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S1. Hyperparameter tuning using BOHB from Optuna
Hyperparameters are certain sets of parameters in the learning algorithms that must be set before the training or learning processes [1]. These hyperparameters are very different from model parameters that the learning algorithms learn during training, such as weights and biases in a neural network model. The process of efficiently setting all the necessary hyperparameter values, which results in the best performance on the dataset in a reasonable amount of time before the training phase, is called hyperparameter optimization (HPO) [2, 3]. 

In this work, HPO plays a crucial role in optimizing the performance of ML models for contamination detection in fermentation processes. As we deal with a highly imbalanced dataset, HPO allows us to reduce false negatives (FN) and false positives (FP), and maximize precision and recall. HPO also improves the detection performance of ML methods by parallelly tuning as many hyperparameters as possible, ensuring robust generalization, avoiding overfitting, and speeding up model training and deployment.

In this paper, we utilize a powerful yet user-friendly and easy-to-learn Python hyperparameter tuning package called Optuna [4], which supports an HPO algorithm called Bayesian Optimization with HyperBand (BOHB). BOHB combines a Tree-structured Parzen Estimator (TPE) sampler called TPESampler for Bayesian Optimization and a pruner called HyperbandPruner for Hyperband. Details of BOHB and all the Python codes outlining step-by-step how to deploy the BOHB algorithm from Optuna to do HPO for each ML method are given in the Supporting Information of this paper. The potential of combining Bayesian optimization and hyperband in a single algorithm called BOHB was proposed by Wang et al. [5]. The key motivation of this combination is to combine the strengths of both algorithms, Bayesian optimization, and hyperband, together. Hyperband does not utilize history information of previously explored hyperparameter configurations, and therefore, it is a very fast algorithm. Bayesian optimization, on the other hand, based on Bayes’ theorem, does not ignore history when sampling the next configurations, and therefore, it takes longer than hyperband to train. However, it is theoretically more accurate than hyperband, given a reasonable amount of training time. Therefore, both algorithms are actually complementary to each other in overcoming the weakness of each approach. 


S2. One-Class Support Vector Machine (OCSVM)
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Fig. S2-1 Python codes for reading the data file after preprocessing and snapshot of some of the engineered features

[image: A screen shot of a computer code

AI-generated content may be incorrect.]
Fig. S2-2 Python codes for getting input features and labels, standardizing features, and extracting non-contaminated data for OCSVM
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Fig. S2-3 Python codes for defining the objective function with all the hyperparameters to be tuned and calculating the F2-score for OCSVM
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Fig. S2-4 Python codes for setting up and running the BOHB algorithm for HPO and getting the best hyperparameter combination with the best F2-score for OCSVM
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Fig. S2-5 Python codes for evaluating the best model by fitting the best model, making predictions on the full dataset, computing and printing different classification metrics for OCSVM
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Fig. S2-6 Python codes for plotting confusion matrix, PR, and ROC curves for OCSVM
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Fig. S2-7 Python codes for computing SHAP values and plotting SHAP for OCSVM





S3. AutoEncoder (AE)
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Fig. S3-1 Python codes for reading the data file after preprocessing and snapshot of some of the engineered features
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Fig. S3-2 Python codes for getting input features and labels, standardizing features, and extracting non-contaminated data for AE
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Fig. S3-3 Python codes for defining the structure of the AE 
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Fig. S3-4 Python codes for defining the objective function calculating F2-score for AE
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Fig. S3-5 Python codes for setting up and running the BOHB algorithm for HPO and getting the best hyperparameter combination with the best F2-score for AE
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Fig. S3-6 Python codes for evaluating the best model by fitting the best model, making predictions on the full dataset, computing and printing different classification metrics for AE
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Fig. S3-7 Python codes for plotting confusion matrix, PR, and ROC curves for AE
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Fig. S3-8 Python codes for the SHAP analysis for AE-based anamoly detection using surrogate model on the reconstruction errors

















S4. Isolation forest (IF)
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Fig. S4-1 Python codes for reading the data file after preprocessing and snapshot of some of the engineered features
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Fig. S4-2 Python codes for getting input features and labels, standardizing features, train-test dataset split, and extracting non-contaminated data for training
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Fig. S4-3 Python codes for IF method. (a) First part. (b) Second part.
S5. Local Outlier Factor (IF)
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Fig. S5-1 Python codes for reading the data file after preprocessing and snapshot of some of the engineered features
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Fig. S5-2 Python codes for getting input features and labels, standardizing features, train-test dataset split, and extracting non-contaminated data for training
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Fig. S5-3 Python codes for LOF method. (a) First part. (b) Second part.

