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Detection method of defective coffee beans based on YOLOv5
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Abstract: Objective: To realize the defect detection of coffee
beans. Methods: An improved YOLOv5s network was proposed
to embed different attention mechanism modules and activation
functions with YOLOv5s as the baseline network. Results: The
mean accuracy of the CBAM module and the activation function
Hardswish improved by 5.3% and 2.9% . respectively, compared
with the baseline network. After 200 iterations of training, the
model accuracy was 99.5% . the average accuracy was 97.6% .
the recall was 0.98, the recognition rate was 64 amplitude/s, and
the model size was 15 M. Conclusion: Compared with Faster
RCNN, SSD, YOLOv3, YOLOv4 and YOLOv5s, the test
algorithm has higher recognition accuracy, more lightweight
model and better recognition effect for coffee defective beans.
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Figure 1 Defective soybean species
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Change curves of various indicators
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Figure 9 Effects of multiple grains recognition

30 M EMR R — K R SRR O R 2, B IE
WK A 96.7%  Horh R o & H AR B AF B SR /Nl 82% .
KA 88% MR 84.7% B 5 H AR KL I & A5 B %/
R TAY KN 8T YL ME A 81.7 %, e HH AR I B
GRS /N 84%, e KA 90%6, ¥ fH o 87.6% 5 B I
60 FLE E G PR B AE R A 7T A a0 2 MR R
2R EM 3 ANRHE S HAPA 4 AP IR E 2
FE BRI . W 5 50 BB W TR B R 4 5
H90%.90% .85 % . WEHE H A A I EAF R B ME IR
KA I 55109 76 % .88 % , 83 % 5 4 5T T2 F AR K i &
{5 BE e /MBI RAE 3918 5350 R 83%0,90%,87.1% 5
T EH AR E (F R R /M R KA B E 4R
74%,87%,83.7% . % L AR BRI I M B R A IE B R A
85 % LA I, H AR E M5 BE AL 4% DL b, W E AR -
T A RURE B 2 B0 R W, B A Sk T A5 70 A 22 ki 1 1k
P NG ROR .

2.6.3  FZEVUNRCR SR HE 30 R0y 4 i
3 PR EARE & 10 TR0, 3 ol B o AR 0V A 2R 4 )
9 100%6,100% .86 %0 » Fo i E BE &L 3% L 2 A
PUNAS IR 2 A7 GIRAS IR . B P (N E W
A A 0 A 8 4 {E 43 ) ol 88.1%6,81.5%,85.3% ., £
b BB RE A7 8 o R RE A4 R R, (H R R A A T S A IR

e
2.6.4 AREDEMAFSE W T 3 FORM AT B 6

9 RLIE B, by 1T AT TR G R O OO T U E R R
100 % » B A5 # I 8 A5 BE 2B 82.7 % 75 85 L PR 3% T iR
BIHER A 10000, B ARG B A5 BERI(H o 84400, 0B
I PR T HERG R 66.7 00, Horh ol o2 T 5 R T S IR e
WA N100 00, i T B W PRI 3 B IR 5 % W B8R TG

(a) REHIE

(b) R
B 10 %5 %R

Figure 10  Effects of adhesion recognition

(c) BEEHE

WAL B T YOLOVS #uinMEH 5 2 4 77 3%

(a) IJREZHEICIRGS
B 11

Effects of recognition in different illumination

(b) HbIEE
TR R RER R % R

(c) BHEIFEE

Figure 11

ZE 50, T B RVR R 45 S AR B T T, H bRk I B
fEREIME Ny 83.6 %0, &5 I, 15 B 7L AH XS B A9 B0 458 F 3R
AR AT 2 B 5 W R B P A 58 T R T K DU
771 B A A R R
3 gk

