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Lightweight recyclable bottle color recognition based on YOLOvVSs

Wang Zhen Wu Qunbiao
(School of Mechanical Engineering, Jiangsu University of Science and Technology, Zhenjiang 212003, China)

Fang Haifeng Cao Jin

Abstract: For different colors of recyclable beverage bottles with different recycling values and the need to solve the color
identification sorting problem, a lightweight model based on YOLOv5s and with DELTA parallel robot sorting
equipment is proposed for intelligent identification sorting. This model reduces the number of C3 in the original Backbone
and uses 1 X1 convolution kernel instead of C3 and 3X 3 convolution kernel in the Conv module part. GhostConv is used
instead of traditional Conv. CIOU Loss increases the Loss of detection box scale, length and width to improve the
rectangular box regression effect. CIOU Loss is chosen as the bounding box loss function, and the effectiveness of this
model is verified by comparing experiments with other traditional models. The results show that the number of
parameters and computation volume are reduced by 33.80% and 36.84% , respectively, compared with the original
model, and the recognition time for the color of recycled beverage bottles reaches 0. 008 s, which can recognize 125
images per second, and the recognition accuracy reaches 97%. Compared with the traditional model, the improved
YOLOv5s model has higher recognition accuracy and faster recognition speed.
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TR YRR 28 5 I (9 WORMI L T (L4 & S5 SRR

0
5! LA TR P 1 0 €00 SO R o DR L 0 T A 1 AR

il

P it AR AR 2 U R AR B AR Y PR i L 2 A
U TR B A T e S ISR R T [ S ) P 5 O 348 i B 2
Sl . PET (8B 54T TR BE 23 R 1 Uk [0 Wic ik i 28 7 i1 ]
TR T A A R T R A S5 R IR . PET [ K Y £

¥ Fs B 89 :2022-12-17

HREAT BUE 73 32 38 0 Al M AR 7 2K R R ok
SEBUYCRHR Y 234 L (523 JE B B AR, — B RS B —
J . PR R 5 F 5 AT Il ORI Y 23 26 05 i DL AR v a0 26
203 T FE DA AR R Ak 2

CTEEWE EEARP RIS FERETES (11502098) T FHEORUR AL £ IR 4x (BA2017090) VLA H ik TRAA

RERAY ]

— 160 — MEAPERTFMEHLAR

LT Hr SRz L T



c023% 3 B

I F42% 5 31

AT A B P b 2438 3 B AR 5 25, W08 3R B8 RN E
AU AT BF 5. B R F %D EIOU #it & R B B
YOLOvS B35 GIOU 451 2% pR B0k I AL I 2B 7Y, 32
SR ORE B, S X E bR R A IR B Ak AR L
YOLOvA A FE a7 3 W 4% ofoin A 2 2 AL B IR
E A EERRE LS SRR BB A&, Rl
MERVH A S B L A BN R I R e O S, W 4
LU N R R R AE [ 4 3 K-means 5% 28540 1 i 4 HE 4k
B IS R A R R R T 2 S A RS ral IV il o S
A7 45550 R 4% ol B 2 N 46 B 9 45 45 K L X YOLOva
F= T o AT Btk F X BSR4 JR S AR A 2 — 28 0 i
SEELAR IR B JR 45 AN, Wang 2870 5% A ™ 4 BE X A
LB AT B 00 AT 4 B L i T ReliefF 85 34T AL 48
B, B 28 % JTI 3 43 1) ML (SVMD B e X6 AT [0 500 38 47 33
U] s S R T — R TR A A A Y 4
KA BG4y BB AR AT [ e OB IR 9 B30 € i A7 43 2%
BEAR T 2 B ORI X 43 251 T 4. Fang 55 81 T —
o 35 T S R 1) o ML 4 22 U B R R T [ i O R
HEAT RN R B RE SCIBURE oA B ) R 2 R S i
HURITREE FEIMA T 2S5 15 TRk mMZ e
TATEh T B K A s AL EE SR FH YOLOVSs M
LA Sy B ORI 5 4 AT AR 1 o R Ay SRR AR
Yo R4 AT N S SR, 3 26 7 ¥k 32 AR XK [R] Y BF 5T
o G R O % R T S R R B €8 TR 300 R B ST R 0 B )
FR NG FE

LA 05 R A% S 3 mT e CRHIR 4 20 3R 1 R Tl
MGEZ R TH N EENETT R, B SCES
— T YOLOvSs 5 5 A0 A5 A X SR 48 B (1% 7 18] 5 2ok
R PR AT IR & 38 5 43 358 18 4 147 X6 L o7 8 I, e ¢
SCILTFIA G B AR I8 A SE I g UE T A Ak .