S6. Robust Covariance Estimation (RCE)
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Fig. S6-1 Python codes for reading the data file after preprocessing and snapshot of some of the engineered features
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Fig. S6-2 Python codes for getting input features and labels, standardizing features, train-test dataset split, and extracting non-contaminated data for training
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Fig. S6-3 Python codes for RCE method using Elliptic Envelop. (a) First part. (b) Second part.

S7. Deep Support Vector Data Description (Deep SVDD)
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Fig. S7-1 Python codes for reading the data file after preprocessing and snapshot of some of the engineered features

[image: A screenshot of a computer code

AI-generated content may be incorrect.]
Fig. S7-2 Python codes for getting input features and labels, standardizing features, train-test dataset split, and extracting non-contaminated data for training
(a)
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Fig. S7-3 Python codes for Deep SVDD. (a) First part. (b) Second part.
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# Hyperparameter Tuning with TPE Sampler and Hyperband Pruner
sampler = optuna.samplers.TPESampler(n_startup_trials=10, n_ei_candidates-26) # TPE for Bayesian Optimization
pruner = optuna.pruners.HyperbandPruner (nin_resource=2, max_resource=56e, reduction_factor=3) # Hyperband Pruning

study = optuna.create_study(direction="maximize’, sampler=sampler, pruner=pruner)
study.optimize(objective, n_trials-1568) # Perform 1500 trials

# Output the best parameters and best F2-score
print("Best Parameters:”, study.best_parans)
print("Best F2-Score:”, study.best_value)
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# Step 4: Evaluate the best model
best_parans = study.best_parans
best_svn_model = OneClassSvM(kernel-best_params['kernel'],
nu=best_params['nu'],
ganma=best_params[ ‘ganma’],
degree-best_params.get('degree’, 3), # Use default 3 if not in params
coefe=best_parans.get(’coefe’, 8),
tol-best_parans['tol"])
best_svn_model.. fit(non_contaminated X)

# Predict on the full dataset
y_pred = best_svn_model.predict(X_scaled)
y_pred = [1 if pred == -1 else © for pred in y_pred]

# Compute classification metrics
precision = precision_score(y, y_pred)
recall = recall_score(y, y_pred)

£2 = fbeta_score(y, y_pred, beta=2)

# Compute ROC-AUC and PR-AUC

roc_auc = roc_auc_score(y, y_pred)

precision_vals, recall vals, _ = precision_recall_curve(y, y_pred)
pr_auc = auc(recall_vals, precision_vals)

# Print results

print("\nModel Performance Metrics:")
print("Precision:”, precision)
print("Recall:", recall)
print("F2-score:”, £2)
print("ROC-AUC: ", roc_auc)
print(“PR-AUC:", pr_auc)
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# Plot Confusion Matrix

def

plot_confusion_matrix(y, y_pred, title
cn = confusion_matrix(y, y_pred)
cm_labels = ["Non-Contaminated”, "Contaminated"]
plt.figure(Figsize=(6, 4))
sns.heatmap(cn, annot=True, fm
plt.xlabel("Predicted Label")
plt.ylabel("True Label")
plt.title(title)

plt.show()

onfusion Matrix"):

, cmap="Blues”, xticklabel:

plot_confusion_matrix(y, y_pred)

# Plot Precision-Recall Curve

plt.
plt.
plt.
plt.
plt.
plt.

figure(figsize=(6, 4))
plot(recall_vals, precision_vals, marker=".
xlabel("Recall’)

ylabel("Precision’)
title("Precision-Recall Curve’)

shou()

# Plot ROC Curve

fpr, tpr, _ = roc_curve(y, y_pred)
plt.figure(figsize=(s, 4))

plt.plot(fpr, tpr, label~f'ROC Curve (AUC = {roc_auc:.3f})")
plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title("ROC Curve')

plt.legend()

plt.

