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Lightweight Chemical Bag Target Detection Method Based on MBE-YOLOvV5

LIU Weixin LIN Banyan HUANG Hanyi LI Minlong
(Dongguan Institute of New Generation Acrtificial Intelligence Industry Technology, Dongguan 523867, China)

Abstract: A lightweight chemical bag target detection method based on MBE-YOLOV5 is proposed to address the issues of
poor positioning and real-time performance of chemical bag recognition models in chemical plants, which are caused by various types
of chemical bags, occlusion interference, and complex placement. Firstly, replace the backbone network of YOLOvV5 with
MobileNetV3 network to reduce model parameters and computational complexity, and improve the detection speed of the model; Then,
a bidirectional feature pyramid network structure is introduced into the neck network of YOLOV5 for multi-scale feature fusion to
improve the recognition accuracy of the model; Finally, the EloU function is used to optimize the loss and improve the positioning
accuracy of the model. The experimental results show that compared to the YOLOvV5 model, the MBE-YOLOV5 model reduces the
number of parameters by 37.7%, the computational complexity by 58.1%, and the detection speed by 9.5%, mAP@0.5 Improved by
0.7%; Achieving a good balance between detection speed and accuracy can meet the requirements of online detection, recognition, and
positioning of chemical bags.

Keywords: YOLOv5 model; MobileNetV3 network; bidirectional feature pyramid network; EloU function; chemical bag
target detection
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BB Ht, HARRA AR R LR & BRI
G PRI

K4 B A B VE G A TASHEAT H AR IR
AERIEOI, DL TASFSRE L | OIS, M E
PSSR, FEUE MR, TovER 2 SLhrAE

BEE R 7 2] H AR R R fg, HAE R
AR, ol B i FEEIE. LT S, Tolk,
TH PR AU A A LU PR B SR, SCHR[L0]R FH
BiFPN S F a2 2R Amkar A AL 1Y) Neck M2, FIFfig
RS SEELZERR HARI TN, 7E UA-DETRAC 4
P RERAR R 99%. SCHR[LL]HR HH— sk
P X sk & B 4% ( faster region-based
convolutional neural network, Faster-RCNN) A G4l
%, K ResNet50 ##f - Fm4s, FIFHZ R
BHEARYE m N B FRRAIRE B, £ Wider Face 244
PR RIA S T 89%. SCER[L2)4E R H ARk
I, Pttt Mask R-CNIN A58, Siid oicids i
NZSEHL RGB SR EEUG IR G, R 2 ISm¥
PSRRI, B r SRR, IR AIMERSRIA S T
93.76%. SCHR[L31EHXIBREERE H AR R R 5,
FEHEET Faster-RCNN [IHLES AL RS0, IR
L3 T 87.61%, HEARLFHIEHN. SCR[14]152H
—FRfAA H AR, 75 Faster-RCNIN 544 (1 34,
s B R R SRRSO 2 R BERFEB R (1) 2
SEK, $Rm T RAARTRIRG RS, PRI EEIA S T
89.9%. FRIM, FIRVRFEY =) H ARl A AR SIC
W2z, SHEAR BEERGENE, e T
HAL TASPUE RN E AL ER

N, ASCHEH —Fh MBE-YOLOVS 32 s L,
FELPUEII AL L) TA%. B2k, H4 Mobile-
NetV3 MIZE4ER YOLOVS [T M4%, DLRERALR )
SRR R, YU ARG, USR]
25K BiFPN 4514, JFRlG 2 RIEFHEE L, Em
RIPUIAERG; B, SR EloU BEUEAIaHER A

R, PEEER RS
1 MBE-YOLOV5 &%)

