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Plant recognition method based on deep residual network and attention mechanism
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(School of Computer, Jiangsu University of Science and Technology, Zhenjiang 212003, Jiangsu, Chian)

Abstract ; This article presents a plant recognition model, utilizing attention mechanism and the BN—Activation—Conv structure, to
address the difficulties of intricate feature extraction steps, prolonged time consumption, and low precision in traditional plant
recognition procedures. This paper introduces the SE-Net module to the residual network, thereby enhancing the precision of model
recognition. The Conv —BN - Activation structure, which is typically employed in the classic Convolutional neural network, is
supplanted by the BN—Activation—Conv structure. Consequently, model convergence is accelerated. The transfer learning training

method is employed in this paper to expedite the training process. The experiment reveals that the model is well in terms of

recognition accuracy and speed.

Key words: plant image recognition; residual network; feature extraction; attention mechanism; transfer learning

0 51

HEAE Y R R IR RS BR TR LA R A
Y5 W T PELRAE AL, B AR A AR R A AR A S
B BGRr , R TR B SR IR R B 4 T Rk
RIRAGRE ELEEMERY ) Tk, B TEA
A AH W) SRR 0 2 REAL RIS AR L T AN R O
Z2AE M) B SR TR I 1 1 40 55 b, PRI T A 7 SR BBUA 2 1
TP, A T EE R RS R RBOR , T A
LY PRI T A 3 EARHT N T R R AR A
R B 25 S )

TRIE 2% > Fi R 2 W 9t 0 2145 A Sk,
1993 4, Guyer %5243 P HREUT 17 Rt B IR 4R
fiE, %5 40 MY UEAT A3 4L, OIS T AR, &

EERIN:

SR W RS TEASEEY E
I R R N 48 X Z2 ok P B UAR A T 1R, B T
AR RR . H AT, 56 T35 R 2 28 A
G RITETER SRR BT A A R, X —
ROLTT SR TARY) I S A TG S 4 45
IR ET 8, R 1 38 B AR AR 20 S 0 v 14 AL
FOMFRN G IEFE 221045 & 2 Fh Sk i) G A B
ARFBLAR S S DL — D4 TR ) R o0 25 1
PERE XSOt 2 R B A AR ) O AP B AL T 47 52
FRRUARE

FET I, AR SCHE ) — el SE—Net i1 BN -
Activation—Conv 514 #H il & 0 A PR B A
Se, TEFR 2 45 5] A SE —Net B R Jin 5 A 250
TERASCER | R A B Th e s 32 1Ok i e 4

FIBESE(1986—) 55  B-EWFFE AL, F2EBF 7 1] A HREHLILE B . Bmail:674633393@ qq. com; 3K W3 (1978—) 55 H#R,

FEBFTT ) AT R SN WLg 2 > SR EE % T i A ZOR R0 B8 14/ R R A, N T2 e R FG I Y v 2 ke 44 2 U

s BEA . 2023-09-05

P EFRE LN ¢+ 44 it 5 5 A




152 oo ®m M5 M OH

14 %

BT 2L 2% H Y Conv—BN—Activation 54 254
BN-Activation—Conv Z5#4 | I RAR RIS SGH FE

1 EAl 0 &R

& 5t 4 B M 4 W 4% ( Convolutional Neural
Networks , CNN ) £ 1 Iffi % 28 455 754 J2 B50CAS W 184 i 1) 155
DR, P48 () 1 R R SN o sz B A 17 200, B oA
2R 5R 2 20 T LAAR AT i i PR — ]

B 25 W 2 i G 36 BRI 4 A1 EL 2544 v s in 85 )2
A AR A5 5% 22 WS a3 T 0, PR BE 1 1H A5
5o X R 7 AR 23 B 28 IR T AR
RERI B8 22, BR2E MBI IE 2R 228
PEBR ZEREIL PN e A5 Il S R 7k 2 WS P T 4 2 1)
2R GEH)  Hrh ke 2 W SRR X A AT AL Y
TRV A B O AN i ] R L3
WG, 5% 25 BT O I, WS PERE R AR #E T ok
TN SRARSEIE IR 28 2B, ) 46 P e QA DR 3 7 de
KV B 1IN TERZEPUN SR . AW ER AR R
H(x) =x, 5REZMSEFRG MG H(x) Flx 092216, H
F(x) 2%, B

F(x)=H(x) -« (1)

M F(x)=H(x) —x TCRELET 0 B, 2%k 5]
IR AR S INTR 28 TR, W 28— T AL T
fEPERE . YR 2B A «, B, ATA5 31555 i
b

X =flx, + F(x,,W,)) (2)

Hrpr, F(-) RoRFRZE; W, 27m HXF Ry
U f(-) RomBam R, B 1 A0 A [ 5k 22
ez [B) AT BEAEAELE BE AN UC B A5 100, b Ay 3L X e
W x, BEATEMEAS S W, BRI ATAR 3]

X, =f(Wix, + F(x,,W,)) (3)
Hoib, W, FAE B
X
LA+ AR
F(X) T PRAL X fE A5 S

G EAR L
H(X)=F(X)+X T PRAL

B1 BREREHWTEE

Fig. 1 Schematic diagram of residual block structure
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Fig. 3 Residual block diagram with added attention mechanism
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Fig. 5 Flowchart of plant classification
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Fig. 6 Comparison of accuracy before and after data enhancement
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Table 1 Comparison of improved model training results
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Fig. 7 Training losses of four different improved algorithms

1.0r 1.0y
| 03| T 08 g
g 0.6:’ ', ik M go-ﬁ i e i
& 0.4} I~ £04
02} | : o2}
. 0

0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140

HERUEL B
(a) G M 45 251 (b) TGN LR+ 1L
107 1.0
08+ 0.8
0.6 ¥ 0.6
& | g
& 04l & 04
021 0.2
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
AR EL BEARIREL

() BOIEMMZ LR () SO AEHE EHL
E 8 4FAREMHEENIRAARE

Fig. 8 Recognition accuracy of four different improved algorithms
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Table 2 Comparision of training results of different models
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