show()

m_labels, yticklabels=cm_labels)
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# &7 Compute SHAP values
explainer = shap.Explainer(best_svn_model.decision_function, X_scaled)
shap_values - explainer(X_scaled)

plt.figure(figsize=(12, 16)) # Adjust figure size
shap. sunmary_plot (shap_values, X, feature_names-X.columns, max_display-20,show-False) # Generate plot without displaying
plt.xticks(fontsize-16) # Increase font size of x-axis labels
plt.yticks(fontsize-16) # Increase font size of y-axis labels
plt.title("SHAP Feature Importance for OC-SVM", fontsize-14, fontueigh
plt.shou()

‘bold’) # Adjust title
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def build_improved model(trial):
model = Sequential()
# Input layer
model..add(Input (shape=(X_scaled.shape[1],)))
# First hidden layer
model . add(Dense (units=trial.suggest_int,
kernel_regularize
model . add(BatchNormalization())
model.add(Dropout (rate=trial. suggest_float("dropout 1", 6.9, 6.5, step:
# Second hidden layer
model . add(Dense (units=trial.suggest_int,
activation="relu’,
kernel_regularizer-12(trial.suggest_float("12_2", 1e-6, le-2, log=True))))
model . add(BatchNormalization())
model . add (Dropout (rate=trial. suggest_float("dropout 2", 6.0, 6.5, step:
# Additional layers if specified
for 1 in range(trial.suggest_int("num_layers”, 1, 2)):
model. add(Dense (units=trial.suggest_int(f"units_hid_{i}", 32, 512, step-32),activatior
kernel_regularizer=11_12(11-trial.suggest_float(f"11_hid_{i}", 1e-6, 1e-2, log
12-trial.suggest_float(f"12_hid_{i}", 1le-5, 1e-2, lo

units 1", 32, 512, ste
1(trial. suggest_float("11_1

he_normal’,activation="relu’,

5 126, le-2, lo

units_

. 32, 512, step=32),

1))

model. add(BatchNornalization())

model. add(Dropout (rate=trial . suggest_float(f"dropout_hid_{i}", 6., 6.5, step:
# output layer
model.add(Dense (X_scaled. shape[1], activation="linear’))
# Optimizer selection
learning rate = trial.suggest_categorical("learning rate”, [le-a, le-3, le-2])
optimizer = trial.suggest_categorical("optimizer”, ["Adam”, "RHSprop”])

-1)))

if optimizer == "Adam”:

opt = Adam(learning_rat:
elif optimizer == "RHSprop’:

opt = RiSprop(learning rate=learning_rate)
else:

opt = SGD(learning_rate-learning rate)
model. compile(optimizer-opt, loss="mse")
return model
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# Define the objective function for Optuna
def objective(trial):
# Train only on non-contaminated data
non_contaminated X = X_scaled[y == 0]
# Build model
batch_size = trial.suggest_categorical("batch_size”, [8, 16, 32])
model = build_improved_model (trial)
early_stopping = EarlyStopping(monitor="val_loss’, patience-10, restore_best_weights=True)
# Train autoencoder
model. it (non_contaminated X, non_contaminated X, epochs-56e, batch_size-batch_size,
shuffle=True, validation_spli -0)
# Calculate reconstruction errors
reconstructions = model.predict(X_scaled)
mse = np.mean(np. square(X_scaled - reconstructions), axis=:
# Automated threshold search over percentiles
best_f2 - 6
best_threshold = None
for percentile in range(se, 160):
threshold = np.percentile(mse[y == 0], percentile)
y_pred = [1 if error > threshold else @ for error in mse]
precision = precision_score(y, y_pred, pos_label=1)
recall = recall_score(y, y_pred, pos_label-1)

£2 = (5 * precision * recall) / ((4 * precision) + recall) if (precision + recall) > @ else &
if £2 > best_f2:

best_f2 = f2

best_threshold = threshold
trial.set_user_attr("best_threshold”, best_threshold)
return best_f2

.1, callbacks=[early_stopping], verbos:
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# Run Optuna optimization
sampler = optuna.samplers.TPESampler(n_startup_trials=10, n_ei_candidates=26)
pruner = optuna.pruners. HyperbandPruner (min_resource=2, max_resource=1600, reduction_facto

study_improved = optuna.create_study(direction="maxinize, sampler=sampler, pruner=pruner)
study_improved. optimize(objective, n_trials=500)