1 RIE YRR IR A & S 38 iR

1.1 HEEEEE

FAR AT A =l R L SR A R 9 2 40 3R 5 I
PRI S8 TAERCR o AH BT SRR 5 2 1 IS B A4 7T [m]
WO, DU 43 6 K5 B G T R, DELTA FHBRHL#8 A
AR R, HEAE Bl B P BICCE o L B R AT ik
B B B 3 28 AR U AR SC#5 T DELTA Hlgs A%
BB UE 1 iR,

A [l ISR AR R B 38 8 A% T2 Pl L AR e | ) A
He 543 i 3 AN o 4 Ak, PUNBI R = B HE KGR 4R
FEHL S T ML, 43 B 455 He W A 45 4 3% 7 . & DELTA 3%
BHLER N (PLC #HI4E &5 7 R RE

SR A L S B IRCAHT L G s ol JHL AR 53] 20 % 1oz BB
iR EE PLC #EHIAE . LS00 501 U0 kS B 5 3k
JEE X} AT 0 ALK RO D BT €8 3 5% 5 i) e 5 PRI U AR R AR SC I
FEMRAE.

AL H SRz L T

U B X it
DELTAMLESA
A\
) e
PLCE‘Eﬂé
U ERE

P10 1 B

1.2 YOLOv5 I it B

H#i, 76 One-Stage &.3% 1, YOLOvS5 & YOLO &4
SR I BAR R B JESE T YOLOv4 19 {8 3, 9 X
Backbone ., Neck 27 A #4706 .

E YOLOvS 5k A 4 A4 W4 68, 4 51 2
YOLOv5s, YOLOv5m, YOLOv51, YOLOvSx, B i1/ %
SR FEARAR AR, 32 B2 X500 hy X 45 1 B S5 ORI

YOLOv5s M2 F5 R 3= % iy Backbone 5 Head 4 1.
HABTRI M 45 45k 2 B,

2 YOLOv5s M 4% 45 R 2 K

F+ ™ 4% Backbone f14% T Focus.Conv, C3.SPP %
Zh e,

Focus BB #E47 U1 R 4545 6 &R S0 U1 43 ok
4 RO F B E I B TS T SR R REAE B, R AT
Concat BHERRAE , 5 &3 13 % U . Focus B >
TIPS T MR, A E 3 iR,

Bl 3 Focus R4k 4

C3 BEGMI8 T B R #4544 P ) — 4> Conv, 5K 5
il S22 9 R 0 RS 30 DA TS 4 08 1o 5 I BB )2 U 45 A R
EMEIF. Am D T EEZMOER IR T

EAA TR — 161 —



W R X i
YOLOvSs P24 2 fig 0 xF b & 4 B,

=78

_ ~ _, In*Bottleneck X
B =

»( Conv >

B 4 C3 B Al BottleCSP 5 H X [t

SPP A B U fifi F — Wk AR AE 42 Bk G T R B s L.
SPP B #E4T 5X5.9X 9,13 X 13 5 Kt 4k Al — 4> Bk BR 4
BERRAE, TT LB 32 R TR R~ 9 AR S DX 331 A 9 45 8 T
P 7 R H— RS (045 AR Ok L F AR B B
Z5@ F Concat A B th , HE5H A 5 FR .

5 5 SPP M #% 25 14 7 2 15

Head #6743 i FPN 454 PAN 41y . & J¢ FPN %
R AE Bl R O AT R B 4% 32k G, A5 3
W B R AE DS P G PAN MR F R o R EERY 7 R
] L A% R AT L B T 4 AR AE Bl A BE 1T

2 AR R EHE B BB B IR R

2.1 Backbone {1

ol A S S g O = P
¥ . 7F Backbone 59, 7% SCK 4 B B9 C3 A5 400 M &2
— A~ R TR 4 AR v il K 3 B RE 5 B 2 BT L (R
SO O, AR T AR R IR B A 3G it A SR
FH1X1 BB C3 il Conv BEHLEB4> 3 X 3 (4
A% R 45 U R 245 B I 2 5 U AR ) . Ok T i — ek b B
.5 A Ghost ik,

Ghost # 3t J&: GhostNet 1 4t ) — A~ 55 5% e, m]
PLFRE 0 1 2 BORTH 5 3Kk 45 0 22 1 SRR 4F 1, JR 3 G 141 6
R .

