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Abstract: This paper pro
MobileNet V2. The activagi

improve the model structure of the lightweight convolutional neural network
ion ReLU in the deep separable convolution is replaced with Leaky ReLU, thereby
avoiding the problem of eath. A Dropout layer is added across connections in inverted residual convolution to
increase the generalization of the model. The experimental results show that the overall accuracy rate of the prediction results
reaches 91.41%, the highest accuracy rate is 95.12%, and the highest recall rate is 97.39%, achieving good prediction results.
It shows that it is practical to use the MobileNet V2 convolutional neural network for plant leaf image recognition, and it
provides an implementation method and technical support for mobile terminal realization of plant leaf image recognition.
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Fig.1 Sample plant leaf image dataset
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Fig.2 Operation flow of convolutional neural network
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A PER KD 318 YIERE  BEHEKE MEER Pk

204*x3 B — 32 1 2
112°x 32 FIEREEH 1 16 1 1
112°x16  fIEERESR 6 24 2 2
567 x 24 R S =S e 6 32 3 2
282 x 32 B B ZEETR 6 64 4 2
14° % 64 B AR ZEE TR 6 96 3 1
14*x 96 BlER2ZEER 6 160 3 2
7% 160 B BB 6 320 1 1
7% 320 B — 1,280 1 1
7> % 1280 Pk — - 1 -
1x1x1280 HBR — k _ —
E: 7 ATHRAMARAE, K AEFEEHM

3.3 BiHEIMobileNet V225 FR1H4Z M 2%
MobileNet V2{# I B3 K 4k £ 582 ReL U (Rectified

Linear Unit)e&%, HECH: F(x)=max(0,x), B2 MK
LR W BOE R, a0 b, R IR RS
BREEVH R, IWTREZER, RAFEEHTIREEE, RE—4
AR T DA B 1, (B AEx<ORF, BEEEHO, XAMIZIT
R JE WA 28 TeRB B K R0, A EEHEIEE A By, &
HARNY BEOKE A SR, EIMZITISE, Leaky ReLUK
BEReLU BRIl b, MUx<OmFFI A—DEH /N v (H1E
HEREE, RRUSEEGR A TTIRGE, [WIBTRNE TR, BIE R E
BRI B R, WO TR S AR R, I A
WA S KAETIA, ISR IMDropout/2, FELE
FEFB o ANKE, MR LA R AR, [ B AR Ak
PRI,

4 )| ZR#EEY(Training model)

4.1 SERNINEERE

LI BAE R G '@0, B A SR

4 B Anaconda, 1 fﬂg%ﬂﬁTensorFlow Gpu 1.8

WA, WEEES js@n 3.6/UA, MIA SRS ASpyder,

H-F#(GPU)NVIDI® GeForce GTX 1050, BAEK/NA

4GB, b3s24CPU)Intel Pentium G4600 3.6 GHz,
Ty 8 GB,

AR RARIE R TR, ERRIIGITGH, HHk

Qﬁiﬁ‘ﬁll%% HE R BT A A B B R, AR
S ETEH NS B R e W HE BRI

4.3 i)l|Z%MobileNet V2{&EHI

IR SRR RE AR B 15 ) Z5MobileNet  V2RRL, 7|
ZHMHERZEE, NMEA PR, 525140
FEABHCNT, 831, BRIIGRA SR %, 238 R
RERYBRI, — DRI 2R F A 444 (Batch  Size) NE K
K, k4, HILERERKE(Epoch) % T457, #IhH%>]
F(Learning Rate)i&40.01, R ZhEY >R, e
I 2 fy 75 (Capacity) I 41100, [ 63 7R #ERf %2 (Accuracy ) Fl
PR (Loss) BRI AE 1L, AT ULBH & 58 BB B2 040 TR,
VIR KRBT, MR T, RUBEAIZGI,

. r 1.0
!
2.01 '|.
"n r0.8 =
@15 | g
% - gk | [os S
R L [ R poo PRI R S
1o W AR =
¥ o WA || 04 5
= T
0.5 r0.2 Z@
0.0 r 0.0
0 10 20 30 40 50 60
%X (Epochs)

B6 femh &3 X A SE K 0 H AL

Fig.6 Accuracy and loss value change with epochs
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Fig.7 Prediction results
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