# Retrieve Best Parameters
best_trial = study_improved.best_trial

best_parans = study_improved. best_params

best_threshold = study_improved.best_trial.user_attrs["best_threshold"]
print("Best trial: ", best_trial.value)

print("Best Parameters:”, best_params)

print("Best Threshold:", best_threshold)

print("Best F2-Score:", study_improved.best_value)
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# Train the best model

model = build_improved model (best_trial)

model. it (non_contaminated X, non_contaminated X, epoch:
batch_size=best_parans["batch_size"], shuffl

0,
rue, validation_spli

.1, verbose=6)

# Final evaluation

reconstructions = model.predict(X_scaled)

mse = np.mean(np.square(X_scaled - reconstructions), axis=1)
y_pred_improved = [1 if error > best_threshold else @ for error in mse]

# Compute classification metrics

precision = precision_score(y, y_pred_improved)
recall = recall_score(y, y_pred_improved)

£2 = fbeta_score(y, y_pred_improved, beta=2)

# Compute ROC-AUC and PR-AUC

roc_auc = roc_auc_score(y, y_pred_improved)

precision_vals, recall vals, _ = precision_recall_curve(y, y_pred_improved)
pr_auc = auc(recall_vals, precision_vals)

# Print results

print("\nModel Performance Metrics:")
print("Precision:”, precision)
print("Recall:", recall)
print("F2-score:”, £2)
print("ROC-AUC: ", roc_auc)
print("PR-AUC:", pr_auc)
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# Plot Confusion Matrix
def plot_confusion_matrix(y, y_pred_improved, title="Confusion Matri:

cn = confusion_matrix(y, y_pred_improved)
cm_labels = ["Non-Contaminated”, "Contaminated"]
plt.figure(Figsize=(6, 4))
sns.heatmap(cn, annot=True, fm
plt.xlabel("Predicted Label")
plt.ylabel("True Label")
plt.title(title)

plt.show()

plot_confusion_matrix(y, y_pred_improved)

# Plot Precision-Recall Curve

plt.
plt.
plt.
plt.
plt.
plt.

figure(figsize=(6, 4))
plot(recall_vals, precision_vals, marke
xlabel("Recall’)

ylabel("Precision’)
title("Precision-Recall Curve’)
shou()

# Plot ROC Curve

fpr, tpr, _ = roc_curve(y, y_pred_improved)
plt.figure(figsize=(s, 4))

plt.plot(fpr, tpr, label=f'ROC Curve (AUC = {roc_au
plt.xlabel('False Positive Rate')

plt.ylabel('True Positive Rate')

plt.title("ROC Curve')

plt.legend()

plt.

show()

, cmap="Blues”, xticklabel:

1.3F))7)

m_labels, yticklabels=cm labels)
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# 7. Compute reconstruction error

reconstructed = model.predict (X_scaled)

reconstruction_errors = (X_scaled - reconstructed) ** 2 # squared error per feature
total_error = reconstruction_errors.sun(axis=1)

# 8. Train surrogate model to predict total error
regressor = GradientBoostingRegressor()
regressor. fit(X_scaled, total_error)

#9. SHAP analysis
explainer = shap.Explainer(regressor.predict, X_scaled[:56])
shap_values = explainer(X_scaled[:100]) # Can be adjusted based on sample size

#16. SHAP summary plot
shap. sunmary_plot (shap_values, feature

(_scaled[:100], feature_names:

- columns. tolist())
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# Define features and target
X = data.drop(columns=[ ' Contamination Label’, 'Batch_ID’, 'Batch_Name'])
y = data["Contamination Label']

# Scale features

scaler = Standardscaler()

X_scaled = scaler.fit_transform(X)

# Train-test split

X_train, X_test, y_train, y_test = train_test_split(X_scaled, y, test_size-e.2,
| tratify-y, random_state-42)

X_train_clean = X_train[y_train == @] # Use only non-contaminated for training
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# Step 1: Generate decision scores
decision_scores = iso_forest.decision_function(X_scaled) # Higher score = less anomalous

# Step 2: Define a range of thresholds
thresholds = sorted(set(decision_scores)) # Use unique scores for efficiency

# Variables to store the best threshold and corresponding scores

best_threshold = None
best_precision = &
best_recall = &

best_f2 - 6

# Step 3: Loop through thresholds and evaluate precision, recall, and F2-score for each
for threshold in thresholds:
# Classify as contaminated (1) if score < threshold, else non-contaminated (@)
y_pred = [1 if score < threshold else @ for score in decision_scores]

