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W B ZERREFMNIIMNREEREREETHNE, MERQNGEENHEINE. FESHEBENESER. B
e, BH—f2 8RB IRENEESHM-YOLO, ZERE YOLOVI T Eiti E5IN iR EIRA 2 (ShuffleNetv2) (SHM ]
S) (EAETRE, HFaSHEHNESBEREUBREITERE, BUSINMGEBETIEHSEELRENSRFBEFIMEE
F1& (hierarchical scale feature pyramid network, HS-FPN) #£# (SHMHHH), BASREFLEMENE; BT, &
ZREZENR (multi-scale attention block, MAB) iR (SHMAFEIM) 4 CBK2EH, LHULESHHIEGRE TR
PRSHFRED TR, KBRS Inner-loU 5 SIoURELUIMRKSHF RRAEMEE. EEREZEBREFIINESRNE
JEE E#TIIE, SHM-YOLO{X (£ 0.969 x 102 ¥ #1 2.3 MB 77 i, BIAJSCIL 97.2% HI mAP@50. 927% I%EE (P).
93.6% MBEIZE (R) K303MmMU/sHItENIEE, HRYOLOVIIn, BEEEM=EANBN, BEREISITEE (B
62.5%) SHEFESRE (B2 47.6%), ERERBEHNESAMEEMTWIEBE .
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Appearance Quality Detection and Grading Algorithm for
Pu’er Dragon Ball Tea Based on Improved YOLOvVIIn

WANG Jianchao, LI Wei", TI Hailong, JIANG Chenxi, L.IAO Hongsen, LI Jianlong
(School of Mechanical and Transportation, Southwest Forestry University, Kunming 650224, China)

Abstract: The apperance quality of Pu’er Dragon Ball tea plays a decisive role in its market value; however, conven-
tional inspection approaches fail to simultaneously satisfy the demands of real-time efficiency, accuracy, and edge-level
deployment. In response, we propose SHM-YOLO, a lightweight object detection framework. Extending YOLOvI11, the
model employs ShuffleNetV2 (denoted as S in SHM) as the backbone, integrating point wise group convolution with
channel shuffling to minimize computational cost. Through the integration of a hierarchical scale feature pyramid network
(HS-FPN, denoted as H in SHM) that combines channel attention with dimensional matching, the model strengthens the
effectiveness of multi-scale feature fusion. At the same time, the multi-scale attention block (MAB, denoted as M in
SHM) is utilized to optimize the C3K2 structure, enabling more effective image detail extraction. To improve hounding-
box regression, the model combines Inner-loU with SloU loss, which expedites convergence and augments localization
precision. Experimental validation on a self-developed dataset for Pu’er Dragon Ball tea appearance quality confirms
that SHM-YOLO reaches 97. 2% mAP@50, 92. 7% precision (P), 93. 6% recall (R), and 303 fps, with merely 0. 969x
10%parameters and 2. 3 MB storage consumption. Compared to YOLOv11n, the model achieves higher accuracy while

markedly decreasing floating-point computation (by 62. 5%) and memory consumption (by 47. 6%) , highlighting its ex-
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cellent lightweight characteristics and strong suitability for industrial deployment.
Keywords: Pu’er Dragon Ball tea; appearance quality; improved YOLOv11n; ShuffleNetv2; HS-FPN; MAB; high pre-

cision detection; lightweight model
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Tab. 1 Images of Pu’er Dragon Ball tea under different scenarios
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Fig. 2 Quality categories of Pu’er Dragon Ball tea for testing
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Fig. 3 Image enhancement methods
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Fig. 5 Network structure of SHM-YOLO
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EFRAG I B, 1535 R SO AR I 2 R R AR R S
845 ToU H2k AU BN R ST BB 452 244 B AR, 77
FEWSNE B THE R 8 . Inner—SloU 5% BRX
LES LS 10U 5 R EARAE 1oU(SloU) #5351 AR
& DR LU Sl B SRAE RN, LA AROR [ R AR A

E B SR AT

SToU #34k B (A Aid N Ly, ) FE TR 5 ToU 155
S, PR B FUNAE A L SCHER IR L, 1R 5 | A A AT
IREIER, SR EAEFE , X HARMERERE FIRAR 2 7 B 50
SRR, ShPRFESEAEFIA RIS IA B AR € o,
HEZIRH

