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Abstract The topographical features of the Korean Peninsula mean that indirect fire is as important as
direct fire. In order to win while minimizing casualties, enemy artillery must be located in advance using
surveillance systems. Furthermore, if artillery weapon systems, such as multiple rocket launchers and
towed and self-propelled artillery systems, in the battlefield are classified and identified, numbers of
troops operating these weapon systems can be determined. In addition, knowledge of the types of enemy
weapon systems would enable our troops to adopt more advantageous tactics. To this end, a system that
can automatically identify weapon systems is required that does not depend on visualization. In this
study, around 900 images of multiple rocket launchers and towed and self-propelled artillery systems
were collected from publicly available images on the Internet and augmented by a factor of 100 using
image augmentation techniques to compensate for lack of data. We then compared identification
performances using transfer learning by combining feature extractors of six CNN models, namely,
Google-based pre-trained Xception, InceptionV3, MobileNetV2, DenseNet169, VGG16, and VGG19, and
additional classifiers. The accuracy of the test dataset ranged from 88.71% to 97.31%, and the Xception
model performed best. This study represents a first attempt to classify artillery weapon systems using
pre-trained CNN models and transfer learning, and its results are expected to aid future research on the
classification and identification of artillery weapon systems.
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Table 1. The structure of the additional classifier on

this study

Index Layer type Input data form Type

1 Input Layer [[1, 7, 7, 1280 ]

2 Flatten Layer [[], 62720 ] Flatten

3 Dropout Layer [ 1], 627201 0.25

4 Dense Layer [[1,512] Relu

5 Dense Layer [[1.251] Relu

6 Dense Layer [[1,0641 -

7 Dense Layer [11,3] Softmax
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Fig. 3. Original data of artillery weapons
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Fig. 4. Public image data of North Korea's artillery weapons
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Fig. 5. Augmented data of atillery weapons

Table 2. Summary of dataset

Class Training Test Total
Towed-artillery 246 62 308
Self-propelled artillery 246 62 308
Multiple Rocket 246 62 308
Launcher
Total 738 186 924
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Table 3. Hyper-parameters

Type Input value
Input Image size 224x224
Batch size 6
Optimizer Adam

Cost function Categorical_crossentropy

Steps_per_epoch 123

Epoch 500

Validation steps 31
Learning rate 0.0002
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Fig. 6. Accuracy and Loss graphs of CNN models
using transfer learning

Table 4. The result of CNN models using transfer

learning
Criteria Train Acc | Test Acc | Train loss | Test loss
Xception 97.56% 97.31% 0.0638 0.0883
InceptionV3 96.21% 95.70% 0.1050 0.1304
MobileNetV2 | 98.24% 93.55% 0.0512 0.1997
DenseNet169 | 98.51% 96.24% 0.0532 0.2932
VGG16 96.07% 93.55% 0.1082 0.1703
VGG19 94.72% 88.71% 0.1473 0.2840
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