PARAMETER |
Vol. 01, No.2, Setember 2026

'.) Check for updates
JURNAL MATEMATIKA, STATISTIKA DAN TERAPANNYA Pages 333-344 ! |

Class Imbalance-Aware SVM Optimization to Improve Daily
Rainfall Event Prediction

Ary Pulung Baskoro ©'", Supartono ©2, I Made Jiwa Astika®?

123Department of Marine Engineering, Universitas Hang Tuah,
J1. Arif Rahman Hakim No. 150, Surabaya 60111, East Java, Indonesia

E-mail Correspondence Author: *ary.pulung@gmail.comi=

Abstract

Daily rainfall events can disrupt port operations. This study evaluates class imbalance-aware
optimization of an SVM-RBF rainfall-event classifier using Madura Strait sea surface temperature
anomalies, the Oceanic Nifio Index, and cyclic seasonal features for 2015-2024. The 2015-2022
development set (n = 2,913) comprised 1,917 non-rain (65.8%) and 996 rain (34.2%) observations,
while the independent 2023-2024 test set (n = 731) comprised 518 non-rain (70.9%) and 213 rain
(29.1%) observations. Data from 2015-2021 were used for initial fitting and 2022 for probability-
threshold selection before refitting on the full development period. Five configurations were compared:
baseline SVM-RBF, class weighting, threshold tuning, class weighting with threshold tuning, and
random oversampling with threshold tuning. Under the predefined F1-first ranking criterion, the
class-weighted model achieved F1-score 0.640, recall 0.676, balanced accuracy 0.748, and MCC 0.482,
compared with 0.581, 0.531, 0.704, and 0.435 for the baseline. Threshold-tuned models achieved higher
recall but more false alarms. Thus, class weighting is the preferred default for this dataset under the
stated selection criterion.
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1. INTRODUCTION

Daily rainfall events are important operational weather variables in port
environments because rainfall can disrupt loading and unloading activities, reduce
occupational safety, hinder vessel movements, and affect scheduling efficiency. At
Tanjung Perak Port, rainfall prediction is therefore not merely a climatological exercise
but also an operational requirement for supporting rain-related risk mitigation. Reliable
identification of rainfall occurrence is particularly important because a missed rain event
may affect several port activities even when the total amount of rainfall is relatively
small. Given the port's coastal setting adjacent to the Madura Strait, the predictor design
represents three complementary scales: nearby marine thermal variability through the
Madura Strait SST anomaly, large-scale ENSO variability through ONI, and recurring
annual seasonality through cyclic month terms.

Machine-learning methods have increasingly been applied to weather and
hydrometeorological prediction problems. Support Vector Machine (SVM), in particular,
provides a nonlinear classification framework that has been used in weather prediction,
short-term climate prediction, rainfall prediction, and hydrometeorological
classification applications [1], [2], [3], [4], [5], [6]. In the baseline configuration considered
in this study, an SVM with a Radial Basis Function (RBF) kernel uses Madura Strait sea
surface temperature (55T) anomalies, the Oceanic Nifio Index (ONI), and cyclic seasonal
features to classify daily rainfall events at Tanjung Perak. However, rainfall and non-
rainfall observations are not equally represented in the dataset. Consequently, model
performance may be influenced not only by the nonlinear relationship between
predictors and rainfall occurrence, but also by the imbalance between the two target
classes. These studies establish the usefulness of SVM and related machine-learning
approaches across weather, flood, and rainfall prediction tasks. The present study differs
by holding both the predictor set and the core SVM-RBF architecture constant while
isolating the effect of class-imbalance treatment through weighting, probability-
threshold adjustment, and random oversampling. Class imbalance is a common
challenge in binary classification because a learning algorithm may become biased
toward the majority class when both classes are treated with equal misclassification costs
[7], [8]. Under such conditions, overall accuracy alone may provide an incomplete
assessment of model performance because high accuracy can coexist with poor
recognition of the less frequent event class. Event-sensitive measures such as precision,
recall, F1-score, and balanced accuracy are therefore more informative for evaluating
rainfall-event detection. In addition, precision-recall behavior is particularly relevant for
imbalanced data because changes in the classification decision threshold can alter the
trade-off between missed events and false alarms [9].

