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[Abstract]

The purpose of this study is to develop a lightweight machine learning model that can quickly and
accurately classify underwater objects such as rocks and mines in a maritime military environment using
SONAR data. To achieve this, we traind five machine learning models including KNN, SVM, Logistic
Regression, LightGBM, and MLP, and analyzed and compared their classification performances. In order
to improve the classification performance of the models, preprocessing techniques such as PCA and
LDA were applied. Hyperparameters were also fine-tuned for each training model to derive optimized
values. As a result of the experiment, the SVM model, which was trained by reducing the feature
dimensions to 29 through PCA, achieved the highest accuracy of 96.15%, and all performances were
superior to those of existing machine learning-based models. In particular, the proposed approach does
not cause any misclassification of underwater mines at all, so it is expected to be useful for detecting

submarines and underwater drones in a marine military environment in the future.
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I. Introduction
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III. The Proposed Scheme

1. Experiment Preparation
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1.2 Model Comparison Methodology
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2. Experiment

2.1 Hyperparameter tuning

Logistic Regression, LightGBM @ MLP 2&9] X%
k&3 EPOCHE 7H2F “0.01°2F “1000°' .2 AAsh &
P8 AU SN 0NES e 2usiec

KNN 2o oisiale Kzke] Hels 138 '3171x]

L& gAste AR Kts Aes RSkt ®st
SVM 228 scikit-learn?] GridSearchCVES ARE-5H
QA 312 %(C)=[0.1, 1, 10], RBF 7129] AA 7379
Z&(gamma)2 [0.01, 0.1, 1, 10] =go] tjal} 573 WA}
AR Adksty, AL 71502 JHAF 22 L9 Ho|
25 At 7 2990 | x sfojmujetulE gh
Table. 104 ¥ ve} 7t

Table 1. Initial hyper-parameter setting
Model Hyper-parameters
Logistic Regression | LR= 0.01, EPOCH= 1000
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RBF Kernel, C= 1,
SVM gamma= 0.01
colsample_bytree= 0.8,
LR= 0.01, max_depth= -1,
LightGBM min_child_samples= 50,
n_estimators= 100,
num_leaves= 31, subsample= 0.8
LR= 0.01,
EPOCH= 1000,
MLP Hidden Layers= 2,
Number of Node = 100, 50

2.2 Model finalize
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Table 2. Hyper-parameter setting after model finalize

Model Hyper parameters
Support Number of Features after PCA= 29,
Vector RBF Kernel,

Machine C= 10,

(+ PCA) gamma= 0.01
Number of Features after LDA= 1,
colsample_bytree= 0.8,

LightGBM LR= 0.01, max_depth= -1,

(+ LDA) min_child_samples= 50,
n_estimators= 100,
num_leaves= 31, subsample= 0.8
LR= 0.001,

Multi Layer EPOCH= 1000,

Perceptron Hidden Layers= 2,
Number of Nodes = 64, 32

IV. Experimental Results and Analysis
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Table 3. Experimental Model Comparison

Model Index Result Deviation
Training time(s) 1.0061
Inference time(s) 0.0015
Logistic Accuracy 82.69
. — Base
Regression Precision 88.89
Recall 80.00
F1 score 84.21
Training time(s) 0.0014 (-) 1.0047
Inference time(s) 0.0015 0.0
KNN Accu.ra.cy 94.23 (+) 11.54
Precision 94.26 (+) 5.37
Recall 94.23 (+) 14.23
F1 score 94.21 (+) 10.0
Training time(s) 2.3521 (+) 1.346
Inference time(s) 0.0038 (+) 0.0023
SVM with Accuracy 96.15 (+) 13.46
PCA Precision 96.47 (+) 7.58
Recall 96.15 (+) 16.15
F1 score 96.17 (+) 11.96
Training time(s) 0.1082 (-) 0.8979
Inference time(s) 0.0074 (+) 0.0059
LightGBM Accuracy 90.38 (+) 7.69
with LDA Precision 92.59 (+) 3.7
Recall 89.29 (+) 9.29
F1 score 90.91 (+) 6.7
Training time(s) 1.9299 (+) 0.9238
Inference time(s) 0.0005 (-) 0.001
Accuracy 92.31 +) 9.62
MLP Precision 96.43 (+) 7.51
Recall 90.00 (+) 10.0
F1 score 93.10 +) 8.89
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Table 4. Comparison with previous studies

Approach Accuracy | Precision | Recall |F1 score
(91 RE with | g347 | 830 | 830 | 830
Gini Index
[10] LSTM with
PCA. t-SNE 99.0 99.0 99.0 99.0
[11] SVM with
PCA (C=1.7, RBF) 92.85 96.15 92.59 9433
[12] SVM
(C=17. RBF) 94.23 94.0 94.0 94.0
[14] RDNN 90.47 - - 875
[15] MLP with _ _ _
Dropout & L2 88.45
[16] SVM _ _
with BAT 75.0 12.5
[17] MCNN 87.5 - - -
[18] RF with _ _ _
CV & Bagging 86.6
Our Approach
SUM with PCA 96.15 96.47 96.15 96.17
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V. Conclusions
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