T I 5 R Mk A A R B ) A 2 T — A
MHE Y YOLOvSs Wil S00E 5 A A 5 ik . &5 38R
B HL L YOLOvSs 3628 9 26 450 R (14 o 1 36 - 59 4 i 3
{E AN A R T 1.7%, 3. 1% A1 4% . [7 Bt i F
SSD,Fast-R-RCNN, YOLOv3, YOLOv4 % 5 R ; # %1 %f
HORLR JIBOR F 7 R MERR Ry 99 % JFE 2R B % I
B TR ROCR T B R AR TR 5 o B 3 > 85 04 5 o B ROk
55 55 P4 T LRSI I B B AR L BT 5 0
WA G & L BOB R T R B R R T R, 4T
Xof WA S PR FE AN R 0 AR R E TR RE 0 A R A iR
AR BEAT b 2 I Mk B 00 S ofi mE 3 A AT 55 S
[B) R, J 25 W LA NECHE B2 AR 78 32 T R AE 4 B 2% b 3
T B BRI 2, BE— 25 4 5 i 0 T AR B R A A
RO DL RO ik JE I Bk R T R AR A AR

2% 30k

(1] BRI, EEEFR. P52 Tt 2w ok 7™ b 3 5 9 S8 %5 0], 4
R AR, 2021(6): 58-59.

YANG Y Y, WANG Z L. Thinking on accelerating the
competitiveness of Yunnan coffee industry [J]. Rural Work
Newsletter, 2021(6): 58-59.

(2] 5K T5. 2= W E ol [ B 5% 4 0 3 A B s i TR R B 98 (D). B
Bl I 22 R, 2020: 1-74.
ZHANG F. Research on the evaluation of international
competitiveness of coffee industry in Yunnan Province and its
influencing [D].
Economics, 2020: 1-74.

B3] =8N, SKRATAS, B0, 5. 2 v /IR o e AL R T2 O Al B Sk
BRI E [T]. A Tl BHE, 2019, 40€6): 186-192.

LI M L, ZHANG F J, YANG W, et al. Optimization of roasting

Kunming: Yunnan University of Finance and

technology and measurement of total sugar contents in Yunnan
Arabica coffee[J]. Science and Technology of Food Industry, 2019,
40(6): 186-192.

55



56

L2 5% SAFETY & INSPECTION

[4] A7, BXER. 2 B /N0 O I ¢ € 7l S 4 ) B S 0], A AR 48
R, 2017(24): 48-49.

ZHAO H J, ZHAO J. A study on the competitiveness of Yunnan
small grain coffee green industry[J]. Co-Oerativeconomy & Science,
2017(24): 48-49.

[5] EHT. 2 W 47> i 8 A5 BF 5 L i /N L E Sk 4] (D). o
F # g, 2016(19): 7-8.

WANG L. Research on brand marketing of Yunnan agricultural
products: Take Yunnan small grain coffee as an example[J]. China
Business & Trade, 2016(19): 7-8.

[6] MM, Acikisg, M/, A 22 RUBE F ARG I A TR JEE 2 > BF 52
LEIR[I]. B4R, 2021, 32(4): 1 201-1 227.

CHEN K Q, ZHU Z L, DENG X M, et al. Deep learning for multi-
scale object detection: A survey[J]. Journal of Software, 2021, 32
(4):1201-1 227.

7] Rz, VoKW, SR 5. B B R WE T B e R B )], I A
242, 2020, 41(6): 871-890.

ZHU Y, LING Z G, ZHANG Y Q. Research progress and prospect
of machine vision technology[J]. Journal of Graphics, 2020, 41(6):
871-890.

[8] A MBAR, T WELL. ML &% % T i K 2 ) B I 3 B 3 2534 (1]
BT, 2019, 18(7): 4-9.

LI X R, DING X H. Survey on five tribes of machine learning and
the main algorithms[J]. Software Guide, 2019, 18(7): 4-9.

[9] AKBAR M N, RACHMAWATI E, STHEVANIE F. Visual feature
and machine learning approach for Arabica green coffee beans
grade determination[C]/ 2020 the 6th International Conference on
Communication and Information Processing. New York:
Association for Computing Machinery, 2020: 97-104.

