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BICLERE By 3. Hor, BL YOLOvVS AR
BUR B NBIELEAT R TR YOLO R 1M 45 1) 5
fit b, DR TSN B AR BRI E B RO B, B A
KRR, FT ik, BIRAESIIRL YOLOVS A3, F
FIB AL AT T R 20 50 F AR R o ek 2 250
P T — A EET YOLOVSSs PR FE 2 2] (1 5 SR A6 S 1 R 7
. Bochkovskiy ZE!'"E YOLOvS RUFEA b fl& % Fhsk
s, DUEN AR RN B B ARG IAE S . B R F I
I YOLOVS ik 77k, e 1 acilbs &
WA e R . B ESUHRHAE YOLOVS AR
CSPDarknet53 451EHE BN 2% 347 25 H-EE A, 25t T
HARERAGBN G &R, zn MW aET
TPH-YOLOvVS W %%, 7EJR4G YOLOvS Z:fil B3 T
Transformer FHA CBAM HAUE R i, $27 T M4
BRSNS B AR AR P o 490 R 18 i R P e
A YOLOv4-Dense 5%, HFFL T A0 28 FRedil s 8
ik, BA RFRAER, DL EFRE YOLOvV4 B%
YOLOvS H bkl 2 3i4T 1 s FR ik . S8 T 75 25
RS, R ideales, B REARR, A
F R EARELN, IRANAEZS AR I A R, A S R TR
ZE B AT, BN TR MERE, HATH YOLOVS M
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ANUER, AINE B0/ BARAR A S e 55, ARe
i PANER e U it el o

BRI, 0T A EARAE IR, AR T — P T
#E YOLOVS flze - Bk il 503k . R H) K-Means 5258
HER~F, FET M4 CSPDarkNet 5| A4 FHiE & 1 4L
(Convolutional Block Attention Module, CBAM) , il
DX 8% HR S N 2 ) 4 - 35t A (Spatial Pyramid Pooling,
SPP) i, FIFHURE R 5 BB T EER, AN
H AR T AFAE B 4 B AS B3 R E S 7 T X, YOLOVS %
RUEAT 2R, FF 0 2 Fh e e s AR AT IS, e
SO EVE ) R A v, DA A A R A A
MR 5E L

1 BHUEH YOLOVS %5+

YOLOVS HA S /b, flll R, |z R
TESEhrg st BRIIEHL YOLOVS 1R A2 i e Al 1
BERASIAY . HR, MR RIS, PSSR, HW
BRIt S 2t A I, TR AR, DR TR B4
HE ST RBRFME SGT BE L AL RS FE 2507 T 24T YOLOVS
PR 28 S0, DT V2 4% P 2% o Al 75 5K
1.1 eI sEAERER

HIIHE FR) 2 3o SR RO 2 e 1) 2% 1) 25 T 52 0 5 S A
P, HH YOLOvVS #iHEET X COCO (Microsoft Common
Objects in Context) 1 VOC (Visual Object Classes) (¥
8, MAMZRBIA/NERS, BT HIEHHER I ZRAE H
TR T, SRR EAREAE B BROIA B AE ) e
15/ F 0.98 I, T B E HT T H R A B R A AE
YOLOV5 [ H# [ 38 RASHE TR A K-meanst 2 B &
SURHE RST I SREH, SC PRI -

1) B 28 2% 57 B SAE 1) B8 e (LA A A b s
FEFTA A bR s BEALA L K AN BIEG % o

2) THE IR AR 55 750 FIRK FRFE 55, K 78 43 A b
R BEFEAARE R, A AR S IHR RS,
AR A b AT A AR AU BB T AN RO

3) REERLERSE 2, HEBEOLAHKRL .

H1T YOLOVS kAR 284t 3 b RO FINAFAE 1
BEANTINRHE B KL A AN =FORPEHE, Kk K
B9, Iy 2R BT HER 43 9 FhASIR] ST R %

RFAEIE B E )51 9 MEHE RS S8k 1
N, BRI MR AE RN SE A5 G 2 i BT 1R ROST R 0 v B
BIHFAE .