Identity

/ﬁ

\

Tnput Output

K 6  Ghost #& 1 5 FH

— 162 — HEAPRTFTMELEAR

20235 3 B
H42E 5 I

Ghost %5 FUE i K 1% 5t % PRz 55 5 17 b 2t s 5
L5 FEOT ML TR A JB0S R AR RS AR 22 TR] 1 56
F AR TR S RO RO S RO TR
PRUE T AL IR Bk )R MR B AL YOLOvSs #5220 4%
RESH IR 1 FR .

x1 B2 YOLOvSs ERIE (ki

e AR 2 LR Hodl x4
0 —1 3520 Focus [3,32,3]
1 —1 2176 GhostConv [32,64,3,2]
2 —1 18 816 C3 [64.64,1]
3 —1 8 448 GhostConv [64,128,3,2]
4 —1 74 496 C3 [128,128,1]
5 —1 33 280 GhostConv [128,256,3.2]
6 —1 296 448 C3 [256,256,1]
7 —1 132 096 GhostConv [256.512,3,2]
8 —1 656 896 SPP [512.512.[5.9.13]]
9 —1 1182 720 C3 [512,512,1,False]
10 —1 131 584 Conv [512,256,1,1]
11 —1 0 Upsample [ None,2]
12 [—1,6] 0 Concat [1]
13 —1 361 984 C3 [512,256,1,False]
14 —1 33 024 Conv  [256,128,1,1]
15 —1 0 Upsample [None.2]
16 [—1,4] 0 Concat [1]
17 —1 90 880 C3 [256.128,1,False]
18 —1 16 640 Conv  [128.128.1,2]
19 [—1,14] 0  Concat [1]
20 —1 296 448 C3 [256.256,1,False]
21 —1 66 048 Conv  [256,256,1,2]
22 [—1,10] 0  Concat [1]
23 —1 1182720 C3 [512,512,1,False]

Zt it Rk YOLOvSs B8 28k 247 2. &
B 4 817 469 4~, i 8 & 8 10.8 GFLOPS, & A #)
YOLOv5s B8 Z¥h 283 )2, 280N 7 276 605 4, i+ 5
A 17.1 GFLOPS, £ WH B ifk YOLOv5s BRI S
HD T 33.80% , IR EE DT 36.84% .

2.2 Loss ftft

YOLOvS #1 2k o 0 4 $5 43 28 #1 2k (classification
loss) BN 2 (localization loss) B A5 B #it 2< (confidence
loss) » A5 2% RS 3 Ff 48t 2 AR i it 45 20 /9. AETEEE
O3 AR AT YN L st % g A 28 0 T o0 38 SRR 8 2K
HEGR T Softmax pREUM T FREAR T 3H88 5 24,

2 3 TN 5 B S HE 7 T e AL PO S L K
TR R, A S T YOLOvSs A B GIOU #it 2k,
Ve W AE MK B4R JE AE [8 11 (9 CTOU 1 %< 4E 4 bounding
box [B1 I ) 451 2% oA 45k 12 e e S50 B N A L 28 5K
mr.

LT Hr SRz L T




2023F 3 5
H4E £ I

o

2
CIOU Loss = 1— 10U + 2220 DO
C

e " (b6 43 IR 3 THUIAE R L S HE /Y ot 51 Y BR
TCHRE 5 ¢ 7 B AE 1 0 S HE A 4 /) PAT 6 X0 o ) 46
FIRY 5 o RN AUH SR o R B AE A1 H R AE 2 18] /Y 58 &
FLAIR A RE

3 YOLOVv5s 2= 4 7] B 4 ¢k #2130 15 3l

3.1 ERBIEERNHE

FHE SR BAIRRUR I E T IR BRI Z RN AT
FEAR IR 22, T ZRTHL T 00 T i R FAE R . R AT [l i
R B 2, 4335 T & AT HOHE 2 A0 48, Rk IR B 43
FRNH 1 600X1 200, EHREMAE 5 DA, 735 iR
o WEA RSO R A BV A, H make sense T.
FLS B R o AT ORI AT B € B T A ] L A
B 7 FTR . ) Bl SO DL oxe FE N JE B FE A labels
S