A+ Q)
5o (5)

A A R BRI, fi = PRI AE A L SEAE Fhs 2
(]S B B, AR 2 BE B T B Q N IR R 2R T
i EFUNMERN L SCAE < [ IR ZE 7 REAE %8 = b
225 1, ARERI R FFEE (ToU) | BNTRINIAE 5 B SEARE
ZEIMEEE HEARN
BN B,
" |BUB,
e BTN B, HESCAE,
TEE ToU B, Hop ,(xit, J’ft)%‘%ﬂ?g%ﬂz(ground
truth, GT) BT A A (x,. . ) R BUIHE (anchor) 9
AR 0, 5 by 5B GT RERSTEIE 5 5 FE w0 55 4
N Anchor HERY 58 5 . FBIAE RO 4E i EL ] (ratio,
HAdid A, BEBEEE0.5,1.5], HFRET
HEMERI RN T ERIBIA R AN

Lyy=1=1y+

o (6)

Wy * Tasio N t Wy * Ty
bt =l = —Eo b = al =, (7)
by« 7y . ) v T
b=yl - b =y e (8)
oA, b8, 08, 0%, b8 N CTHERBIIA AR /2 G BV
L
SFTFFHUNAE B ELAZHN
W * T W * T
b =x, — > b, =x, + 5 e 9)
h - ry, h -1y,
b!:y(‘_ 2 ’bb:y(~+ 2 ° (10)
HH bbb, by N Anchor HEXF LAY /E VA L BV
AL

REFHENHE AN
by = (min(bf‘, b,) - max(bi"", bl)) . (min(bﬁ‘, b,,) -

max(bfl,b'))o (11)

Uign = (wgt : hgl) : (ratio)z + (w : h) : (rmo)z = Lyeo
(12)
KA i, NEBIHE 2 (| B R u,,, NI R

1R AR
i B AR A ST nner-ToU (AT N
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Loy ime = - (13)

Inner—SloU #5% bR &L A% O R AEUE 1 1 8 R el By

I FRAE 4 RS SRR =1 ToU FE AR (8 [B] U 8 22 ] Fof 38 5

K loU FEZR B [ANTRER . Inner—SloU fR4 4L (X rhid

H Liper - 50 HE AR

Lyer - s100 = Ly + Tow = Loy iero (14)

S L FIRRHE A R AN ToU H35R BR8L 1, B

HE 5 B SEAE Z (RIS FE Y 1oy e 0 B I S B 320 GRLAE
HHEEZHIAERR I,

1831 5] A Inner—SloU #7252 (R %7 , SHM-YOLO E4b

R ERASIX —/ NS 2 AR ) H AR, R

THEHEOERE SRS, BN S , Inner-SloU 7
2 RS 1o A R RS TR 7 B ot 8 ) el B 30 SRAE B9 K
N, DX AE SRR BB % 18 L0 I = ToU AEAR Y [A])
[ I £ IS ToU AR AR B [R50 51 . AT, SHM=-YOLO
T E R BRAS IX —REE AL 55, REfS ST BE U 1Y E o7
AEE AU SR

2 FZR5Wie

2.1 REKIE
AT FErh TR B I R HORE 17 2 AR
ML 2,

#2 RXRNLRE

Tab. 2 Experimental testing environment

BT e sk IR

Hardwork platform or software environment

FSHRREZ R
Model identification or name

SHERA

Parameters or versions

CPU
GPU

HEIRS

Computer system

W STER
Deep learning framework

eSS

Computing platform

ERITRINE

Integrated development environment

IZES

Programming language

IntelCorei7-14900F

2.10 GHz

NVDIAGeForceRTX4060 E1TMFH 16 GB
Windowsll 22 631.446 0
Pytorch 1.12.1
CUDA 12.1
PyCharm 202413
Python 3.9.7