One way to address this limitation is to optimize the classifier without necessarily
expanding the predictor space. Class weighting modifies the relative penalty assigned
to errors from different classes, whereas resampling modifies the class representation in
the training data [7], [8]. Synthetic oversampling approaches such as SMOTE have also
been widely studied in imbalanced learning [10], [11], although the present experiment
uses random oversampling rather than SMOTE. Decision-threshold adjustment
provides another mechanism for changing the balance between sensitivity and false
alarms after model training. These strategies provide a suitable framework for
determining whether the existing SVM-RBF classifier can be improved specifically
through treatment of class imbalance while keeping the underlying predictors
unchanged.
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The novelty of this study lies in its controlled class imbalance-aware optimization
of daily rainfall-event prediction for the operational environment of Tanjung Perak Port.
Rather than improving performance by introducing additional predictor variables or
replacing the baseline classifier, this study retains the same SST anomaly, ONI, and cyclic
seasonal predictor space and systematically compares class weighting, probability-
threshold tuning, and random training-data oversampling within the SVM-RBF
framework. The optimization uses a chronological design with 2015-2021 for initial
training, 2022 for internal validation and threshold selection, and 2023-2024 as an
independent test period after refitting on the full 2015-2022 development data. This
design allows performance changes to be evaluated primarily as a consequence of class-
imbalance treatment while preserving temporal independence in the final assessment.
Accordingly, this study aims to identify the optimization strategy that provides the most
appropriate balance between rainfall-event detection and false-alarm burden for
operational rainfall-risk applications at Tanjung Perak Port.

2. METHOD

a. Study Area and Dataset

This study uses daily rainfall observations at Tanjung Perak Port, Surabaya,
Indonesia, together with marine and climate predictors representing the surrounding
environmental conditions. Daily rainfall (curah_hujan, mm/day) was observed at
BMKG's Meteorological Maritime Station Perak II (approximately 7.2052°S, 112.7354°E)
from January 1, 2015, to December 31, 2024. Sea surface temperature was obtained from
the Copernicus Marine SST_GLO_SST_L4 REP_OBSERVATIONS_010_024 product
(analysed_sst), a gap-free daily 0.05° x 0.05° product. SST was spatially averaged over
the Madura Strait domain 7.875°5-7.025°S and 112.575°E-114.525°E, and the domain-
mean anomaly was retained as the local marine predictor. The Oceanic Nifio Index (ONI)
was obtained from the NOAA Climate Prediction Center. ONI is a three-month running
mean of ERSST.v5 sea surface temperature anomalies in the Nifio-3.4 region; the ONI
series was temporally aligned with the corresponding daily observations. The remaining
predictors are cyclic seasonal variables represented by the sine and cosine of month. No
additional atmospheric predictors are introduced because the objective is to isolate the
effect of class imbalance-aware optimization on the existing SVM-RBF framework.

b. Target Variable and Class Distribution

The target variable is formulated as a binary rainfall-event label. An observation is
assigned to the rain class (y = 1) when daily rainfall is greater than 0 mm and to the non-
rain class (y = 0) when daily rainfall equals 0 mm. The >0 mm threshold is deliberately
used to represent meteorological occurrence (rain observed versus no rain) rather than
an operational-impact threshold. Operationally relevant rainfall thresholds can differ by
activity and consequence, whereas the present study evaluates whether the classifier
detects any observed daily rainfall event. The dataset contains more non-rain than rain
observations, producing a moderate class imbalance that can bias a conventional
classifier toward the majority class.

c¢. Data Preprocessing and Chronological Splitting

Prior to model development, the daily Madura Strait SST series is expressed as an
anomaly relative to the 2015-2022 monthly climatological mean and aligned temporally
with ONI and rainfall observations. Seasonal periodicity is represented by sin(27tm/12)
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and cos(2rtm/12), where m is the month number from 1 to 12. Predictor variables are
standardized using StandardScaler within the model pipeline, so the scaler is fitted only
on the data used for model fitting at each stage. A chronological rather than random split
is applied to preserve temporal order and reduce information leakage. In Stage 1,
observations from 2015-2021 are used for model fitting and 2022 is retained as an internal
validation period for probability-threshold selection. In Stage 2, the selected
configuration is refitted on the complete 2015-2022 development period and evaluated
on the untouched 2023-2024 independent test set. Oversampling, when used, is applied
only to fitting data and never to validation or test observations. As a distributional
diagnostic, monthly rainfall-event proportions in the 2015-2022 development period and
2023-2024 test period are compared using Pearson and Spearman correlations, together
with seasonal event proportions for DJF, MAM, JJA, and SON.

