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Identification method of pod pepper fruits based on improved YOLOv7 model
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Abstract: The accurate identification of pod pepper fruits is the crucial step to realize intelligent picking. Aiming at the
problem of low recognition accuracy caused by complex growing environments, different fruit sizes, and occlusion and overlap-
ping, a fruit recognition method based on improved YOLOv7 was proposed. Using YOLOv7 as the basic model, an AM_F module
with residual structure was designed and integrated into the backbone network of YOLOv7. The SAM_F and SE_ECA modules
were obtained by improving the structure of the spatial and channel attention mechanisms. They were integrated into the backbone
network and the neck network respectively, and the structure was simplified. At the same time, the SPP in the SPP_CSP struc-
ture was replaced by SPPF to simplify the calculation of parameters, and finally an improved YOLOv7 model, YOLOv7-F, was
obtained. The recognition effect of YOLOv7-F model was verified and analyzed by comparison tests. The results indicated that the
average recognition accuracy of YOLOv7-F model was 80.07%. Compared with the YOLOv7 model, the recognition time of the
YOLOv7-F model was accelerated by 23.4 ms, the average accuracy was increased by 1.06 percentage points, and the model size
was reduced by 77.94 MB. The YOLOv7-F model can realize the synchronous improvement of the recognition accuracy and recog-

nition speed of pod pepper fruits, and provide technical support for the intelligent picking of pod pepper fruits.
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Fig.1 Labeling of pod pepper fruits in images
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Fig.2 Data enhancement of pod pepper fruits in images

1.2 BHAXRMRZIRFIER AT

1.2.1 VA YOLOv7 A A shBEAR i I s RAUR 5L
U B SR 55 v A, AR5 e 8 YOLOVT ™ £
R RABCR SR A B AL . YOLOVT 244
F M4 ( Backbone ) \FIHRI 2% ( Neck ) LA M £ R
Bk (Head ) 3 #43,

F M IRA KA Z 0T YOLOVS . YOLOX 4%
BT Y CSP 2540 5 2 IR 5k = S5 AHZE &
(L LR TS | A RRER A P4 ( Efficient lay-
er aggregation networks , ELAN) Z544 il it 257 L HE &
(AR THRFIE R, 4 0 X 465 (R AE BB R T
FFR M4 K ok i 5 19 FPN+PAN %544, 5] A SPP_
CSP #EHe AN [RI4E B2 A RRAE E A 7 50 4 M il 65, 3 2o
AU S BRRERAEA A G 1 Max_2C B 1
SRAEZ TN R AR IR R IR, Head 2R 4

T H 24k ( Re-parameterized refocusing convolution ) 4%

¥ N ZRad R 5 | ABR 22 L5 UG ARAE 254 T 58 A 3K
2] TGS RER FH3x 3 2B, A AR AR R T 1
FE A TR AT N 0 25 2540 1 52 R R T

1.2.2 #¥k3t A T YOLOVT AEAYH fin AT 5]
FAUCR SN HARR R AT 55, AP ETT T AM_F
Fitk SAM_F #ilt SE_ECA #iltFl SPPF_CSP &
He 9K e TRA 2 YOLOVT R

1.2.2.1  AM_F Bieiieit i i % i 2 7 Ll i )
PRRSS R HEA TR S BT, ARE R B T — RS A
FRZELERI A AM_F B &l 3 fros, AM_F i
SR FH R 50 R v B ) - 349 b £ R o At AR AR 4
SR RRE S8 I 5 B A RO 8
KA, BB — R Ix 1 B RUZ R 43
F2 2 AT T R 4 R T K TE S UR R RRAE
[ AT AOR B A A R, B e Jm AR B A 4 e