# Calculate precision and recall for the contaminated class
precision = precision_score(y, y_pred, pos_label-1)
recall = recall_score(y, y_pred, pos_label-1)

# Calculate F2-score
£2 = (5 * precision * recall) / ((4 * precision) + recall) if (precision + recall) > © else &

# Update the best threshold if this one has a higher F2-score
if £2 5 best_f2:

best_threshold = threshold

best_precision = precision

best_recall = recall

best_f2 = f2

# Step 4: Output the best threshold and associated precision, recall, and F2-score
print(f"Optimal Threshold for F2-Score: {best_threshold}")

print(f"Precision at Optimal Threshold: {best_precision}")

print(f"Recall at Optimal Threshold: {best_recall}")

print(f"F2-Score at Optimal Threshold: {best_f2}")
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# Step 5: Use the best threshold to make final predictions
y_pred_optimized = [1 if score < best_threshold else @ for score in decision scores]

# Final evaluation using the optimized threshold

print("\nFinal Classification Report with Optimized Threshold:\n", classification_report(y, y_pred_optimized,
‘target_names=[ "Non-Contaminated”, "Contaminated"])j]

print("Final ROC-AUC Score:”, roc_auc_score(y, y_pred_optimized))

# Confusion Matrix Plot
cn = confusion_matrix(y, y_pred_optinized)
cn_labels = ["Non-Contaminated”, "Contaminated"]

plt. figure(Ffigsize=(6, 4))
sns.heatnap(cn, annot=True, fi
plt.xlabel("Predicted Label")
plt.ylabel("True Label")
plt.title("Confusion Matrix with Optimized Threshold")
plt.shou()

xticklabels=

m_labels, yticklabels=
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# Comprehensive objective function

def objective(trial
n_neighbors = trial.suggest_int("n_neighbors”, 16, 106, step=5)
contamination = trial.suggest_float("contamination”, 6.61, 6.3, step=6.61)
leaf_size - trial.suggest_int("leaf_size”, 10, 66, step=s)
metric - trial.suggest_categorical("metric”, ["euclidean”, "manhattan”, "chebyshev”, "minkouski"])

model = LocaloutlierFactor(
n_neighbors=n_neighbors,
contamination=contamination,
leaf_size-leaf size,
metric-metric,
novelty=True

)

model it (X_train_clean)

y_pred = model.predict(X_test)
y_pred = np.uhere(y_pred == -1, 1, 8)

return fbeta_score(y_test, y_pred, beta-2, zero_division-0)

# Run Optuna optimization
sampler = optuna.samplers.TPESampler(n_startup_trial.
pruner

0, n_ei_candidates=26)
optuna. pruners. HyperbandPruner (min_resource=2, max_resource=1000, reduction_factor=3)

study = optuna.create_study(direction="maximize’, sampler=sampler, pruner=pruner)
study.optimize (objective, n_trials-56e)

# Best hyperparameters
print("Best params:", study.best_params)
print("Best F2-score:”, study.best_value)
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1lof_best = LocalOutlierFactor(

)

n_neighbors=study.best_pai

contamination=study. best_j

leaf_siz
novelty.

tudy.best_para
rue

1of_best. fit(X_train_clean)
y_pred = 1of_best.predict(X_t

y_pred = np.uhere(y_pred

# Metrics
precision = precision_score(y_test, y_pred, zero_division-6)
recall = recall_score(y_test,
2 - fbeta_score(y_test, y_pred, beta=2, zero_division-0)

# Specificity
tn, fp, fn, tp = confusion_matrix(y_test, y_pred).ravel()
specificity = tn / (tn + fp)

print ("
print ("
print ("
print ("

recision: {precision
Recall: {recall:.3f}
2-Score: {f2:.3F}")
pecificity: {specifi

# Confusion matrix plot

<

plt.
sns.

plt.
plt.
plt.
plt.
plt.

confusion_matrix(y_test,

figure(figsize=
heatmap((cn, annot

| prickiabels=["Non
xlabel("Predicted Label")

ylabel("True Label”)
title("Confusion Matrix
tight_layout()

show()

rans["n_neighbors”],
params["contamination”],
ms["leaf_size"],

est)
1,1, 0)

y_pred, zero_division=0)

3f}")
)

city:.36)"

y_pred)

Blues”, xticklabels=["Non-Contaminated”, "Contaminated”],
, "Contaminated”]))