2.2 FMNER

TER AR FBCGH AL M RE R B fE rp , D SE 8]
o H T EAE R SSIE, AR OER T —R&5IE
AR RN AR,

FEYE R (precision, P) , 1F R iy S A5 AU 700 45 5 v
B M HY BE SLHE AR L BERR BV e Ik HE A2 i B R A1 e
NIEFEZAR B, S RN IEREAR R B, FAE TS
BTSN A RS R S 7T TH R 86 A rT s E A L

T,
b=

o T, N E IEH (true positive ) , A TE A N A 1E 7Y
FEARELE ; F, R IE ] (false positive ) , f 7 55 152 1l 71
UIPSMSEREEIN e

A (vecall, R) [AIFE R R HE B, H &7 E T A5t
RULEFTA LR IEREAR A, BRI B TEAR AR EE ], 1X

(15)

N TR AT IEFE R SRR R CER AR
_ T

T, + F,°
o, Fy OB A (false negative) , BV AL EE R T 9
TEIFEAREL

SEIE RS FE 51 4E (mean average precision, mAP, o

WHm,,), GFEZERET ARG R ZRAKE T
J& , BE BE N 2 T BT AR RS AR A [|] BB E T B RE
R, HEARN

— 1 N :
mAP_;;AP(L) (17)

A n N FRIEG ORI A IRE A, () N
DA BT FEIRE FE (average precision) o

Z 4R (Params ) 1813 BACBIL S B8R, E R
WAL 55 2R AR B2, X A AL S Rt R R R
KENEK, F s BEIRE(FLOPs ) i B AR — VKAl

R (16)
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AERRENE S8R, BT 7S TR BT AT
FREEFE A AR . XA BN S, NS
YEFE N SO R BIPERE T R M BE SR IE R A R TR ARG
SIHTRLAE o
2.3 Hrtidie

BEXSAH FE 2 tH R AL R AL 7 5 SR T Rl e
HATIRAE . ¥ YOLOVIInid WA, 7E A BRIk &t
A ShuffleNetv2 55 . HS-FPN 5 5t | C3K2_MAB #5
B Inner—SloU #R5% pRIEL , F415 211 I 25 LR YR IE
B.C.D\E, 5ZHI FAH E A 25 e E RIS s 615
FHAGeEE R, WK 3,

*3 HELRE

Tab. 3 Results of ablation experiment

Ec%el P R mAP50 mAP50-95 (rtirﬁl:jssg) Params/M FLOPs/G
A 0.870 0.928 0.966 0.765 204 2.583 6.3
B 0.887 0.956 0.973 0.791 236 1.706 41
(6] 0912 0.89% 0.971 0.783 313 0.960 33
D 0.920 0916 0.972 0.770 313 0.968 3.4
E 0.927 0936 0.972 0.760 303 0.968 3.4

IRIREE IR |, Bl & ShuffleNet2 #HL 2 f5 , AR
Etahn SR BN EA B EER N T — PR
REAEIAL 5] A HS-FPN 15, /55 A C3K2_MAB
FEHL  Inner—SloU #5355 pREU RS B DA N A [B]3%6 X —
BTt SHM-YOLO 5328457 YOLOv1 1 AHEL P 12
F+6.6%, REEF 4. 1%, i Z £ & 2R 0. 968 M,
ZAH IR IGE T & SO R B A R FE A
ESE TIRATEEZ R TGS, X2 TRE
R, BREFA TR RE

AB.C.D.E 5 MBI 2R A2 s ok B 2 i 22
R 10 fiw , BEAFR I YITZREE YR (Epoch) , AR A
T 155 (total loss) o 7E 300 NI EHANG , 5 MEALZR
TS, I HAR B N e/ N o (X — A AR IA X 2L
TR TR ARG VE R R A 73 2R 75 T A AR
HIBE ST, SRTH (EURERS , B 0 H SR AR SME , Al
T B EHRSE, T BLC D ML F e R AL, XA
R 53R 3 FRTIN—2
2.4 IFEbifie

N T WA AR SHM-YOLO 78 3% /H 45 i 86
MAE S5 R MR RE LSS, Ze BT YOLOv6n, YOLOvV8n,
YOLOv9—tiny. YOLOv10n = {7 H b6 MR 1756t b
R, RIS R IR 4,