F 1 KA YOLOVS $#iER T
Improved anchor box size for YOLOvV5
FHEE R HHERS) (%, @D
Feature map size/ Anchor frame size
(BFEER) (width, height) /&%

Table 1
HEAE R

Feature map scale

K Large 80x80 (113,30), (56,82), (104,60)
H Medium 40x40 (60,20), (27,46), (49,37)
/1N Small 20%20 (17,12), (31,14), (27,22)

1.2 EEHHEH
BEXE IR B H ARSI 55, BR T/ E B8

FRIE SCRFEAL,  [FIN 30 75 2% RS o 28 ot i 2 (B AL B, AE
YOLOvS TR 5] NER L], BB HIE N %
I 2% 0 R B AIE o AR VISR 3RAF (3 2 AN T 3y
T2 5 SCBEARFAE AIE R T, BRAR T HRARFAE IR R B

CBAM {73 18 4k Ji AN 25 [B) 48 AR 45 5120, e pUity
A3 BRI P80 00 A R 2 () 4 5 ) GBI . TR E
JIREHAT N A URHE IR R F 4% B8 58 = 7 [l EA T
— K4 BT AL C AvgPool ) Ml 4 & K it 1k
(MaxPool) , fith 2 N5 FIBEHAAHSE. KN 1X1 1
WALE . A 2 Mt EA 2 2 BAHL (Multilayer
Perceptron, MLP) 4@ i XL E R, a1
W 2 MEEACEERG ST IR MR, B8R
R FIBTELERE ERIRCEJE M., tHERTR:
M =Sigmoid(MLP(AvgPool(F))+MLP(MaxPool(F))) (1)

W M BUE USG5 NI 28 2% JTURFAE B F 7238
T AR, SCELIEIRIE LM INER AL, KIEEE TR
IE P 308 T A 52 1) SR BREARR TR R F 26

2 ()Y T AR b I 38 Y R B R I A
IR RHAE R R P aE gE b oy AT SRt AL R~ 3
ik, A5 2 ANEIEECH 1. RPN FR/NAL 2 G i
THeS, FIH—RGRRAE R pEE e, &E4d
L PEBOE, WINFELMER R, B[R oNE F o254
FE AR )ZE M, W
M=Sigmoid(f""(Concat(AvgPool(F’),(MaxPool(F")))) (2)
o f 7T BRI AR STN TxT RS

¥ M ESHE FigG R, SSOES R4E5 E
TN = L, DASR THRRAE B 2 1) 4 B2 1) O B AR A1 )
. Bk, ¥ CBAM B3I N YOLOVS F= M2 ke
BEHETH A % SRR S B R B
1.3 YOLOV5 3= TP 4% i it SR B

NEGHE YOLOVS 51 N E R FIAL X A% - 23 JsAs i 44
REMIRm, £ TPIZ% I CSP1_1. CSP1 3 5 CSP2 13
NI BRI 48 (Cross Stage Partial Network, CSPNet)
R G 43 AN CBAM 5= AL o 38 K R B i A A
[ SR B T A 32 T R R B A T 45 SR, SR
AP T R, BB R NS NS X . B 1
XTEE 1 H AL YOLOVS Al 3 Bl s g i34 g 1, X
R ERR AR TR X 24 O R

ME 1 HaTE, TR 5] NER LA B
T 4 FURRE SR BCCR, HLEIN 3 MEE IHLH CBAM
1) TSI 55 W S FRTRRAIE DX 3 d A A
1.4 BFrEMEN IR

H bkl $8 A58 % G LT 4 P

1) BRAIRE R

P=T./T.+F.)x100% (3
2) FG A [l
R=T./T.+F,)x100% (4)
3) HEH) P-R LR R AR
AP=AP, R) (5)

4) ZIHTLIREE -
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mAP =13 7(P.R.I) 6)