[10] PINTO C, FURUKAWA J, FUKAI H, et al. Classification of green
coffee bean images based on defect types using convolutional
neural network ( CNN) [C]/ 2017 International Conference on
Advanced Informatics, Concepts,
Denpasar, Indonesia. [S.1.]: IEEE, 2017: 1-5.

[11] A M2z, Mk AL, SR 2T, A5 kT IR 2 o] B K R Bk i S i)
R 7 1 (7], £ & 5 AL, 2021, 37C11): 123-129.

ZHOU S A, HUANG G S, ZHANG Y Y, et al. Real time detection

Theory, and Applications,

method of fruit defects based on deep learning [J]. Food &
Machinery, 2021, 37(11): 123-129.
[12] TRZEHE, W 2. JE T TR o7 oF 265 BUM 28 ) 465 1) 46 A K B 58
TR [I]. &SSP, 2022, 38(5): 24-29, 36.
ZHANG J F, SHANG Z L. Peanut kernel integrity detection based
on deep learning convolution neural network [J]. Food &
Machinery, 2022, 38(5): 24-29, 36.
[13] X057 5, B IR S, TR 409, 45 . % T Bt YOLOv3 19 2% Ay A A1
S8 S J5 (0], £ ik S LB, 2022, 38(3): 103-109.
LIU X Y, HAO T M, ZHANG H T, et al. Cigarette stem
identification and location method based on improved YOLOv3

network[J]. Food & Machinery, 2022, 38(3): 103-109.
[14] 208, nay g, 5K 5%, 55 B T ResNeXt 55T #5244 ) i T il iy

BE 2568 | 20235F 2 A | ARENM
B R AL /A 2 T ik B AR
135-140.

LIC, YU G W, ZHANG Y J, et al. Research on recognition of

B[] £ 5 5 HUBK, 2022, 38C1):

stem/calyx and defects of dried Hami jujube based on ResNeXt
and transfer learning[J]. Food & Machinery, 2022, 38(1): 135-140.

[15] T 2%, XU e, BRAE, 45, 3£ T Jetson Nano+ YOLO v5 I .
HIAFE B ARG I 9] AL ALBR ], 2022, 53(3): 277-284.
DING Q A, LIU L S, CHEN J, et al. Object detection of suckling
piglets based on Jetson Nano and YOLOVS5[J]. Transactions of the
Chinese Society of Agricultural Machinery, 2022, 53(3): 277-284.

[16] X3y, B, ot 8, 4. 3 F MSRCR-YOLOv4-tiny [ H
() = DK Zi% e R W0 A5E Y (D] Al HLAR 2 4R, 2022, 53(2): 246
255, 335.
LIUMC, GAO T T, MA Z X, et al. Target detection model of
corn weeds in field environment based on MSRCR algorithm and
YOLOvV4-tiny [J ]
Agricultural Machinery, 2022, 53(2): 246-255, 335.

[17] KW, 2%, BB, 4. 2T YOLO v5-MDC [ 5 B K %
N ZENERAS I J7 2 [0]. AR HLR 2 4, 2022, 53(4): 245-253.
SONG H B, WANG Y F, DUAN Y C, et al. Detection method of

Transactions of the Chinese Society of

severe adhesive wheat grain based on YOLOvS MDC model[J].
Transactions of the Chinese Society of Agricultural Machinery,
2022, 53(4): 245-253.

[18] 72 i ik, A5 4, ELIE 3, 45 JE T 0t YOLOVS B9 76 AHLSE I

45 /N B AR K 395 [J/OL). M2 2+ 4. (2022-05-11D) [2022-07-
23]. http://kns. cnki. net/kems/detail/11. 1929. V. 20220509.2316.010.
html.
FENG Z Q, XIE Z J, BAO Z W, et al. Real-time dense small object
detection algorithm for UAV based on improved YOLOVS[J/OL].
Acta Aeronautica et Astronautica Sinica. (2022-05-11) [2022-07-
23]. http://kns. cnki. net/kcms/detail/11. 1929. V. 20220509.2316.010.
html.