- RYRC
04r
A
— B
—_—(
— D
0.3
“ —E
2
e
B3
BS
=
0 1 1 J
0 100 200 300
PIER S/
Epoch
E10 ilg&iREXILL
Fig. 10 Comparison of training loss curves
x4 WELKBRER
Tab. 4 Comparison experiment results
ok FPS/
Model P R mAP50 mAP50-90 (s Params/M FLOPs/G
YOLOv6-n 0893 0938 0977 0775 294 4156 115
YOLOv8n 0898 0868 095 0758 182 2.685 6.8
YOLOvO-tiny 0881 0957 0975 0778 137 1730 6.4
YOLOVIO-n 0921 0869 0969 0763 208 2.696 82
SHM-YOLO 0927 093 0972  0.760 303 0.969 34

BT bk 2 4 B HE o A B R G B L SHM-
YOLO 7£ #1738 15 0 2R 55 i &= o3 KA il N ik 2 1
0. 927 BHEREZR , 45 B EL YOLOv6—n F1 YOLOV9-tiny 2
T 3.81% F15.22%, A, S8 & T 2 A
0.969 M, £ & £ 75 i , SHM-YOLO A i %A
303 /s (£F 5K &% 3.3 ms) , 43 A kb YOLOv8n A1
YOLOvO—-tiny #2 /5 7 121 /s (55K B4 2. 19 ms) #1
166 /s (FFK (5 3. 98 ms) o X LE R IIER T SHM-
YOLO 7E 5 {H Bk 3 kil 75 I A 28k . e
I FE AERR 1 = B A9 R I, SHM-YOLO /£ 7H
T Bk A P s rR B SERR N R 2 A ERAYE .

2.5 AHREIaR

N T 3E{# SHM=YOLO F1 YOLOv11 7ESE i AE =
BEAT I H R AS 73 G B8 R, AR 7R T 25
) SHM-YOLO #1 YOLOv 1 1 #5578 R FH -9 K i VH I,
BRE SRR . IMES R e S22 RFRREN
ARSI, B AR o D0 T S SRS Y () &
B R R B BRI TR 5 %
N RAERREME, MY A T 2R R 58 75
S PR A NS Y i v o SR, 75 SR G IR [m] LT
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SRMAG SRR HY 7 B KRBk . EREER AT R
T, WA 11 (a) Frs , SHM-YOLO 1 YOLOv11 B J& 3R
H T RS E G (H SHM-YOLO B infiiitk, f£ARH
FIEEMH T UG afEmE R, BAEGEHFER
T, W& 11 (b) ff 7 , SHM-YOLO 132§ T HS-FPN 5
C3K2_MAB BR &R H | 1883 B A 20 A RS i e PR AT R
B S 2 R R IR T B AR

B I 2 SN AR BIF 58 38 A A T AN 0E [E]
(gradient—weighted class activation mapping)ﬂ%ﬂ?lﬂﬂj,
WE 11 (c) fiRe MFIRIEE 11 (c) Hhaf A EER],
SHM-YOLO Ft YOLOv1 1 B8 R A 21 48 X Sk B AR B R,
X HH S VH 2R A AL B IR O L (15 I BE g &

@ @

bad 0.8

g s
YOLOvl11n ‘

-
\ 4

&lel

A8 |

104 0.85 b@ r‘
‘ ®

SHM-YOLO

&l ¢

-

(a) FI (A5 XS LA N2, R
(a) Comparison of detection results under
white background

ETHEAMERNFRE X 2 Bk, AR T xf
B GCRER TR 2 N 28 SRRV AN fE bR LA S5 75
T SE it — 2 51| G SR 12t — B TH e R A 7y ke
METTR . XA TSRl A EFAATSE

ZAEH N REARUEE. SR RERG ]
RT3 9 R BB TR T TR £ E Y
WG ERERI M RIFIERE . ARHFTHINGHE
3R AR - A 73 28 DR AR it i S ARG 5tk
BERENZENE. A, AHABEE—ERR,
BRI T E R AR AR (EL A T R R RO
HEER A TR TSR] FAEASK R X 25 ] T
RAIT o

YOLOvl1In

SHM-YOLO

(b) ANTFI S E BT XS LS U285 2
(b) Comparison of detection results under different
background lights