B7 AT D ORI bR

W TS HCHR 5 742 89+ LAY BE 310 30 43 Sy VI 45 48 3
B B AN R EALEE 1 350 sk A IR AR 45 150 5kIE K.
3.2 ZWIFERINE

7R 3SR (1 B4 I R E AR TR 2 ST Py-
torch HEZ2 R 52 1. 5% J| Windows10 BE1E & 45, 52 5 H 4k
Wk 2 iR,

F2 ZTRRERSE

24 [
BIERS Windows10
CPU Intel(R) Core(TM) i5-10400F CPU @ 2. 90 GHz
GPU GeForce GTX 1650 SUPER
Python B4 3.7
Jin 3 B 855 CUDA10. 2

TER AL YOLOvSs B 25 2 BT , 75 B 900 R 1k W 4%
SR, YOLOvVSs %2 808 & 4 5 4B A K/ANA
640X 640, W HH=: > F 59 0. 01, FLE Z W R H N 0. 000 5,
Batch A 12, fe RiEAR R ECH 500,

HERABLAEH] 400 W Z )5, 1K RECE B R FE R 2,
RESBEL N 0. 021 9, BRI K B itk K 8 im. 5

AL H SRz L T

AR X #

Ji P 245 A5 T AH L o P A R A O Wi S R L R LA
B B AR E

0.20 — B YOLOVSs
0.18 -~~~ YOLOv5s

0 50 100 150 200 250 300 350 400 450 500
BARE

B8 45 5% bR K e i 28

3.3 MHEEIERIEN

ASCOR T A Tl BE 4 A X S 50 A Y SR AT VE A, 43 ) R
K5 BE (Precision) . A [A] # (Recall) \mAP @ 0. 5 (ToU # K
0.5 AT A 25 51 (0 ¥ AP) . mAP@0. 5: 0. 95 (¥£ A [A]
IoU F{A S mAP,ToU BUEM 0.5 # 0. 95, K K
0.05),

Precision &7~ 1€ A] [WSCCRHI B (0 808 45 P L PR 50
AT ISR CRH L I € 5500, 5 R T 31 445 SR 1 I i
W2, & 9 FiR .

TP

Precision = TP L FP 2)
FH TP 7R $000 kv [l e kR . ) 2 T Ik iR Rt
HAECE s FP 38 7% R T AS J2 o] [l e 0k i, AR 50 2
CINEN &y @S NEOE

9 H i YOLOv5s BT I 3 i) 451 32 85 K, 4 SC A 7Rl
ERE I AAET  SEh 8 T WA L I 55 JEASE RS B A Y

1.0p

02} — BHEYOLOVSS
01] - -~ YOLOVSs

0 50 100 150 200 250 300 350 400 450 500
BERUEL
B9 R il £k

Recall 78 75 27 m] [ ORI B 6 80dk 46 o, IR 5
WU R AT s ORHL ) BORE FE R A 10 R

—— BHEYOLOVSs
---- YOLOvS5s

100 150 200 250 300 350 400 450 500
AU EL
PERCIRY1 i 5

0 50

Bl 10

EAAEFMEHEAR — 163 —



R X #

TP .
Recall :m (3)
v R NI 5 1 S A T 121 7 N T T

HHL I RO

Bl 10 Hp AR SRS RL 7 i 4 D A0 T DR Y, ik v R B
FHX ARG+ e 39330 B0 0 8 R (Lt g 5 T R R

S P e A i R N AT 11 B L 5 R R AR L AR S
BEHL m AP (B 7EAT A B B bR 26 v TR R, FLIK B i A
R,

— H#FYOLOVSs
--- YOLOVS5s

0 50 100 150 200 250 300 350 400 450 500
AR
(a) mAP@O.548 4kt 2%

0.2 —B#EYOLOVSs
0.1 l,‘ --- YOLOvS5s

0 50 100 150 200 250 300 350 400 450 500
AR
(b) mAP@0.5:0 9554kl 2%

P11 S0 3 fE 2

- C 2 =l A S O LA S N DU T T
YOLOvVSs [ 25 45 8365 0[] e ok B - 50 16 1 2k By
BRI R A AR

4 ZWERSTERER

e I 2 I 5 58 =2 S 308 BB 0 ARCE A I 1
YA A f LAY p U, fE B — TR IR A 12
B R ORI B R IR B T 9700, B W @ UORH
EARELET 98%.