d. Baseline Model and Optimization Strategy

The baseline classifier is a Support Vector Machine (SVM) with a Radial Basis
Function (RBF) kernel [1], [12], [13], [14]. For n training samples, x; denotes the p-
dimensional predictor vector for sample i and y; € {-1, +1} denotes its binary class label,
fori=1, ..., n. The soft-margin SVM estimates a separating hyperplane by minimizing

1 , N\
Siwl +c;fi} (1)

subject to the constraints shown below, where w is the normal vector of the separating
hyperplane, b is the intercept, C > 0 is the regularization parameter, &; > 0 is the slack
variable for sample i, and @(x;) maps the predictors into a higher-dimensional feature
space.

min
w,b,§

yiwlopx)+bl=1-¢, &=0

Because relationships between environmental predictors and rainfall occurrence may be
nonlinear, the RBF kernel is used [13]:
K(xx;) = exp(=y I x; = x; 17),  y>0 @)

All configurations use an RBF kernel with C = 1.0 and gamma = 'scale'. These are
fixed scikit-learn settings (C = 1.0 and the variance-dependent 'scale' rule for gamma),
not hyperparameters selected by optimization in this experiment; they are held constant
so that performance differences can be attributed to the class-imbalance treatments.
Probability estimates are enabled to support probability-based threshold optimization,
and a fixed random state of 42 is used where applicable. In the baseline formulation, the
same C penalizes errors from both classes. Under class imbalance, this symmetric
treatment can favor the majority class [15], [16]. Class weighting modifies the
optimization by assigning class-specific penalties [17], [18]:

n

i=1
In Equation (3), w,i denotes the weight assigned to the observed class y; of sample
i. For M1 and M3, class weights are generated automatically using the balanced rule wy
= N/(K Ny), where N is the number of fitting observations, K = 2 is the number of classes,
and Ny is the number of fitting observations belonging to class k; the effective class-
specific penalty is Cx = Cwyk. Consequently, the less frequent rain class receives a larger
misclassification penalty. For M4, random minority-class oversampling with
replacement is performed until the rain class equals the non-rain class in size. Because
random oversampling duplicates observed minority samples, it can increase
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memorization and overfitting risk. This risk is limited here by applying oversampling
only to fitting partitions, while validation and independent test data remain untouched.
Oversampling uses random_state = 42. Five configurations are evaluated under the same
predictor space: M0, baseline SVM-RBF; M1, class-weighted SVM-RBF; M2, baseline
SVM-RBF with probability-threshold tuning; M3, class-weighted SVM-RBF with
threshold tuning; and M4, SVM-RBF with random oversampling and threshold tuning.
For M2-M4, rainfall-class probabilities from the 2022 validation period are evaluated
over thresholds from 0.05 to 0.95 at increments of 0.005. The threshold that maximizes
validation Fl-score is retained. After threshold selection, the corresponding model
configuration is refitted on 2015-2022 and the selected threshold is applied unchanged
to the 2023-2024 independent test probabilities.

e. Evaluation Metrics and Model Selection

Because overall accuracy may be dominated by the majority class in an
imbalanced dataset, model comparison emphasizes event-sensitive metrics [19]. Let TP
denote correctly detected rainfall events, FP non-rain observations incorrectly classified
as rain, FN missed rainfall events, and TN correctly classified non-rain observations.
Precision, recall, F1-score, and balanced accuracy are defined as follows:

Precision = — @)
recision = TP n FP
Recall = — ©
A = TP T FN

F1 =2 (Precision X Recall)
B Precision + Recall

1/ TP TN
Balanced Accuracy = > (TP TFN + TN + Fp) @)

Balanced accuracy gives equal importance to sensitivity and specificity [20]. The
Area Under the Receiver Operating Characteristic Curve (AUC) is additionally reported
as a threshold-independent measure of ranking ability. Matthews Correlation
Coefficient (MCC) is also reported because it summarizes all four confusion-matrix cells
and is robust for imbalanced binary classification, MCC = (TPxTN - FPxEN) /
V[(TP+FP)(TP+FN)(TN+FP)(TN+EN)]. Accuracy is retained as a complementary
measure. Candidate models are ranked first by independent-test F1-score, followed by
balanced accuracy, precision, and AUC; MCC is used as an additional robustness
indicator rather than a replacement for the predefined ranking rule. To quantify
uncertainty in the selected M1-versus-MO0 differences, 5,000 paired stratified bootstrap
resamples of the independent test set (resampling within rain/non-rain strata; random
seed 2026) are used to obtain 95% percentile confidence intervals for accuracy, recall, F1-
score, balanced accuracy, and MCC. An exact McNemar test is additionally applied to
paired classification correctness.