C =1
K P RRKEE; R RRBREIZE; T, R UAIERMT 4R
AR T E W AR Fo o R 2 R 28 E

a. Ji b. YOLOVS
a. Original image

c. 5JIN1/1~CBAM
c¢. Introduce 1 CBAM

M N 24 A TR SR A Fy RS 2R Rk
SRR A TN Dy He A e 2 LR SR O B s AP RO LR
BIREIEE R, AP EBOK, PRBIG LR AP R
W RRIRTTRESE ;¢ TR KR HE

d. 5l \24~CBAM
d. Introduce 2 CBAM

e. 53l \3/~CBAM
e. Introduce 3 CBAM

B 1 #H YOLOVS & 3 A it M 44 7) B
Fig.l1 Traditional YOLOVS and heatmaps of three improved network

1.5 PO EFRLENIR
I 0Ot 1 T I 20 SR, 0T 235 T 2% o o dis AR kAT
WA, PRFFHIMZS (Feature Pyramid Network, FPN)
FISk R R %% YoloHead A2, JLYIZ% 500 fUH, a4 R
ik 2 fios.
*2 TRKRBEABRER

Table 2 Experimental results of different strategies

X 2% Network mAP/% FPS/(is™)

CSPDarkNet 92.14 53
CBAMI 92.68 52
CBAM2 93.04 52
CBAM3 93.62 51

i mAP NZ RGN TIIREEE, FPS NEMEHIMWEL. NF.
Note: mAP refers to mean average precision of multiple categories, and FPS
refers to frame per second. Same below.

M2 FRIEH, RS ERE 5]\ CBAM Bl
NS, A 1 4 CBAM. 2 4~ CBAM f1 3 4>
CBAM I Z 5T HIF5EE mAP 23542 7H T 0.54. 0.9 fI
1.48 NE A, LT HEM YOLOVS, f&EBUNA 3 4
CBAM 3R N 1) 3T M4 it 77vk . (HIRIIN FPS A [4
i, 3R 45K I3 A BT BRI, TR B — P ik
YOLOVS MZ%45H

2 Wy

2.1 MHrEE

FEH I YOLOVS HIZRESMZ% (FPN) PRI 2 [l 46
FHEWAL (Spatial Pyramid Pool, SPP) fRE), 58+
RA R A R BT REE R, IR RER
RBERRAE, $RAMILE IR IIRE B2 . Rk, 7E AR M F AL
B BN RFEFEEPHE R N, XTI 4% FPN )
B~ CSP BN SPP AR, [R] A 25 R B4 I 1) S
WP, X2 SHHR 0, ¥ FPN NS

i Conv 5 e B E 1] 70 B 0 Dwisel®®), AE0% (RAIE£E RS
FEARCHIATIE N, KRR M Ha, S faillE
B

ESGEE TN 3 4~ CBAM ZRBSFE Al I, oot
FEAAL B 28 B AR ZE R ] 2
2.2 FEARREHK

YOLOVS Hk# M 4% YoloHead it 3 ANANFE R E
K/NEI T KR 4E B, A YoloHeadl w YoloHead2 Al
YoloHead3 435l 80x80. 40x40 f120x20 ({2 HI4E
A SPPOE PN el S LTS, 5y NP 3 71| D2e e i (TR RN
Sz 7/E NN S SR v /L Sy NS 77/ N i RS U
¥IR/NHbR, BK YoloHeadl HIHZRALE, AEUiRwE
YOLOVS fill/N B bR ks . Bk, 2 YIZatae, X3
NEAERE (YoloHeadl. YoloHead2 A YoloHead3)
FIBEGEEHRREAFNE, RELEGEERKWT:

_ YoloHeadl YoloHead2 YoloHead3
L,y =5.0L ™" + 2,500 + 0.5 (7

TR Ly A I 2 A U 0 265 (). A5 B R %, HE B bRk
ZNCIRTHIES SR

3 FMABHEMINIE

3.1 FRMZREBIEEHIE

R TE SR AT R D 1) 3ok A2 i VR e e,
WA FE0E. WEEEE, TR A PRI LA T 37 3K f ik
W AR AN G, TER MBI s h 25 5 R
ANFEL NP PIRREAE 4 FiJeli, wfET BA R
TR A R A I s A . SR A HEEE N 150 dpi HIEIK
WEASFINL, $A45 T 4x500 3£ 2 000 FKA0 5 4 FhZRm- 245
G . Bk Peetg. bR AR B AL
JoE S s B 5 07 SO s i A B AR Y AR R 4 000 TR
B, F&IE 8 111 RILBIBENLRI I ZREE . B EAE AT
A . FIH Labelimg A HHFThRE, A s i 5K
HE A R R A5 2RI 25 S A
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| DwiseBNSilu |=|Dwise| BN | Silu |