(a) B—WEA (b) B—FEWE

K12 f— ol

— 164 — HEHIAPBRTMEHLAR

20235 3 B
H42E 5 I

TESE PR BT A ] Wi ORI 20 AR 22 9 A7 A HE B B
LGRSO A Je 00 R X Al SRR 2 AT U, dn
B 13 7R o A ] [l i ORI 3 B FECR: AR 2 B O F
WAE B AR 47 i U3y H AR, BARBEIR B T 960 ~98%.,

(a) HERAEL
B 13 22 T a0

(b) REFHBL

AT RAESEH %, 5 k 4B (KNN) . SVM, % B
2228 (CCNND AL 3 JL AR 20 (VGG) R0 He 48 1 45 51
= 3PN,

®3 BEHEFEURIL

SCIEIE YNGRKSEE/ Y BRI /s BURKS S/ %
KNN 93. 4 0.109 92.3
SVM 96. 4 0.016 96. 5
CNN 95. 8 0. 230 91.8
VGG 97.7 0. 053 96. 8

YOLOv5s 98. 23 0. 032 97
R 98. 46 0. 008 97

RYE LI 2E T m %t & B, BT KNN 89k 2 5 5 05
SR, T BOA [ 9 U SR A2 1 Gk s 09 &5 SR A 22 5 K, BT
VIR 2RRE BB . SVM BT 12 7 25k AR 200 47 iy 40 791 Ak 38
TAE, CNN %3k nl L 3 0] 5 42 90 47 40 L 3 2 7
AR A, Softmax 43 FE 3 M4 BB, VGG B ik
TER % T 50 R % mT [l i PR Y 2316 0 50 000 g R T
YOLOv5s #5354k YOLOv5s [ 4% 46 51 %) fiF 4 51 6,
4 T T SRR AR B T R R 31 254 B 5 100 e 4 1)
BET 0.23% 5 0.024 s, R E B 125 3K/, i858 T
0. 008 s,

) 245 [1%) 245 ¥4 75 A 2 ot IO 245 (10 1 B8 45 A 5 i 3 3 T
SE HE— A UIE B 2% 1 A Ak L anER 4 TR,

R4 HEKIBMEREXLL

o 2% 155 A W/ % mAP@0. 5/ %
YOLOv5s-SE 95. 67 94. 56
YOLOv5s-CBAM 96. 84 96. 28
YOLOv5s-MobileNetV2 94. 93 95. 31
A3 98. 46 98. 35

5 36 245 2R e W] AR S (R 248 A TR0 L 3 08 0 L

LT Hr SRz L T



2023F 3 5
H4E £ I

il 14k Backbone ‘B 125 #4 11 % 45 B BURS 5 A1 mAP {H
. BT REABEA YOLOV5s-MobileNet V2, 12 45 £
Wi BRI mAP (E 20 94 TF T 3. 53% Ml 3.04% ., TE4> ik
£ S BRIRAE A B RORDI RN 2R B T 989

5 & i

AL YOLOvSs B8 - vl B oRHIR 5
BN 4028 R T PET [ B ) 4l € B0k 100, 75 1k J5
FP T A= a5 R R OF HOSE B0 T B0 0 Y v A 5
PO pE, a5 BRI, W0 TR MBI C3 MR, I
1X 1 B C3 Fl Conv B> 3X 3 WY BT,
51 A Ghost B, (15 S8/ T 33. 80 % 153 B 7] ik
AT 36,84 %0, R T EARGE B, SR ARCRE A K CIOU
PR B T FAALE) GIOU #1125 fE°4 bounding box [B] 15
AR 46 PR, [T AR 52 Ak YOLOvSs B B4 25 57 %k i 81
HRIFRAE R RENE REEAN 0.021 9, HEE
16 YOLOv5s # % FHl KNN,SVM,CNN, VGG #3147 43
KRN, SR 25 R, 5 AR L, X ] Rk
BB @ I GG RS T 0.23%, IR B A 4R s T
0.024 s, Btk YOLOvSs #5515 51 v 5 % 0 ey L 4350 5k

& % x W

[1] SCHMIDT S, LANER D, VAN EYGEN E, et al.
Material efficiency to measure the environmental per-
formance of waste management systems: A case stud-
y on PET bottle recycling in Austria, Germany andS-
erbial ] ]. Waste Management,2020,110:74-86.