3. RESULTS AND DISCUSSION

a. Class Distribution in Development and Test Sets

The 2015-2022 development dataset contains 1,917 non-rain observations and 996
rain observations, corresponding to approximately 65.8% and 34.2% of the data. The
2023-2024 independent test set contains 518 non-rain and 213 rain observations, or
approximately 70.9% and 29.1%, respectively. Thus, the rainfall class is consistently
underrepresented in both periods. Although the imbalance is not extreme, it is
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sufficiently pronounced to affect model behavior, consistent with the broader class-
imbalance literature [7], [8], [15], [16]. The monthly rainfall-event pattern remains
strongly consistent between the development and test periods (Pearson r = 0.940, p <
0.001; Spearman g = 0.909, p <0.001). Seasonal event proportions also preserve the same
broad wet-to-dry ordering: DJF 60.9% versus 60.2%, MAM 43.0% versus 37.5%, JJA
11.2% versus 7.6%, and SON 22.1% versus 11.5% for development and test periods,
respectively. The lower test-period proportion in SON indicates some temporal
distribution shift despite preservation of the overall seasonal pattern.

Table 1. Class distribution in the development and test sets

Non-rain Class Rain Class
Dataset Split Total
P (0) (1)
Development (2015-2022) 1917 996 2913
Test (2023-2024) 518 213 731

b. Performance Comparison Between Baseline and Optimized Models

Table 2 compares the five SVM-RBF configurations on the independent 2023-2024
test period. The baseline model (MO0) achieves accuracy of 0.777, precision of 0.642, recall
of 0.531, F1-score of 0.581, AUC of 0.830, and balanced accuracy of 0.704. Class weighting
produces the clearest improvement under the predefined F1-first criterion: M1 increases
recall to 0.676, Fl-score to 0.640, and balanced accuracy to 0.748 while maintaining
accuracy at 0.778. Precision decreases moderately to 0.608. MCC also increases from
0.435 for MO to 0.482 for M1; the remaining MCC values are 0.260 (M2), 0.339 (M3), and
0.460 (M4). This pattern is consistent with cost-sensitive SVM learning, in which a greater
penalty on minority-class errors improves event sensitivity while introducing some
additional false positives [15], [16], [17], [18].

Table 2. Performance comparison of baseline and optimized models on the 2023-2024 test data

Model Accuracy  Precision Recall Fl-score AUC Balanced
Accuracy

MO Baseline

SUMLRBE 0.777 0.642 0531 0581  0.830 0.704

M1 Class 0.778 0.608 0676  0.640  0.830 0.748

Weighted

M2 Threshold 0.469 0.350 0962 0514 0830 0.614

Tuned

M3 Class Weighted 0.535 0.383 0972 0549  0.830 0.664

+ Tuned

M4 Random

Oversampling 0.676 0.471 0930  0.626  0.836 0.751

+ Tuned

The threshold-tuned models show a different error structure. M2 and M3 raise
recall to 0.962 and 0.972, respectively, but precision falls to 0.350 and 0.383, and overall
accuracy falls to 0.469 and 0.535. This illustrates the precision-recall trade-off
characteristic of imbalanced classification [9]. M4, which combines random
oversampling and threshold tuning, yields the highest AUC (0.836) and balanced
accuracy (0.751) with recall of 0.930, but its precision (0.471) and F1-score (0.626) remain
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below M1. Thus, M4 is better interpreted as a high-sensitivity alternative rather than the
preferred general-purpose configuration. Resampling studies similarly show that
increasing minority representation can improve sensitivity without necessarily
producing the best overall error balance [10], [11].

c¢. Threshold Behavior and Precision-Recall Trade-off

Probability-threshold optimization was conducted only on the 2022 validation
data. For M2, the highest validation Fl-score occurs at a threshold of 0.180, with
precision of 0.633, recall of 0.704, and Fl-score of 0.667. M3 selects 0.100, producing
precision of 0.542, recall of 0.914, and F1-score of 0.680. M4 selects 0.225, with precision
of 0.594, recall of 0.802, and F1-score of 0.682. However, these validation gains do not
transfer equally to the independent test period: M2 and M3 retain very high recall but
experience substantial losses in precision and Fl-score. The result indicates that a
probability threshold optimized in one period may not remain equally suitable under
later conditions, so operational thresholds may require periodic reassessment rather
than being treated as fixed properties of the classifier. The seasonal analysis above,
including the lower test-period event proportion in SON, illustrates how changes in
event frequency can alter probability calibration; changes in large-scale climate state
represented by ONI may likewise contribute to temporal shifts in score distributions.
Accordingly, threshold recalibration should use recent data that are representative of the
current seasonal and climate regime. This interpretation is consistent with the
importance of precision-recall analysis under class imbalance [9].