YOLOvlIn

SHM-YOLO

(c) ASFARDL T B EE RS RS LR 28 5L
(c) Comparison of detection results of gradient weighted class
activation maps under different conditions

11 SHM-YOLO 5 YOLOv11n AT ¥ 4L 18 M 5 R 3T LE
Fig. 11 Visual comparison of detection results between SHM-YOLO and YOLOv11n

2.6 ERBESNHE

ANFF TR B9 SHM-YOLO #5581 & 5 2hih B T
TEIERAS B Tl A P =B R v s N SEIRS I R SE A Bl 1 T
M S SER M, BT T B NS S5 A AR E R AR B
P 3 BB A A B AR RSB TT R I 12 s e & S8
ZE A AL HE SHM-Y OLO A6 Y 2% | SEAARAA , DA R B+

P T PEEH AR AN B . E5%, Bl eiE L
MAEFLSE I R SR T B e BR A E5, R
Gl A B EE A SHM-YOLO 15 8Y 138 St Hik 7% it
1T EARKLI o IR EE & A g 2 2 8 78 1 2% (program-
mable logic controller, PLC) ¥t i 732845 51, 5| G umA
TTHICSE R H 2R SRR RE. H, &8 ~mE
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TIHRIGIE ANTEREATAL , U s e, SEBRL T SERS (15
K& RER A SEASHUTRIHERER] . RGBLREHY
AWLEH (human machine interface, HMI) , ] SZH s ]
KPR 5 53 REE R 1R R G5 Bk SRR

e ien

Structural designs

BB H G

HMI human machine interface

12 JE7R 1 AR5 AR G RO SR R TR SEFR
P IR RCR, 0k T AR R GAE Tl R R A
SN SR E M.

ML i

Machine deployment diagram

12 EEREFENRENG

Fig. 12 Pu'er Dragon Ball tea inspection and sorting system

ARHF R VE e R A oA 73 AT 55 Y i 2
ME R T — A E T H4GH YOLOv] 1n BYFINAAARY | 85 &5
TEF AR B MIIG FE f AR e s =il . K
X —HAr, #1177 4 TR g G : PL ShuffleNetv2 5
FETF N, F SRS R B R RO SR AR R
FHEHEET; 51\ HS-FPN £544 , 5 & 88 B /1 54
J& VEEdHE 2 RO RFIE L & ; F MAB SRR {1k C3K2
BAERL  MAB 25 & 70158 (meta former) , % KRR
BV 1S 2 AR E T T B, SR B E R 5
YT s 2t HARAER] T, $2 HY InnerSToU #32< BAL, 271
AFRERACR . FEA R BR TR S A A i 5150 2
/N, SHM-YOLO A Z 42 0. 969 M % S Hiz H =
3.4 G IEEE R A B S | P15 0. 927 RiX 0. 936
mAP50 3% 0. 972, 1% A 303 Mi/s, $HEE YOLOv1 In, 7%
BEOEE R 62. 5% NTF b5 F % 47. 6%, i R 42 FF
48.5%. I 45 RE , 7E R BB NS
ERZ M ETHE T, FEAE X E (mAP@S0) ik
27 97.2%, A A B2 (R) F2 7+ 2 93. 6%, 7 T3 1k

DT RBISHENTEERE . R R
KR G KRR T I R BU &, AT T
FitEREIZ IRIVIE < o

ISR A 738 2 G SHM-Y OLO A5 AU 350 5B 1] S
s b A e B DALY IR B R % %, £
B R FE 08 5 A B BB st ELRS v b 5 T e
BRASHEAT RS 7> 9, KiREE & 7 S H B AE AE =
IR A B R B ROR  Se iy . fEA 72k |,
E 7% B RS S A A I AS I B A2 P2 150, 76 HML |, #4E
N 24 T S SRR 28 VR R R ) 3 R U L R B SR EL
ROMIZE B, RS TH S Bk 2RO 5 SE AN i S S ER T He
ALERARYE , > T AT AW HRE ., BRe T
A= B SR T B R AR R AR IR R
TEACER = i R e e M, B Bk Al B v o
HERIEATRASNT,

Z X M
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