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Abstract

The existing image recognition of grassland plants is mainly focused on the identification of leaves
or large area populations, and few of them are identified from the angle of single plant or small
community. In this paper, three identification methods for solving the problem are summarized,
and the process of preprocessing and network model based on the existing convolution neural
network methods are improved and adjusted to carry out the method of plant image recognition.
In this paper, the high spatial resolution grassland plant pictures are taken near the distance, and
the performance of the above three methods on the identified annotation sample data sets is
compared and analyzed. The experimental results show that the method of deep convolution
neural network based on pre-training model is superior to other methods in identifying the accu-
racy of the data set of the labeled sample.
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Figure 1. Flow chart of grassland vegetation image recognition method based on convo-
lution neural network
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Figure 2. A schematic diagram of the process of plant image preprocessing (a): initial input im-
age; (b): random framing effect; (c): cut the image according to the frame and adjust the size; (d):
image is randomly flipped
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Table 1. A modified convolutional neural network model based on Lenet-5 model
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Figure 3. Image recognition algorithm based on
fine tuning technology

3. &F fine tuning AR EGIRFIE X

Figure 4. An example of the original image data after mosaicking (a): true color synthetic original image;
(b): a’s partial magnification effect
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Table 2. Original data parameters of each multispectral image
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Figure 5. The construction method of database with labeled plant samples (a): tagging plant sample database
construction flow chart; (b): image acquisition and tagging software developed by laboratory
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Figure 6. Part of picture library with tagged plant samples. (a): the library of Stellera chamaejasme Linn; (b): the library of
Iris ensata Thunb; (c): the library of Anaphalis sinica Hance

E 6. ThRTEMHABERERIRTR. (2): REEE; (b): DEEE; (o: &F

DOI: 10.12677/airr.2018.73016 142 PNER ST IR YN


https://doi.org/10.12677/airr.2018.73016

Hrhar &%

C— optimize

L e F——+ 12x3
| "
shape0 ) softmax_linear | = optimizer
) 12 x 128
optimizer
12 x 128
optimizer

12 x 104 x 104 x 16
optimizer
12 — 12 x 104 x 104 % 16
optimizer
12 x 104 x 104 x 16
optimizer
12 x 208 x 208 x 16
optimizer
12 x 208 x 208 x 3

optimizer

Figure 7. The structure diagram of the convolutional neural network used
in this paper
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Figure 8. Training process visualization using the self-selection network model. (a): loss function descent curve;
(b): accuracy rise curve
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Figure 9. Loss function decline curve in training process of
convolution neural network based on fine-tuning technology
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Table 3. Seven classifier’s K fold cross validation score statistics table

F 3. EMORBN K HRXEIEFTGiITER

e Wt
LR 0.944444 (0.044598)
LDA 0.837037 (0.060178)
KNN 0.925926 (0.043823)
CART 0.837037 (0.060178)
RF 0.948148 (0.066667)
NB 0.844444 (0.093404)
SVM 0.818519 (0.048148)

Table 4. Global characteristic + random forest classification result evaluation table, number of decision trees = 5

4. ZRFHE + BEILARMOED KERTMER, RENKE =5

Precision Recall fl-score Support
Langdu 1.00 0.20 0.33 10
Malin 0.59 1.00 0.74 10
Xiangqing 0.82 0.90 0.86 10
Avg/total 0.80 0.70 0.64 30

Table 5. PCA + SVM method classification result evaluation table, extracting principal component vector number N = 30

52 5.PCA + SVM AN HERITNMFTIRNER S EEH N =30

Precision Recall fl-score Support
Langdu 0.78 0.78 0.78 9
Malin 1.00 0.80 0.89 10
Xiangqing 0.77 091 0.83 11
Avg/total 0.85 0.83 0.84 30
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Table 6. Use of self-selected network classification results evaluation table

= 6. £ BIENE S LLERITMR

Precision Recall fl-score Support
Langdu 0.59 1.00 0.74 10
Malin 0.43 0.30 0.35 10
Xiangqing 1.00 0.60 0.75 10
Avg/total 0.67 0.60 0.75 30

Table 7. Classification result evaluation table based on fine tuning technology
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Precision Recall fl-score Support
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Avg/total 1.00 1.00 1.00 30

2) EFEHIMZE IR RO, BOA IE R A SRS . 8T CNN H LIS AN IS N 5 2] 32 B 2% F
2,

AR BEHTH RCNN,  fast-RCNN $0AR, AR - F1 45 10 84

e HE

ExR ARBIE RS GRS 41571369); FHE R RITH (95 2016-NK-138); FHLZ 015 R 55 A8

IR 55 2R (BHE) (U5 : 025185305000/143),
SE 3k

(1]

(2]
(3]
(4]

(3]

(9]

[10]

(1]

[12]

Wang, L., Abbott, R.J., Zheng, W., ef al. (2009) History and Evolution of Alpine Plants Endemic to the Qinghai-Tibetan
Plateau: Aconitum gymnandrum (Ranunculaceae). Molecular Ecology, 18, 709.
https://doi.org/10.1111/§.1365-294X.2008.04055.x

ZRUTME, R FF. BT GIS BIRIMFERA F R0 7T [)]. FolkREE, 2009, 26(12): 24-29.
SRaTL. WG 5 R B AR LA PN ET]. FOlkEE, 2008, 25(5): 98-103.

hiE, Eﬁ«’&ﬁl WREEER, S5, TRl oS S R REVE RS A0 SR ZAEPEDE JE00]. PE bR 4, 2003, 23(11):
1963-1968.

