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Drone Image Classification based on Convolutional Neural Networks
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Abstract Recently deep learning techniques such as convolutional neural networks (CNN) have been introduced to
classify high-resolution remote sensing data. In this paper, we investigated the possibility of applying CNN to crop
classification of farmland images captured by drones. The farming area was divided into seven classes: rice field,
sweet potato, red pepper, corn, sesame leaf, fruit tree, and vinyl greenhouse. We performed image pre-processing
and normalization to apply CNN, and the accuracy of image classification was more than 98%. With the output of
this study, it is expected that the transition from the existing image classification methods to the deep learning
based image classification methods will be facilitated in a fast manner, and the possibility of success can be
confirmed.
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Table 1. Summary of Data Collection Information
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Fig. 2. Pre—processing Steps of Image Data
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Fig. 3. Checker Board for Camera Calibration
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Fig. 4. Before and After Camera Image Distortion
Calibration
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Fig. 5. Image Size Normalization
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Table 2. Organization of Data Set

T Train Validation Test

corn 191,712 60,544 60,544
fruit_tree 198,998 62,203 62,203
pepper 198,532 65,120 65,120
perilla_leaf 190,144 60,428 60,428
rice_paddy 192,789 65,446 65,446
sweet_potato 193,612 60,519 60,519
vinyl_greenhouse 199,516 62,366 62,366
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convzd_1_input: InputLayer |

convzd_1: Conv2D

activation_1: Activation

convzd_2: Conv2D

activation_2: Activation

}

max_poolng2d_1: MaxPooling2D |

activation_3: Activation

activation_4: Activation
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Fig. 6. Flowchart of CNN Model
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Table 3. Summary of CNN Model Information

Layer (Type) Output Shape Parameter
Convolution2D (2, 198, 198) 320
Activation (32, 198, 198) 0
Convolution2D (32, 196, 196) 9248
Activation (32, 196, 196) 0
MaxPooling2D (32, 98, 98) 0
Dropout (32, 98, 98) 0
Flatten (307328) 0
Dense (128) 39338112
Activation (128) 0
Dropout (128) 0
Dense (7) 903
Activation (7) 0
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Fig. 7. Accuracy and Loss Changes during Training
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Receiver Operating Characteristic
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Fig. 8. Receiver—Operarting Characteristic Curve
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