-Contaminated:

LOF with BOHB Tuning”)
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from sklearn.covariance import EllipticEnvelope

# Optuna Objective
def objective(trial):
contamination = trial.suggest_float("contamination”, 6.61, 6.3, step=6.e1)
support_fraction = trial.suggest_float("support_fraction”, 6.85, 1.9, step=8.5)
assume_centered = trial.suggest_categorical("assume_centered”, [True, False])

model = Ellipticenvelope(
contamination=contamination,
support_fraction=support_fraction,
assume_centered=assume_centered,
randon_state=42

)

model . fit(X_train_clean)

y_pred = model.predict(X_test)
y_pred = np.uhere(y_pred == -1, 1, 8)

return fbeta_score(y_test, y_pred, beta-2, zero_division-g)
# Run Optuna optimization

sampler = optuna.samplers.TPESampler(n_startup_trials=10, n_ei_candidates=26)

pruner = optuna.pruners. HyperbandPruner (min_resource=2, max_resource=1600, reduction_facto

study = optuna.create_study(direction="maximize’, sampler=sampler, pruner=pruner)
study.optimize (objective, n_trials-56e)

# Best params
best_parans = study.best_parans
print("Best Parameters:”, best_parans)

# Final model
final_model = EllipticEnvelope(**best_params, random_state=42)
final_model.fit(X_train_clean)

y_pred = final_model.predict(X_test)

y_pred = np.uhere(y_pred == -1, 1, 0)
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# Metrics
precision = precision_score(y_test, y_pred, zero_divisior
recall - recall score(y_test, y_pred, zero_division-g)
2 - fbeta_score(y_test, y_pred, beta-2, zero_division-g)
tn, fp, fn, tp = confusion matrix(y_test, y_pred).ravel()
specificity = tn / (tn + fp)

# Report
print ("
print ("
print ("
print ("
print ("

nMetrics
Precision: {precision:.3f}")
ecall: {recall:.3f}")

2-score: {f2:.3f}
pecificity: {specificity:.3f}")

# Plot Confusion Matrix

n = confusion_matrix(y_test, y_pred)

plt. figure(Figsize=(6, 5))

sns.heatmap(cn, annot=True, fmt="d", cmap="Puu",
xticklabels=["Non-Contaminated”, "Contaminated”],
yticklabels=["Non-Contaminated”, ~Contaminated”])

plt.xlabel("Predicted Label")

plt.ylabel("True Label")

plt.title("Confusion Matrix: Robust Covariance Estimation (BOHB Tuned)")

plt.tight_layout()

plt.shou()
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# Deep SVDD-like model definition
def create_deep_svdd_model (input_dim, trial):
model = keras.Sequential()
n_layers = trial.suggest_int("n_layers”, 1, 5)
dropout = trial.suggest_float("dropout”, 6.9, 6.5)

for 1 in range(n_layers):
units = trial.suggest_int(f"units_layer {i}", 32, 512, step-32)
model. add(layers.Dense (units, activation="relu’))
model. add(1ayers .Dropout (dropout) )

model.add(layers.Dense (input_dim, activation='linear’))
return model

# Custom SVDD-like wrapper
class DeepSVDD
def __init_(self, model, center):
self.model = model
self.center = center

def fit(self, X, batch_size, epochs):
def loss_fn(y_true, y_pred):
return tf.reduce_mean(tf.reduce_sum(tf.square(y_pred - self.center), axis=1))

self.model. conpile(optimizer="adam’, loss=loss_fn)
self.model. Fit(X, X, batch_size-batch_size, epochs=epochs, verbose=8)

def score_samples(self, X):
preds = self.model.predict(X, verbose=0)
return np.sum(np.square (preds - self.center), axi:

1)
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# Run Optuna optimization
sampler = optuna.samplers.TPESampler(n_startup_trial.
pruner = optuna.pruners. HyperbandPruner (min_resource:

0, n_ei_candidates=26)
, max_resource=1660, reduction_factor=3)

study = optuna.create_study(direction="maximize’, sampler=sampler, pruner=pruner)
study.optimize (objective, n_trials-56e)