[19] AR A, S AKFH, BOSCHE, 45, JE T M0 YOLOVS M4 i &2 24 95
S PR 2 ROMEAG 0 ). Al TR 244, 2021, 37(21): 191-198.
HU G S, WU J T, BAO W X, et al. Detection of ectropis oblique in
complex background images using improved YOLOv5 [T ].
Transactions of the Chinese Society of Agricultural Engineering,
2021, 37(21): 191-198.

[20] REDMON J, DIVVALA S, GIRSHICK R, et al. You only look
once: Unified, real-time object detection[C]/ Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Las Vegas: IEEE, 2016: 779-788.

[21] REDMON J, FARHADI A. YOLO9000: Better, faster, stronger[C]//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Honolulu: IEEE, 2017: 7 263-7 271.

[22] WOO S, PARK J, LEE J Y, et al.Cbam: Convolutional block
attention module[C]// Proceedings of the European Conference on

Computer Vision (ECCV). Cham: Springer, 2018: 3-19.
(F#F 175 7O



F&M | Vol.39, No.2

and its cholesterol-lowering activity[J]. China Dairy Industry, 2003,
4(6): 7-10.

[7] VINDEROLA C G, MOCCHIUTTI P, REINHEIMER J A.
Interactions among lactic acid starter and Probiotic Bacteria used
for fermented dairy products[J]. Journal of Dairy Science, 2002, 85
(4): 720-729.

[8] LAMAS B, MATHIS L, RICHARD H, et al. Caspase recruitment
domain 9, microbiota, and tryptophan metabolism: Dangerous
liaisons in inflammatory bowel diseases [J]. Current Opinion in
Clinical Nutrition & Metabolic Care, 2017, 20(4): 243.

[91 MAITY T K, MISRA A K. Probiotics and human health: Synoptic
review [J]. African Journal of Food Agriculture Nutrition &
Development, 2009, 9(8): 1 778-1 796.

[10] #1 22 ¥, g A B R AR D AR & g v (0], & W IS 5 T

&, 2007(2): 173-175.
HU H P. Probiotics and their application in functional food[J].
Food Research and Development, 2007(2): 173-175.

[11] SANDERS M E. Overview of functional foods: Emphasis on
Probiotic Bacteria [J]. International Dairy Journal, 1998, 8(5/6):
340-347.

[12] SEARN, Bh B AR, ik, 4. B b 3L A OF 52 HE R 0], v [
Fi i, 2015, 34(9): 5-8.

MO Y C, ZHONG W J, HE Z, et al. Research progress of lactic
acid bacteria in rice wine[J]. China Brewing, 2015, 34(9): 5-8.
[I3] MILLER G L. Use of dinitrosalicylic acid reagent for
determination of reducing sugar[J]. Analytical Chemistry, 1959, 31

(3): 426-428.

[14] YANG Y J, XIA Y J, WANG G Q, et al. Effect of mixed yeast
starter on volatile flavor compounds in Chinese rice wine during
different brewing stages[J]. LWT-Food Science and Technology,
2017, 78: 373-381.

[15] B0k BI85 PR A 12 70 R I8 B 4 ob i B [0 Ok

Tk, 2014, 17€6): 42-44.
WANG Q B. Application of fuzzy comprehensive evaluation
method in sensory evaluation of rice wine[J]. Beverage Industry,
2014, 17(6): 42-44.

[16] NARENDRANATH N V, HYNES S H, THOMAS K C, et al.

HRAEE: c MAERREFMAXNMNEBRERRNZ N

Effects of Lactobacilli on yeast-catalyzed ethanol fermentations[J].
Appl Environ Microbiol, 1997, 63(11): 58-63.

