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Performance Comparison of CNN-Based Image Classification Models
for Drone Identification System
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Abstract Recent developments in the use of drones on battlefields, extending beyond reconnaissance to firepower
support, have greatly increased the importance of technologies for early automatic drone identification. In this
study, to identify an effective image classification model that can distinguish drones from other aerial targets of
similar size and appearance, such as birds and balloons, we utilized a dataset of 3,600 images collected from
the internet. We adopted a transfer learning approach that combines the feature extraction capabilities of three
pre-trained convolutional neural network models (VGG16, ResNet50, InceptionV3) with an additional classifier.
Specifically, we conducted a comparative analysis of the performance of these three pre-trained models to
determine the most effective one. The results showed that the InceptionV3 model achieved the highest accuracy
at 99.66%. This research represents a new endeavor in utilizing existing convolutional neural network models
and transfer learning for drone identification, which is expected to make a significant contribution to the
advancement of drone identification technologies.
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Used Model
its own model

VGGI19, ResNetd0, DensNetl21,
InceptionV3, MobileNetV2
InceptionV3
VGGI6, ResNet50, InceptionV3,
VGGI16, VGGI9, DenseNet169,
InceptionV3, MobileNetV2, Xception,

Identified
weapon system
Artillery
Weapons

Submarine

Tanks and

armored vehicles
Coast guard ship

- 640 -

Studies
A study on transfer learning—based ensemble model for
classification maneuver weapon system[4]
A study on expert system for nationality classification of
coast guard ship[5]

A study on the improvement of submarine detection based on
mast images using an ensemble mdoel of convolutional neural
networks[6]

A comparative study on the performance of CNN models for
classification of artillery weapon systems[7]

Table 1. Studies on weapon system identification using a image classification models based on CNN
3
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Figure 1. An architecture of CNN
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Table 2. The structure of the additional classifier

Layer type Input data form Type
Input [(none, 7, 7, 2048)] -
Flatten [(none, 2048)] Global Average Pooling
Dropout [(none, 2048)] 05
dense [(none, 512)] Relu
dense [(none, 256)] Relu
dense [(none, 128)] -
dense [(none, 3)] Softmax
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Figure 2. Examples of collected dataset
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Table 3. Summary of dataset

Class Training Test Total
Drone 960 240 1200
Balloon 960 240 1200
Bird 960 240 1200
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Table 4. Environment of experiment

Environment Details
CPU Intel Pentium(R) CPU 4415U@ 2.3GHz
RAM 4GB
SSD 102GB
0S Windows 10 Home
Dfe:inlj:;:;g Keras 2.80
Language Python 3.75
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Table 5. Hyper parameters applied to transfer learning

models
Type Input value
Input image size 224%224
Batch size 32
Optimizer Adam
Cost function Categorical crossentropy
Epoch 100
Learning rate 05
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