# Evaluate best model

best_parans = study.best_parans

print("Best parameters:”, best_params)

model = create_deep_svdd_model (X_train.shape[1], trial-optuna.trial.FixedTrial(best_params))
svdd = DeepsvDD(model, np.mean(X_train, axis=0))

svdd. fit(X_train, best_params['batch size'], epochs=56e)

scores = svdd.score_samples(X_test)
threshold = np.percentile(scores[y_test
y_pred = (scores > threshold).astype (int)

0], best_params[ "threshold_percentile’])

# Metrics

precision = precision_score(y_test, y_pred, zero_division-g)
recall - recall score(y_test, y_pred, zero_division-g)

2 - fbeta_score(y_test, y_pred, beta=2, zero_division-g)
specificity = np.sun((y_test == 8) & (y_pred == 8)) / np.sum(y_test

0)
print(f"Precision: {precision:.3f}, Recall: {recall:.3f}, F2: {f2:.3f}, Specificity: {specificity:.3f}")

# Confusion Matrix
n = confusion_matrix(y_test, y_pred)
sns.heatmapl(cn, annot=True, fmt="d", cmap='Blues’, xticklabels=[ 'Normal’, 'Contaminated’],

| Wrickiabels=[ Normal’, ’Contaminated: ]l
plt.xlabel("Predicted")

plt.ylabel("Actual”)
plt.title("Confusion Matrix - Deep SVDD")
plt.tight_layout()

plt.shou()
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1 file path = prefix + 'Total Processed Data with Contamination Label_FullData.xlsx’
2 data - pd.read_excel(file_path, sheet_name='with Contamination Label’, index_col=None)
3 data.head()

Agitator Agitator Agitator Agitator

Agitator Speed Agitator Speed
Batch_ID Batch Nane _SPeed  speed speed speed setpoint, SetPoint,
- NS setpoint, setpoint, setpoint, Setboint, , ... SEOIML el

%_mean % std % min % max - 'g_mean_>_1 ! 'g_mean_>_
0 1 processed SAK 240L0715M 50.808143 4767941 500 850 50.808226 4768049
1 2 processed_SAK 241L0717M 50437186  3.233706 500 100.0 50.436676 3228916
2 3 processed_SAK 241L0719M 50089992  1.603564 500 100.0 50.088076 1.567038
3 4 processed_SAK 241L0736M 50055433  1.128078 500 100.0 50053226 1.075538
4 5 processed SAK 242FLO723M  52.071156  2.467208 500 100.0 52.970758 2453523

57ows x 267 columns
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Define features and target
data.drop(columns=[* Contamination Label’, ‘Batch_ID', 'Batch_Neme'])
data[ "Contamination Label']

Scale features

scaler = Standardscaler()

X_scaled = scaler. fit_transform(X)

# Extract non-contaminated data for training

non_contaminated X = X_scaled[y == 0]

#
X
y
#
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# Step 2: Define the objective function with a comprehensive search space
def objective(trial):
# Hyperparaneter search space for One-Class SVM

nu = trial.suggest_loguniform("nu", 0.1, 6.3) # Outlier fraction

gamma - trial.suggest_loguniform("ganma”, 1le-5, 1) # Kernel coefficient
kernel = trial.suggest_categorical("kernel”, ["linear”, "poly”, "rbf", "signoi
# Additional hyperparameters for specific kernels

degree = trial.suggest_int("degree”, 2, 5) if kernel oly” else 3 # Polynomial degree for "poly’ kernel

coefo - trial.suggest_uniform("coefe”, , 1) if kernel in ["poly”, "signoid"] else @ # Independent term for "poly’ or 'sigmoid’
tol = trial.suggest_loguniforn("tol”, le-5, le-1) # Tolerance for stopping criterion

# Initialize the One-Class SVM with suggested parameters

svm_model = OneClasssvh(kernel-kernel, nu=nu, gamma-gamma, degree=degree, Coef@=Coef@, tol-tol)

# Train the model on non-contaminated data

svm_model.. fit(non_contaminated X)

# Predict on the full dataset

y_pred = svm_model.predict(X_scaled)

y_pred = [1 if pred == -1 else @ for pred in y_pred] # Convert -1 to 1 (anomaly), 1 to @ (normal)
# Calculate F2-score for contaminated class
precision = precision_score(y, y_pred, pos_label
recall = recall_score(y, y_pred, pos_label-1)
£2 = (5 * precision * recall) / ((4 * precision) + recall) if (precision + recall) > © else &
return f2 # Maximize F2-score for contamination detection

D