d. Best Model Selection and Confusion Matrix Comparison

Using the predefined ranking procedure, M1 is selected as the preferred optimized
configuration for this dataset because it achieves the highest independent-test F1-score
of 0.640. Although M4 records slightly higher balanced accuracy and AUC, its lower
precision and Fl-score indicate a less favorable balance under the stated F1-first
criterion. The confusion matrices show that M0 detects 113 rainfall events and misses
100, whereas M1 detects 144 and misses 69. Thus, class weighting produces 31 additional
correctly detected rainfall events. False positives increase from 63 to 93, corresponding
to 30 additional false alarms.

Table 3. Confusion matrix comparison between the baseline and selected optimized

model
Model Actpal 0, Actgal 0, Actgal 1, Actpal 1,
Predicted 0 Predicted 1 Predicted 0 Predicted 1
Baseline SVM-RBF 455 63 100 113
M1 Class Weighted 425 93 69 144

Without an explicit cost-loss analysis, these 30 additional false alarms cannot be
categorically described as operationally acceptable. M1 is therefore interpreted as
statistically preferred under the predefined F1-first evaluation criterion, not as
demonstrated operationally superior. The trade-off may be preferable when the
operational consequence of missing rainfall is greater than the cost of an additional false
alarm, but quantifying that preference requires a dedicated operational cost-loss
framework.
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e. Final Comparison and In-depth Discussion

Table 4. Final comparison between the baseline and selected optimized model

Metric Baseline SVM-RBF M1 Class Weighted Change
Accuracy 0.777 0.778 +0.001
Precision 0.642 0.608 -0.034
Recall 0.531 0.676 +0.146
F1-score 0.581 0.640 +0.059
AUC 0.830 0.830 +0.000
Balanced Accuracy 0.704 0.748 +0.044
MCC 0.435 0.482 +0.047

Compared with the baseline, M1 increases recall by 0.146, F1-score by 0.059, and
balanced accuracy by 0.044 while leaving overall accuracy effectively unchanged.
Precision decreases by 0.034, whereas AUC is nearly unchanged at the reported three-
decimal precision. These results support previous findings that aggregate accuracy alone
can mask minority-class performance and that class-sensitive learning can improve
minority-event recognition [7], [8], [15], [16]. In particular, the behavior of M1 is
consistent with weighted-SVM approaches that increase the cost of minority-class errors
and thereby improve sensitivity, although some loss of precision may occur [16], [17],
[18]. Paired uncertainty analysis supports this interpretation. In 5,000 paired stratified
bootstrap resamples, the M1-M0 differences were +0.146 for recall (95% CI: 0.099 to
0.197), +0.059 for F1-score (0.021 to 0.100), and +0.044 for balanced accuracy (0.018 to
0.070), with all three confidence intervals excluding zero. In contrast, the accuracy
difference was +0.001 (95% CI: -0.019 to 0.021) and the MCC difference was +0.047 (-0.002
to 0.098). The exact McNemar test on paired correctness outcomes found 31 cases correct
only for M0 and 32 correct only for M1 (p = 1.000), providing no evidence of a change in
overall classification correctness. The measurable advantage of M1 is therefore
concentrated in event-sensitive performance rather than aggregate accuracy. The
comparison among M1-M4 further shows that imbalance treatments are not
interchangeable. Random oversampling changes the training-sample composition, class
weighting changes the SVM loss function, and threshold tuning changes the probability
operating point after fitting. Here, class weighting yields the highest F1-score and a
relatively stable error balance, whereas threshold tuning prioritizes sensitivity much
more aggressively. This extends previous rainfall, weather, and hydrometeorological
machine-learning applications [2], [3], [4], [5], [6] by demonstrating that meaningful
improvement can arise from explicit treatment of class distribution even when the
predictor set and core algorithm are held constant.