It HAERUZ T LLAE 27 B R 18 = 280, K
K>S 40 BTG PRECR ] Leaky ReLU'™' X Lt
SiLU 0 R, Dt/ 3153 o 1 W] AR B — s i 2
PEFREME X E ReLU 3017 PR, o505 496 3231 2K ] T,
B RL AIZ AL BE 7 5 55 R A i A R 28— 4
Multiply 24 H A1 B, 2852 3T 50 5 fn i B2 A -1
Ak AR K AL, AT 1] AL A R i A
MR B RS M Ix1x2e (¢ HEIEEL) il it 1x1 1345
T2 B E A, FRIEAE B RO A I xe (¢ Myl il
B LR RRIEAE B A B Sigmoid 2, K154
HIE A (5 S, 558 58— 43 Multiply 25 Hh
(A B 5 453 3 A A T 3R ik 45 A, B &
FIRRAEA BT 8 (h) x 58 (w) xTBIEE(¢) .
1222 SAM_F Bt JEF2s B LS SAM
FIEERE AR T T —Fi SAM_F Bide anf&l 4
FimR. T2 R A E T ERE TR 2 TR TR,
T RUZ AR S Rk A5 B S X 32 | g
DT FREREIR, I ELAT AR UG p ) Sy R AR AE
NGAF B, KL rE/ N B bR e 2 R INT 5 TPl &
FUZE BA R SAM_F b f1x1 HRU2L
e R b2 A B2 WIS X Ix1 BRYZ,
FEST 878 78 (h) X 38 (w) x 1, Z J5 A 73838 J7 [1]
Y Concat #4F , RSTAR i (h) XFa(w) X2, BeEH20d
Ix1 BRURE AT T RAEEAE RO R (h) X9 (w) X
1, FJrifid Sigmoid JZARAFEF I ICR A , SHi A RE
TEER G BT AR i b AR BRST
B (h) XT38 (w) <BIEEL(c) .



ZEMPHEE  FET O YOLOVT KRB B 5A RARSR SR B 7 i 2295

AMF | = ——{Angool]—{Conv_l x1 reaky Conv_1x1

Leaky
—{MaxPoolj—»@onvﬁl x1 ReLU Conv_1x IJ—T

[ Add ]—{Sigmoid]—{Multiply]—»

AvgPool '—J

[ Concat ]—»@onVJ x Hsigmoid HMultiply]—»

B3 AREFRIEITH AM_F EREEH
Fig.3 Structure of the AM_F module designed in this study

SVF ) = —
Concat

A 4

Multiply

B 4 AHEREIEITE) SAM_F R B &G
Fig.4 Structure of the improved SAM_F module in this study

1.2.2.3 SE_ECA Bibti%il T SE il ECA 3%
TIHLRI S5+ F R B A5 T —Ff SE_ECA
BEHe GRS iR, SE XA B RHIE B E BT
Rt Ak B A O A 3 42 2 DL OO BRBUZ AT
HEE I REAL SRR, B Jn il it Sigmoid JZ 3R AL
I AL AR AU (5 B M 3 A4 38 18 14
fE L., ECA e R fb)2 2 R A R eE#)Z,
MRF X1 HRZ 745886 5 B Z W58 E,

AR /N, T HoA R (4 5 3 38 15 840 32 ik
F118 0 £54y SE M ECA Wi B4 #, SE_ECA Hibk
X ARHIE B AE B A 334, 2 )5
K33 R , $2 0 558 8 15 B A8 BRI,
i F Sigmoid JZ2 3K HURRAE EZ B9 £ A 38 18 1AL
T IR A R A e AR AN 3 454 3 T B4
AIE I, e Do) 08 AR X A R P 3 0 R A B O T, X
AR /NG E AT

SE _ECA = — AvgPool

v

B 5 ZAH#RIEITH SE_ECA R &M
Fig.5 Structure of the improved SE_ECA module in this study
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Table 1 Performance comparison of different models

o PR BHNE gy, B
YOLOv7 79.01 784.5 0.613 8 218.13
YOLOv7-F 80.07 761.1 0.617 9 140.19
Faster R-CNN 79.70 876.4 0.617 1 219.50
YOLOX 79.19 821.0 0.616 2 218.80
YOLOv5 58.42 806.9 0.516 8 190.43
YOLOv4 60.27 811.4 0.559 0 225.28
YOLOv3 76.04 805.3 0.604 7 226.62
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