(7] B £LA, BRICsE . B2 BE FUAT B 7 R 5 v A9 2 FH R 52 [0, 7 4
4Ol 2011(10): 30-32.

YANG H M. LIN H L. Application of Lactobacillus rhamnosus in
yoghurt[J]. Xinjiang Animal Husbandry, 2011(10): 30-32.

[18] OGAWA M, SHIMIZU K, NOMOTO K, et al. Inhibition of in
vitro growth of Shiga toxin-producing Escherichia coli O157: H7
by probiotic Lactobacillus strains due to production of lactic acid
[J]. Int J Food Microbiol, 2001, 68(1/2): 135-140.

[19] 5K, A< e, 48 i, 2. % U 3L RR AT B A% 22 4k % Bt a0t 4k
M 1], F S BEE, 2021, 53(1): 31-35.

ZHANG Z, ZHU X F, CUI L H, et al. Evaluation of safety and
stress resistance of Lactobacillus from pigs[J]. Animal Husbandry
and Veterinary Medicine, 201, 53(1): 31-35.

[20] GERARDI C, TRISTEZZA M, GIORDANO L, et al. Exploitation
of Prunus mahaleb fruit by fermentation with selected strains of
Lactobacillus plantarum and Saccharomyces cerevisiae [J]. Food
Microbiol, 2019, 84(12): 103-106.

[21] 4B %, FHR, ANTEAHE, 55, 56 T JEAL A5 AR A XUR AR 2 ) TR 3

ORI 53 26 B HOAH OGP 23 BT (9] Bl 5 K Tk, 2019, 45
(13): 78-84.
ZOU L B, WANG D, YU H Y, et al. Classification and related
characteristics analysis of brewed rice wine based on physical and
chemical indexes and flavor components [J]. Food and
Fermentation Industries, 2019, 45(13): 78-84.

[22] XA L. 7 W A A | 0 1t T R 1) 977 328 B 2k iih 14 1 4 [D). F
e AR L R, 2017: 28-29.

ZHAO H S. Screening of glycosylase and liquefaction enzyme
strains and preparation of bran Qu [D]. lJinzhong: Shanxi
Agricultural University, 2017: 28-29.

[23] BARTLE L, SUMBY K, SUNDSTROM 1, et al. The microbial
challenge of wine making: Yeast-bacteria compatibility[J]. FEMS
Yeast Res, 2019, 19(4): foz040.

[24] REDDY G, ALTAF M, NAVEENA B J, et al. Amylolytic bacterial

lactic acid fermentation: A review [J]. Biotechnology Advances,

2008, 26(1): 22-34.

(L% 56 )

[23] HOWARD A, SANDLER M, CHU G, et al. Searching for
MobileNetV3 [C]/ Proceedings of the IEEE/CVF International
Conference on Computer Vision. Seoul: IEEE, 2019: 1 314-1 324.

[24] ZHENG Z, WANG P, REN D, et al. Enhancing geometric factors in
model learning and inference for object detection and instance
segmentation[J]. IEEE Transactions on Cybernetics, 2021, 52(8):
8 574-8 586.

[25] HU J, SHEN L, SUN G. Squeeze-and-excitation networks [C]/
Proceedings of the IEEE Conference on Computer Vision and

Pattern Recognition. Salt Lake City: IEEE, 2018: 7 132-7 141.

[26] HOU Q, ZHOU D, FENG J. Coordinate attention for efficient
mobile network design [C]/ Proceedings of the IEEE/CVF
Conference on Computer
Nashville: IEEE, 2021: 13 713-13 722.

[27] WANG Q, WU B, ZHU P, et al. Supplementary material for 'ECA-

Vision and Pattern Recognition.

Net": Efficient channel attention for deep convolutional neural networks
[CY/ Proceedings of the 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Seattle: IEEE, 2020: 13-19.

[28] MA N, ZHANG X, SUN J. Funnel activation for visual recognition
[C)/ European Conference on Computer Vision. Cham: Springer,

2020: 351-368.

175



