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Abstract: | Objective ] Plant leaf segmentation aims to segment leaf regions from backgrounds for
removing background object interferes, which is important for plant disease recognition and species
identification. [ Method ] In this paper, a fully convolutional neural network ( FCNN) was designed for
plant leaf image segmentation. First, a log-logic function as objective function replaces the complex
Softmax function, which transforms the segmentation task into a binary classification problem suitable for
plant leaf segmentation. Second, the batch normalization ( BN) technology was introduced into the
FCNN, which improved the convergence of the whole FCNN. Finally, due to the lack of evaluation index
in the research of plant leal segmentation, receiver operating characteristic ( ROC) curve, as a new

evaluation protocol, was designed. It reflected the changes between recall rate and false alarm rate of
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plant leaf segmentation under different threshold settings. [ Result] The method reduced the complexity of

parameters and improved the convergence performance of FCNN. Experimental results showed that this

method was more complete to segment the leaf image than the color-based method in Leafsnap. The

proposed ROC curve adequately evaluated the performance of plant leaf segmentation. [ Conclusion ]

Compared with traditional plant leaf segmentation methods, the proposed method based on deep learning

realizes input image by end to end processing, and does not require pre-processing like image conversion,

noise filter and morphological operations, etc. Therefore, this method can be used for leaf segmentation.

Key words: deep learning; fully convolutional neural network (FCNN) ; plant leaf segmentation
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Fig. 1  Plant leaf images before and after segmentation
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Fig.2 Framework of plant leaf image segmentation method based on fully convolutional neural network
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Tab.1 Parameter configuration of the proposed fully convolutional neural network
CBM %7 P22 WORHEC MR (hxwxexg) B (e
CBM learning block Name Activiate function  Filter (h xw Xc X g) Step  Pooling operation
#FZ 1 Convolutional layer 1 (conv 1) 3 x3x3 x64 1
FEEL 1 Block 1 ttV3—1L)Z 1 Batch normalization layer 1 ReLU 1
e RHAE)Z 1 Max. pooling layer 1 2 3 %3
#A)Z 2 Convolutional layer 2 (conv 2) 3 x3 x64 x128 1
e 2 Block 2 ttV3—1L)Z 2 Batch normalization layer 2 ReLU 1
e RKhfb)Z 2 Max. pooling layer 2 2 3 %3

&2 3 Convolutional layer 3 (conv 3)
it 3 Block 3 U5 —14k)Z 3 Batch normalization layer 3

e RMAb)Z 3 Max. pooling layer 3

3 x3 x128 x256 1
ReLU 1

2 3 x3

HFUZ 4 Convolutional layer 4 (conv 4)
L 4 Block 4 #LIH—1LZ 4 Batch normalization layer 4

e RAb)Z 4 Max. pooling layer 4

3 x3 x256 x512 1
RelLU 1

2 3x3

HFUZ 5 Convolutional layer 5 (conv 5)

3 x3 x512 x512 1

i S Block 5 #LUH—4L)Z 5 Batch normalization layer 5 ReLU 1
B KMALZ 5 Max. pooling layer 5 2 3 %3
£ FUZ 6 Convolutional layer 6 (conv 6) 1 x1x512x1024

Hihow.c.g MNFEREE L GEE MK KN, Notes:h,w,c,g indicate height, width, channel and group size, respectively.
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LR F SCHR[3 ] This image is derived from reference [3].
B3 2K H Leafsnap ¥R TH 184 Fiand i (1) 4 i 2]
Fig.3 Thumbnail of all 184 tree species from the Leafsnap database
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Fig.4 Comparison between plant leaf segmentation method based on fully convolutional neural network and

that based on the color segmentation method
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