The nearly unchanged AUC between M0 and M1 is also informative. Because AUC
evaluates ranking ability across thresholds, similar AUC values indicate that class
weighting does not fundamentally alter the discriminative information contained in the
retained predictors. Its main benefit appears in the classification operating point, where
the available information is converted into a better balance between rainfall detection
and non-rain classification. This explains why recall, F1-score, and balanced accuracy
improve even though AUC changes little. Several limitations remain. The study
intentionally retains a limited predictor set and does not test whether additional
atmospheric variables would provide further improvement. All experiments are
conducted for a single port environment, so transferability to other locations remains
untested. The deterioration of the threshold-tuned configurations from the 2022
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validation period to the 2023-2024 test period indicates temporal sensitivity in selected
probability thresholds, and the seasonal comparison shows that event frequency can
shift even when the broad annual pattern is preserved. Random oversampling also
duplicates minority samples and may increase overfitting risk, although this study
confines oversampling to fitting data and evaluates it on untouched validation and test
periods. Finally, the study evaluates statistical classification performance but does not
quantify the economic or operational costs of false alarms and missed rainfall events.
Future work should therefore consider additional atmospheric predictors, external
multi-site validation, season- and climate-aware threshold recalibration, and an explicit
cost-loss decision framework. Overall, class imbalance-aware optimization improves
daily rainfall-event detection for the present Tanjung Perak dataset within the existing
SVM-RBF framework. Under the predefined F1-first selection criterion, class weighting
is the preferred default configuration because it achieves the highest F1-score and MCC
while substantially improving recall and balanced accuracy without materially changing
overall accuracy. Threshold-tuned and random-oversampling configurations remain
useful high-sensitivity alternatives when the analytical priority is minimizing missed
rainfall events, but operational deployment requires explicit cost-loss assessment and
local recalibration.

4. CONCLUSION

For the present Tanjung Perak dataset, class imbalance-aware optimization
improves daily rainfall-event prediction without expanding the original predictor set.
Using Madura Strait SST anomalies, the Oceanic Nino Index, and cyclic seasonal
tfeatures, five SVM-RBF configurations were evaluated under a chronological
development and independent-testing framework. Under the predefined F1-first
ranking criterion, the class-weighted SVM-RBF model (M1) achieved the highest F1-
score (0.640) and MCC (0.482), with recall of 0.676, balanced accuracy of 0.748, and
accuracy of 0.778 on the 2023-2024 independent test period. Relative to the baseline,
recall increased by 0.146 and F1-score by 0.059 while overall accuracy remained nearly
unchanged. The results also show that imbalance treatments produce different operating
behaviors. Probability-threshold tuning greatly increases rainfall-event sensitivity but
generates substantially more false alarms, while random oversampling combined with
threshold tuning achieves high recall and the highest balanced accuracy but lower
precision and F1-score than M1. Bootstrap confidence intervals support improvements
in recall, F1-score, and balanced accuracy for M1 relative to the baseline, whereas the
accuracy confidence interval includes zero and the exact McNemar test shows no
difference in overall paired correctness. Consequently, M1 is preferred statistically
under the stated criterion rather than claimed to be operationally superior. These
findings are specific to the single-site Tanjung Perak dataset and should not be
generalized to other ports without external validation. Within this setting, performance
can be improved not only by adding predictors or replacing the classifier, but also by
adjusting the learning objective to account for unequal class frequencies. Future research
should evaluate additional atmospheric predictors, multi-location transferability,
season- and climate-aware recalibration of probability thresholds, and cost-sensitive
decision frameworks to strengthen operational applicability.
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   min  𝐰 , b , 𝛏  {  1 2 ∥ 𝐰  ∥ 2 + C   ∑  i = 1  n    𝜉  i }


    y  i  [   𝐰  T 𝜙  (   𝐱  i ) + b ] ≥ 1 −   𝜉  i ,       𝜉  i ≥ 0


  K  (   𝐱  i ,   𝐱  j ) = exp  ( − 𝛾 ∥   𝐱  i −   𝐱  j  ∥ 2 ) ,     𝛾 > 0


   min  𝐰 , b , 𝛏  {  1 2 ∥ 𝐰  ∥ 2 + C   ∑  i = 1  n    𝜔    y  i   𝜉  i }


  Precision =   T P  T P + F P


  Recall =   T P  T P + F N


  F 1 = 2  (   Precision × Recall  Precision + Recall )


  Balanced   Accuracy =  1 2  (   T P  T P + F N +   T N  T N + F P )