| ConvBNSilu |

¥ ¥
| ConvBNSilu | | DwiseBNSilu |

l 2XA4 l

i ¢' ¥ *
i | SPP |=| Maxpool5 | | Maxpool9 | lMaxpooll3 | X[ Res | DwiseBNSilu l
| 320x320x64 M Unit
| 160%160x128 .
i | Conv | | Conv | |Dwise | |Dwise[
i ConvBNSilu
i 80x80x256
E ________________________________________________________ . Concat Concat
i FPN 4t Output :
; 80<80x256 : l l
i Concat+ - o  Yolo BN BN
: CSP2._ 1 SPP+Dwise *  Headl :
| i Sil
i 3080256 Silu ilu
i ¥ ConvBNSilu ConvBNSilu
! Upsample Downsample
i 40%40%512 8080256 40x40%256
i ' Res
i ) ) Concat+ Yolo ' Unit
i DwiseBNSilu CSP2_1 Head2 ;
! 40x40%512 F 3 40%40%256 n
i 40x40%512
[[sPP+Dwise | SPP+Dwise ConvBNSilu
E ConvBNSilu
i Concat+ k. 4 .
i 20x20x1 024 CSP2_1 Downsample ConvBNSilu
' 4040512 20:20-312
20x20x1 024
Upsample
40x40%512
20x20x1 024
» Concat+ = Yolo
7 CSP2 1 *|  Head3
20%20%512
! 20x20x1 024

7i: FPN NRHEEI IS ML 451 ; CBAM ARTERITEE /10U SPP 2 (a7 I b 4544 CSP NESI BURIFRIM 4% .
Notes: FPN is Feature Pyramid Network; CBAM is convolutional block attention module; SPP is a spatial pyramid pool structure; CSP is cross stage partial network.

B2 st EAE) YOLOVS %454
Fig.2 Improved and optimized YOLOVS network structure

3.2 HIEIFEE

RIS . IREE S SJHESE Pytorch-GPU V1.7.1,
& Nvidia GeForce GTX 1660, T.A7 6 GB, 4-FH 3% Inter
Core i7-9700k 3.60 GHz /\1%, W7F 16 GB, £ M5 N
i %2 CUDNN7.6.4 1 CUDAI10.1, Jit FH 2 () #H 55 B
Pillow8.0.1. Opencv4.4.0~ numpy1.19.4 Fl matplotlib3.3.3;
BeE R0 Windows10, ZWFEIE N Python3.7; JEHER
5ER 1000 Ix Y6l M BENLEE—)Z.
3.3 MLz

Bt i YOLOVS WIS ERTEALHE S (Graphics
Processing Unit, GPU) FiEAT IR, RABENIELFE T Bl
{1t 2% (Stochastic Gradient Descent, SGD) H#HSH, ¥
G5 1R E K 0.001, SRR ARECH 0.000 1, #ER
& (Batch_size) A 8, FLilZk 500 MHAR, HREL
WK 3 Fron. M3 el LLEH, BEE ISR,
Ut YOLOVS (35 R AR E M AR, Bk TAoe, &
FRAENCET 0.3 B, UF B ek e X 23 31 7 ALl
Gub R,

50r
45+
4.0
035
=
S30}
1]
225¢F
Z20F
X 15
1.0
05} LA
0 0 50 100 150 200 250 300 350 400 450 500
Y|k A Training generations

B3 FMERATMEE

Fig.3 Loss value change curve

3.4 1&MKIE*TEE

B B YOLOVS ekt ) YOLOvS 7EIIA4E Btk AT
A EE, HARUEC R AN S, B Fh 2% BURAE 1000 7K
EI%, &BBELEE 1 skl R ER, WE 4 s,
Hrp, I I WAV & m b S A B INTF5e.
TR RN A 2 i B
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Rice Melon seed shells Bamboo branches Tea stems

i

Jir

Original images

YOLOVSAS 45
Test results based on
YOLOVS5

UK Y OLOVS A il 25
Test results based on
improved YOLOvV5

e B P ACRAIN B 24

Note: The anchor frames represent the detected impurities.

