%A L7 2021,47(4):174 - 179 Plant Protection

ET Android FIZREZF I BISPRNZEY]
HRERAI RS

ANFEs, M, wm o R, gnE,. BREE. B OFL, ik 7

(L. A ERAL R B R DETE T . R U A ) [ R e %, JEst 1001935
2. WHTH TRAE BB B 3100185 3. ARMPARMFRAO A S5 BRI I Bl . Jbat 100125)

HE AREBABZIRANRAMAERSTARRZ—., BWE A EABGHYHELT L BRERAEATGE
et RGATRR, AR T o TR P, 4F3t Bk 92, A L/ Android ZR¥ETF L T — A L BHE
PR IPRNAZHY RPN R R . MBS E P 3 APP. SRS B AL TIRE S T I R AAZAA 7 A AR 40 %,
BEFTEE FHE P b APP Ay B, L2 2SR 4 5 A5 A A B ShiR 5 B ey iR 5 & R fe
Brib iz e 1~2s REARERA P &P 3%, B TALARFRLERER, AL 35 £ 135 FAAZAL 69T 37 5] &
53] 85.3%, # T Android #95MRAAZAM 4L IRA) AL SR T F B AANZASE EEH . B SR ANEHD R
LENARTIEREZRER ST, AFINAEARRBET —AMEIEEH IS RNZHYS B FHRHFRE T L,
KEIE  SPRANAFMY; RS BHKsh APP; ERFE; RARI

RESES: S431.9 XEKARIRAS: A DOI:  10.16688/j. zwbh. 2020267

The intelligent identification system of alien invasive plants
based on Android and deep learning
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Abstract China has become one of the countries facing the most severe biological invasion in the world.
Currently, the identification of alien invasive plants mainly relies on the experiences of surveyors and experts in
China. This manual identification method is time-consuming, labor-intensive and subjective. An intelligent
identification system of alien invasive plants based on Android mobile was developed. This system was composed
of a mobile application program (APP), a cloud server and an identification model of alien invasive plants based
on deep learning. The surveyor can use the mobile APP to take pictures for plants and send the pictures to the
server. The model loaded on the server can automatically identify the plant images. The identification results and
the plant control information can feed back to the mobile clients in 1—2 seconds. If the results are unsatisfied, the
user can ask experts to remotely identify the plants. This system can identify 35 families 135 species of alien
invasive plants and the average precision was 85.3%. This system provides the query and automatic identification
of alien invasive plants, the geographic information of plants and remote expert identification. The system is a
tool for surveyors to easily and accurately identify alien invasive plants.
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Fig. 1 Technology roadmap of the intelligent identification system of alien invasive plants based on mobile terminal
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Fig.2 Data augmentation methods of alien invasive plants
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