsusyedeyasenidureilnasu
wazyanaaEeU (Train Validation

1. JoyadmSuRng; Fanmavlyiniu 1,280 §2087s
2. Janadmsuli aﬁaz&aﬁy’ammswhﬁu 160 A998

D819

aining

Test

FNUIUF IDYVI9NUP




32

M15797 3.3 dndudeyaluusiaysouves KFold Cross Validation

Uszinnyadaya dndu (%) SRV LERR
Training (4 Folds 21n%A Training-Va 72% 1,152
Validation (1 Fold a1n%a Training 18% 288
Test 10% 160
U 1,600

yontdu 4 seeu Tann
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Diameter
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Importing libraries for data handling, dataset splitting/scaling, multiple machine learning

models and performance evaluation

import pandas as pd

import numpy as np

from sklearn.model_selection i t split, KFold

from sklearn.preprocessing impg er

from sklearn.ensemble impor
AdaBoostClassifier,

RandomForestClassifier

xcel("D:\Master

Degree\Thesis\Test\111

Converting all column names to stri

df.columns = df.columns.astype(str)
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Preparing dataset and mapping classes
label_mapping = {"Normal": 0, "Minor '‘Moderate": 2, "Sereve": 3}
df["Class'] = df["Class"l.map(label
Defining X as all numeric feat except column “Class”, and y as the

target label from class column

X = df.select_dtypes(include olumns=["Class"])

y = df["Class"]

Converting ¢

X.colwmns =,

Sepa

ratify=y temp

)
print(X_train.shape)
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print(X_val.shape)
print(X_test.shape)
Standardizing the feature variable dardScaler fitted on the training set and
applied to the training, validatior
scaler = StandardScaler()
), columns=X.columns)

X_train = pd.DataFrame(scale

X_val = pd.DataFrame(scale mns=X.columns)

X_test = pd.DataFrame(sc: mns=X.columns)

Creating modse

port matplotlib.pyp

import numpy as np
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for name, model in models.items():
Training model.

model.fit(X_train, y_train)

Predicted data testing
y_pred = model.predict(X_

Calculation metrics.
accuracy = accuracy s

precision o_division=0)

recall = reg ision=0

lassme I
st, Yo )

d* cmap="Blues",

plt.figure(figsize=(5,
sns.heatmap(cm, annot=True, fm

xticklabels=np.unique(y_test),
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yticklabels=np.uniquely_test))
plt.title(f"Confusion Matrix for {na
plt.xlabel("Predicted Label")
plt.ylabel("True Label")
plt.tisht layout()
plt.show()

Summary table results.
results_df = pd.DataFra
results o

Score", . "Accuracy'],



Importing libraries for data handling,
machine learning models and perforr e evaluation.
import numpy as np
import pandas as pd
from sklearn.model _selection j split, StratifiedKFold

from sklearn.preprocessing i

from sklearn.pipeline impo

A

from sklearn.base import ¢

"¢

b

@..

import seaborn as sns

import matplotlib.pyplot as plt

59

ataset with K-fold cross validation, multiple
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Reading data from hard drive.
Dégree\Thesis\Test\aufidion Rev.2\Torque VS

2025 Modify.xlsx"

file_path = "D:\Master

Position Close+Open Data Training

sheet name = "Combination"

esis\Test\ufidoy Rev.2\Torque VS
1 .2 0 2 5 Modifyxlsx",

df = pd.read excel("D:\Ma
Position Close+Open Data T
sheet name="Combination’
print('"Yoyasing13:")

print(df.head

onverting column X

S type.

X.columns = X.columns.astype(str)
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Separating feature X and Target y.
X = df.drop(columns=["Class"])
y = df["Class"]

Splitting dataset for Train+Valida (10% Hold-Out Test Set).
X _trainval, X _test, y trainval, y, split(
XY,

test size=0.1,

random_state=42,

stratify=

"XGBoost": XGBClassifier

n_estimators=10,
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learning_rate=0.001,
max_depth=3,

random_state=42

"CatBoost": CatBoostClassifie
n_estimators=10,

learning_rate=0.001,

A

{;ﬂiurag

max_depth=3,

rando

orestClassifier(
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Training + Validation K-Fold and separated testing Test set.

results = [J

for name, clf in models.items():
print("\n" + "="* 70)
print(f"Model: {name}")
print("="* 70)

# Pipeline: StandardSca @L

base pipe Pip e
i?ii u r a ] ]

"scaler"

7

acc = accuracy_score(y val, y val pred)

pre = precision_score(y val, y val_pred, average="macro", zero_division=0)



test_acc = accuracy_score(y_test,y
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rec = recall_score(y val, y val pred, average="macro", zero_division=0)
f1 =f1 scorely val,y val preg erage="macro", zero_division=0)
cv_acc.append(acc)
cv_pre.append(pre)
cv_rec.append(rec)

cv_fl.append(f1)

print(f'[Fold {fold id

over folds)")
cv_acc_mean:.4f}")

re mean:.4f}")

_pred)

test_pre = precision_score(y test, y test pred, average="macro", zero_division=0)
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test_rec = recall_score(y test, y test pred, average="macro", zero_division=0)

test f1 =f1 scorely test, y test average="macro", zero_division=0)
print("\n>>> Test set performa
print(f"Accuracy = {test_acc:.4
print(f"Precision = {test pre:
print(f'Recall = {test re
print(f'Fl-score = {test f

results.append({

"Model": name,
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"CV_Accuracy": cv_acc_mean,
"CV_Precision": cv_pre_mean,
"CV_Recall": cv_rec_mean,
"CV_F1" cv_fl_mean,

"Test_Accuracy": test_acc,
"Test Precision": test_pre
"Test_Recall": test rec,

"Test F1" test f1
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