A 4

£ F YOLOVS 5 2t YOLOVS #95wt 28 Al st ) 45 2T bk

Fig.4 Comparison of visual test results of tea impurities based on YOLOvV5 and improved YOLOVS

ME 4 ATLLEH, BT REARERRN, B
MRS KRB, HHL YOLOVS it T3 2 B s 24 (i Ag 43 !
YIRS I A, TR YOLOVS W2 B 15 RS BRAK.
A AR TR, F L YOLOVS BB E A EK
KL F K YOLOVS. BT AR R AEAHL, H
BT, M YOLOVS L ViR I R . M 4 FhE
G2 Rxt e T E SR YOLOVS M T35

M YOLOVS HA B m BG4, Hoe A5 Nk,
WA RIS, JoHS T MR DR 4 i R B
NBRE . RIS AT DARI, BRI 2 S A R A e
TRV RGE 0 ) A5 A A o

T8 A A W R AT S, B R AT YOLOVS
R REA SRS HEAT T AR AR 0 ) e B b, R 3
FT7R o

®3 FERMEHMIAEER

Table 3 Results of ablation experiments with different strategies

N AP/%
reamethod e 7% il i mAP/% FPSI(HLs)
Rice Melon seed shells Bamboo branches Tea stems
1 93.02 94.53 93.14 87.87 92.14 53
2 93.09 94.62 93.19 88.98 92.47 53
3 94.52 9491 94.03 91.02 93.62 51
4 95.34 96.83 96.32 93.39 95.47 62
5 96.81 97.64 96.35 93.40 96.05 62

e J7¥E 1 FRF I YOLOVS, J7vk 2 FonBGHRER ST, 773 3 FORBSGEHERCT I SINER L, J7ik 4 FoRBGHEHERCT . SINER AL M
RGBTS0, TrTE 5 FORUOEMNER ST SINTER BRI SCHE X 2 B A M AP A AN R ROBE B K

Notes: Method 1 represents Regular YOLOvS. Method 2 indicates improved anchor frame size. Method 3 means to improve the size of anchor frame and introduce
attention mechanism. Method 4 means to improve the size of anchor frame, introduce attention mechanism and improve the overall network structure. Method 5
represents improving the size of anchor frame, introducing attention mechanism, improving the overall network structure and balancing losses of different scales.
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MR 3 AR, 7k 2 Bk 1 RRE RS 1R
KR K-means FEAF B (1 HHE T AT & 28 445
HHRERHE. T 3 RIS AR T M YOLOVS, 1HA:
DT P WS A e, R W 5] AL R T 9 2
A J4 T A D BERRAE , HL RIS 3 n T /> & AR T R A
B o T 4 BIRTINRE B AN B A — e 4, R IAAE FPN
TR N A A 4 - 25 Ak, (SPP) BEHuA Bh TR 2 RE 1)
FROE, DS EA 2T, HIRE 0 BE R s AT
BT MGIZHE, LMK REL, A TRNEE.
AR EI72: 5 1) mAP H1FPS 155 1 96.05%H1 62 /s,
T LA BTV, EREAAURF 72/ B RE mAP 1835
KIETE, REAKE KN H bR BURAE, XT3m0 Hirk
DK FE A IR KA B
3.5 A [EEFREMN MRS XFEE

1] Faster R-CNN. SSD. YOLOv3. YOLOV4.
YOLOVS5 253t H AR M 25 A1E5d YOLOvVS #E47 1R85
XPEG, ZRNER 4 B,

x4 TREMZALLER

Table 5 Experimental results based on different network

F%% Network mAP/% FPS/(Mi-s™)
Faster R-CNN 90.92 15
SSD 78.59 42
YOLOvV3 87.52 52
YOLOv4 90.52 46
YOLOVS 92.14 53
lmi)%i)%ez(\){]do(i‘gﬁ 96.05 62

