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ABSTRACT

Smart agriculture leverages information and communication technology in farming to enable automation,
providing a sustainable solution to challenges such as climate change and an aging population. Recently, there
has been active research on agricultural automation by integrating autonomous driving technology into key
agricultural equipment, such as tractors and rice planters. This paper proposes a deep learning architecture to
distinguish cultivable land. Using images of farmland captured by drones, we construct a dataset and aim to
classify areas such as fields, edges, and roads with a lightweight deep learning model. This paper proposes a
deep learning model that refines image regions using a DG-block (Dilated Group Convolution-block) and pixel
shuffle. The proposed system demonstrates performance with an mIOU of 78.4%, an accuracy of 77.7%, and

an inference time of 50ms.
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Table 1. Segmentation model inference time and fps
Model Time(ms) FPS
U-Net 82 13
PSPNet 101 10
PSP-mobileNet 62 16
PIDNet 42 24
DG-Net (Ours) 50 20
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Table 2. Segmentation model inference time and fps

Model Accuracy (%) mIOU (%)
U-Net 75.3 74.8
PSPNet 76.5 78.2
PSP-mobileNet 75.1 77.8
PIDNet_s 59 51.5
DG-Net(Ours) 77.7 78.4
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Table 4. Agricultural land segmentation model performance
comparison table by class

Model flf/[cl;l; #Params (;i[z];
U-Net 242 3.2M 38
PSPNet 416 4.9M 101
PSP-mobileNet 230 2.6M 54
PIDNET_s 110 0.7M 110
DG-Net(Ours) 160 1.17M 36
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Table 5. Memory amount and parameters according tc
the number of group convolutions of DG-blocks

Group number ((:13;:;)6 #Params (iilzlg)
1 232 2.08M 61
2 208 1.37M 53
4 196 1.26M 47
8 178 1.20M 42
16 160 1.17M 36
32 160 1.16M 33
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Table 3. Agricultural land segmentation model performance comparison table by ¢

Paddy Paddy il et | Baikly wil Road Road TOU Background | Background
Model Accuracy 10U Accuracy(%) 10U(%) | Accuracy(%) %) Accuracy 10U
%) %) e ’ e ’ %) %)

U-Net 89.5 85.4 79 62 44 72 89 80
PSPNet 90.3 86.6 80 66.8 475 76.1 88.3 834
PSP-mobile 90 88.1 77 64.1 455 77 88 82
Net
PIDNET_s 63 61 47 40 36 57 90 48
DG-Net 93.8 88.6 80.1 65.7 48.2 79.6 91.7 771
(Ours)
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