IR, k. BRI EAEREGER T AR ERT FT)]. A7, 2008, 27(3): 49-51.

RER. HIEFTREYRE R RSN ARI]. EY 5285 TIER, 2006, 28(4): 327-336.

Meyer, G.E. (1998) Machine Vision Detection Parameters for Plant Species Identification. Precision Agriculture and
Biological Quality, 3543.

Weiss, U. and Biber, P. (2011) Plant Detection and Mapping for Agricultural Robots Using a 3D LIDAR Sensor. Ro-
botics & Autonomous Systems, 59, 265-273. https://doi.org/10.1016/j.robot.2011.02.011

Zhao, Z.L., Dorje, G. and Wang, Z.T. (2010) Identification of Medicinal Plants Used as Tibetan Traditional Medicine
Jie-Ji. Journal of Ethnopharmacology, 132, 122. https://doi.org/10.1016/j.jep.2010.07.051

Reyes, A.K., Caicedo, J.C. and Camargo, J.E. (2015) Fine-Tuning Deep Convolutional Networks for Plant Recogni-
tion. Working Notes of Conference and Labs of the Evaluation Forum (CLEF), 1-9.

Krizhevsky, A., Sutskever, 1. and Hinton, G.E. (2012) ImageNet Classification with Deep Convolutional Neural Net-
works. Advances in Neural Information Processing Systems, 1097-1105.

Lawrence, S., Giles, C.L., Tsoi, A.C., et al. (1997) Face Recognition: A Convolutional Neural-Network Approach.

DOI: 10.12677/airr.2018.73016 145 PNER ST IR YN


https://doi.org/10.12677/airr.2018.73016
https://doi.org/10.1111/j.1365-294X.2008.04055.x
https://doi.org/10.1016/j.robot.2011.02.011
https://doi.org/10.1016/j.jep.2010.07.051

e %

[13]
[14]

[15]
[16]

[17]

(18]

[19]

(20]

IEEE Transactions on Neural Networks, 8, 98-113. https://doi.org/10.1109/72.554195

Blo. HeT-HRAME W25 (2@ AR R 78 5 R [D]: [l L2208 3] RI%E: KEM TR, 2014.

BN, MR 3k, XIe 3R, BT AR 42 0 2% 10 78 ot BRLARORE Al 20 28 0] WL ZRBHE R 22224 (B /B IR), 2014,
33(6): 91-96.

FRFENE, FETREETIh A M 1) AT 88 BUR R BRI [D]: [ 2 A8 5], B #iR%, 2017.

Lopatin, J., Fassnacht, F.E., Kattenborn, T., et al. (2017) Mapping Plant Species in Mixed Grassland Communities
Using Close Range Imaging Spectroscopy. Remote Sensing of Environment, 201, 12-23.

Shang, K., Zhang, X., Sun, Y.L., Zhang, L.F., Wang, S.D. and Zhuang, Z. (2015) Sophisticated Vegetation Classifica-
tion Based on Feature Band Set Using Hyperspectral Image. Spectroscopy and Spectral Analysis, 35, 1669-1676.

Meyer, H., Lehnert, L.W., Wang, Y., et al. (2017) From Local Spectral Measurements to Maps of Vegetation Cover
and Biomass on the Qinghai-Tibet-Plateau: Do We Need Hyperspectral Information? International Journal of Applied
Earth Observation & Geoinformation, 55, 21-31. https://doi.org/10.1016/j.jag.2016.10.001

Lecun, Y., Bottou, L., Bengio, Y., et al. (1998) Gradient-Based Learning Applied to Document Recognition. Proceed-
ings of the IEEE, 86, 2278-2324. https://doi.org/10.1109/5.726791

Szegedy, C., loffe, S., Vanhoucke, V., et al. (2016) Inception-v4, Inception-ResNet and the Impact of Residual Con-
nections on Learning. arXiv:1602.07261v2 [cs.CV].

Hans X

KPR B P RR T s

1. FTH%nM T http:/kns.cnki.net/kns/brief/result.aspx?dbPrefix=WWJD
THIFIRHEESE: [ISSN], HAWITI ISSN: 2326-3415, RIA[ A
2. FTFFEIME T http://cnki.net/
Ao« EBRSCERA R HEN, A SCERRRE, BIRE

hmiE S http:/www.hanspub.org/Submission.aspx

HATIMEFE: airr@hanspub.org

DOI: 10.12677/airr.2018.73016 146 NTHE

ASHIRE YNk

D)-
>


https://doi.org/10.12677/airr.2018.73016
https://doi.org/10.1109/72.554195
https://doi.org/10.1016/j.jag.2016.10.001
https://doi.org/10.1109/5.726791
http://kns.cnki.net/kns/brief/result.aspx?dbPrefix=WWJD
http://cnki.net/
http://www.hanspub.org/Submission.aspx
mailto:airr@hanspub.org

	Grassland Plant Identification Method Based on Convolutional Neural Network
	Abstract
	Keywords
	一种基于卷积神经网络的草地植物识别方法
	摘  要
	关键词
	1. 引言
	2. 基于深度卷积神经网络的草地植物识别方法
	2.1. 图像预处理增强
	2.2. 基于自选网络的识别方法
	2.3. 基于fine tuning技术的识别方法

	3. 青海地区草地植物图片识别方法实验
	3.1. 图片采集和样本库构建
	3.1.1. 图片采集
	3.1.2. 植物标注样本数据库构建

	3.2. 基于全局特征的图像识别实验
	3.3. 基于PCA和SVM的图像识别实验
	3.4. 基于卷积神经网络图像识别实验

	4. 结论与展望
	基金项目
	参考文献