A LAE H, Faster R-CNN R IR B 5 i, (HHSR
FHRUY B 77 5, R HMS S8 %, Kk fE
B8, TOVE RS EE R . SSD S E D, Kl
FERR, (HAFMEIRELAE 7159 F YOLO R4 %, mAP &
ik YOLOV3 1 YOLOV4 £l R R AR T #1 YOLOVS.
Mt JE i YOLOVS A%} T Faster R-CNN.SSD.YOLOV3.
YOLOv4 Fl% 3 YOLOVS 6 i H 5 A 5 24 Fe A

4 % i

LA R YOLOVS 2% REatiEAT ek, B8 m 0 s
LA J A . K-Means ZE3R15&E & 4 M 2= i
FEAEMIREAE, SINGER N, 525 3 T P4 REE S L
Re/1, WNhnzs (A 4785t (Spatial Pyramid Pooling,
SPP) idf, filiE A [l AZ B 2 ROBERRAE, SIS B,
KRB 0] 7 B A AR PR AR 28 S 4 B, I pRoAss Il T
SPETAN DR B, S skt /N B AR RS B . e i e P
Mg B RIS AR, 0IE 1 B0 YOLOVS M8 HIH 2L
Y. B0 YOLOVS 1) 2 250 735085 FE mAP FIREFD AL H it
4 (Frame Per Second, FPS) 737k %] 96.05%F1 62 /s,
T R A A BRI R R 5K, I HOGE /N E A il A5 e it
TENSE,

XPTANERE 5. GRS F8H 5 B DL ]
1G5 W 25X B YOLOVS R 7R A5 I 2% T A
WAS FESE D7 T P AR sz e, A7 i — P A 5 1A% .
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Detecting the impurities in tea using an improved YOLOvVS model

Huang Shaohua, Liang Xifeng™
(College of Mechanical & Electrical Engineering, China Jiliang University, Hangzhou 310018, China)

Abstract: Tea sorting has been one of the most important links in tea production. Manual sorting has been often adopted to
remove the excess impurities (such as branches and grains) from the collected fresh tea in traditional processing. However, the
current sorting cannot fully meet the high requirement of taste and quality in the finished tea products after collection in recent
years, due to the labor-intensive and high cost. Fortunately, machine vision has been gradually applied to tea impurity sorting,
particularly for fully automatic sorting in the process of tea collection. Among them, the single-stage lightweight network
(represented by YOLOvVS deep learning) can perform better performance for small targets with high detection speed and
accuracy. However, the conventional YOLOVS network cannot be used to extract the characteristics of tea impurities, due to
the disorderly clusters, the generally small targets, the complex types of impurities, and the similar color to the tea. Particularly,
the overlapping small targets can cause an inaccurate prediction box, leading to low accuracy or miss detection of the tea
impurities. It is necessary to improve the conventional YOLOVS network to meet the requirements of tea impurity detection. In
this study, an improved YOLOvVS model was proposed to detect the tea impurity with a higher accuracy and detection speed
than before. The YOLOvVS was taken as the baseline network. The K-Means clustering was applied to cluster the real boxes of
impurities as the anchor frame size suitable for the characteristics of tea impurities. Convolutional Block Attention Module
(CBAM) was introduced into the backbone feature extraction network (CSPDarkNet). The key features were obtained using
the channel and spatial dimension of feature images. A Spatial Pyramid Pooling (SPP) module was added to the neck network,
in order to integrate and extract the multi-scale features of different sensory fields. The deep separable convolution was
updated to reduce the number of network parameters for the higher detection speed. The confidence loss weight of the small
target prediction in the feature map was improved for the higher detection accuracy of the network for the small targets. The
data set was taken as the Tieguanyin tea mixed with the rice, melon seed shell, bamboo branches, and tea stems. The results
show that the improved YOLOVS presented a higher confidence score than the conventional one, where the positioning was
much more accurate without missing detection. The mAP and FPS of improved YOLOVS5 reached 96.05% and 62 frames/s,
respectively. The higher efficiency and robustness of the improved model were achieved to compare the mainstream target
detections. The findings can provide a strong reference for the detection accuracy and speed of small target impurities in the
tea production process.

Keywords: deep learning; algorithm; object detection; YOLOVS; tea impurities