[2] BAREREEA. T YOLOVS 5%k 1 58 3 b s 15 51
FORBE T LT AL 0055 A A5 4, 2021, 35 (10D
137-144.

(3] 4kt . #hildE, £, % B THREES M ED-YO-
LO #7384 T8 A L3 B A5 R A [ ], AR R
¥ 4,2021,42(10) :161-170.

(4] WG4, A B 5k RU 38 T3 ROHL AL A8 1) b7 35 28 k) iR
WA EEMTEL) ] B AR, 2021,44(23)
12-17.

(5] 27 R 57 MAESE, % KT M-YOLOv4 #E A
EURES A E I 7y oA B B = 7 N SR 1 3 N
2022,41(4) :15-21.

[6] WANG Z K, PENG B B, HUANG Y J, et al. Clas-
sification for plastic bottles recycling based on image
recognition [ J ]. Waste Management, 2019, 88;:
170-181.

(7] FEaeae. 3T 36 RRAF A al i 38 kLR 43 28 53 55
FE[D]. MR . b TR K %% . 2018.

[8] FANG H F, CAO J, CAI L H, et al. The recogni-

tion of plastic bottle using linear multi hierarchical

AL H SRz L T

AR X #

SVM classifier[J ]. Journal of Intelligent and Fuzzy
Systems, 2021(10) :1-14.

(9] ERATHCR ARBTL A5, 3T YOLOVSs 45 (¥ 1 3 43
HKAKILT]. f % TR, 2021,42(8) :50-56.

[10]  SRZHE, PE B, W FY, 48 HE T YOLOVS 19 i J2X 4]
PG ARG DU T v L. H i R, 2021, 44(8) s
87-92.

[11] WANG H, ZHANG S, ZHAO S H,et al. Real-time
detection and tracking of fish abnormal behavior based
on improved YOLOv5 and SiamRPN+ -+ [J]. Com-
puters and Electronics in Agriculture, 2022, 192.
106512.

[12] LI S,GU X, XU X, et al. Detection of concealed
cracks from ground penetrating radar images based on
deep learning algorithm[]]. Construction and Build-
ing Materials, 2021, 273:121949.

[13] ¥ LR R SR, HE T yolovh 193¢ iH A 7 1R I
KT AR R BAREF R, 2021(4) :28-30.

C14] 2R, G AR 0T, JE @I, 4% 3 F YOLOVS 3 3 B8R fY
FRE (L R I 7 ik A SR LT L G S AL D AR, 2022,
48(4) :39-49.

[15] SRIJ S, ESTHER R P. Little YOLO-SPP: A deli-
cate real-time vehicle detection algorithm[J]. Optik,
2021, 225. 165818.

(167 BRI I MEBE, 5 DAk, 5. JE T YOLOVS [ 45 A1 A1
BN BYOH R S S A U LT Ok 2k & 2021,
42(2) :147-150.

(17 Trufim, AR 75 WP, 5. BT YOLOVS 1925 %8 K
AT 22 bR R R R LT LR . 2022,
42(9) . 2876-2884.

(18] JH &, kM, FE 4. B A MR LRR [T
HFHLAH,2017,40(6) :1229-1251.

[19] WULG, ZHANG L, SHIJ H, et al. Damage detec-
tion of grotto murals based on lightweight neural net-
work [ J ]. Computers and Electrical Engineering,
2022, 208:108237.

[20] BXJKHR.BEoC. #E NS, 55, W 2% > B ARk U O vk &5
WL E R EE %41, 2020, 25(4) :629-654.

[21] BOSMAN A S, ENGELBRECHT A. HELBIG M.
Visualising basins of attraction for the cross-entropy
and the squared error neural network loss func-
tions[J]. Neurocomputing, 2020, DOI: 10.1016/j.
neucom. 2020. 02. 113.

£ & @& it
TR AL A BB T M oHLER %2 O AT
RE U SR I 45
E-mail: 851682878 (@qq. com

EAARTFMEHEAR — 165 —



2023F 3 5

U R X it $F42E FIH e
T L R O A W B A O oL A E-mail: 1534357324@qq. com

Bk BRI S ML A 4 REE LA, BB, 3B A 5 I AR 2T R

E-mail: fanghale@163. com L ALAS A Bk Ak AT,

W AT A, RS O 1A D S AL B K T E-mail :just_wqb@just. edu. cn
FRE TR B 2 ) RO fh Ak 2R 4%

— 166 — HESMAR I E R LT Hr SRz L T