1.1 YOLOv5 {=#!

YOLOVS5 YEA—F B B H ARl eisy, 447K 1
YOLO R FNER %0 A, L0 LRIERS IS FE (1) R
BB T R (1 R SRR . YOLOVS BiAY
1) R 285 225 ) B 4SSN Cinput)  =E T+ (Backbone )
0 (Neck) FHISk (Head) 4 #i5r. Hrh, 740
NIy, B N EUEHEAT RS 13— 58T
AbPRRAE, DLERRTY AEhS B R UL
PRI AT 7y, RAESH BURITERI4E (cross
stage partial network, CSPNet) 454, 4 2t/ 1 4%
RFTHER, [FIRIGOR RAERHRIAE ), AR
AEAfR U E Ay B0 S B AR R S M 4% (path
aggregation network, PANet) &5t THRFIERL S, (45
RYSH M FHAN R R RAESS 2., S B AN )
KN EPRHASIUVERE, T SE AR E A2 H AR Al
KTy B SRS SR IR R A Dy BRI H A
MZER, OFEHARALE . RIS,

A3 MobileNetV3 £t YOLOVS F 3= T2
FE YOLOVS RSB 28 51 N X [a)RFAE < 555 0 2%

(bidirectional feature pyramid network, BiFPN) 514
KM EloU stiitbiisk, LBl YOLOVS il
AR TR DRI AR R, A8 H B P T4 TARHIAE LR
BN, MBE-YOLOVS MZE4E RN 1 fs.

1.2 MobileNetV3

MobileNetV3 /& Google [#FA-T 2019 4E & Al —
Tt B 2 PRI P 2 SRR, HC(RRp s ks AR FE )
i S A S =N I KD N

MobileNetV3 1 block Z5#EAZ 0. B4
block RHIBIFZELIH, BAROIRIRE R 7r G
SE Mk, LRIMERSUZF h-swish HuHE R BS54
MR B EmE 2 fos.
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pyramid network, FPN ) + i 12 & & ™ 4% ( path
aggregation network, PAN) f45H), SZEERERVEZ
ANEREERIFHAE RIS, DUESREHIERIE SGRIARE
{EER R & FE T, PAN B NME BN FPN Ab3
JERUEE, SEELE 5 RRHERAT 7850 1R a6

TE(S B MR RRHIERL SRR, ANSCR A BiFPN 4514
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B EE S B, RO B RIS B
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1.4 EloU %R #

120 FREF K R BN (1 H A7 8 A AN A
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XEE HIBE =2 =24 EF MBE-YOLOvS R EX T E BRGNS E

2.3 TNIELR

ARSCK AR FPS. 8 H &SR IE N
MBE-YOLOV5 BRIl RS E R
P4 MBE-YOLOVS BRIIE AL RH mAP@0.5
SKPH MBE-YOLOVS YIRS G B, mAP@0.5 /2
5824 10U 24 0.5 (1) mAP, THHEARN

AP@05-23P @
X5
mAP @ 0.5 = %Z APO.5, ©)
j=1

A x N FEIEREA T K P oy
FEAMLLHERS B HER . AP N — T &
HEFRMBCFEIE: mAP@O.5 el H AR i 26

FE AP SPHME, AEELVIML R USRI A PERE; n R
L
2.4 UGS SR
241 JHELSLE

NBEASCTERIA S, R EHREE kit
THRLSESS, BARUT:

1) YOLOV5s #AY{E Ay i R S A R iR s

2) H MobileNetV3 ##t YOLOV5s ] = -2,
stk e =i

3) YOLOV5s [HFi#M455| N BiFPN 2514, &
PRI RY FR TIAERA 2

4) CloU #R¥seh EloU HFRHER BRI %L,
P H bR TIORG E

THRASEISEE R WNER 1 PR,

F 1 HREAmMLER
5  MobileNetV3 BiFPN  EloU mAP@0.5 FPS/(f)s) ZHE/MB 85 E/GFLOPs
1 0.961 84.7 7.07 16.5
2 v 0.936 94.8 34 6.4
3 v v 0.955 91.9 44 6.9
4 v v v 0.968 92.8 44 6.9

fi# 1 7] LA H : B MobileNetV3 # 4 YOLOv5s
MFETMESE, BRSHE R T 51.9%, BHET
%7 61.2%, IGIHEIE M 84.7 fis $271% 94.8 fls, {H
MAP@O0.5 ~PF T 2.5%; ZiHMLE5I N\ BIFPN 454
J& , RS HERINZ) 1 MB, iz 5 811 0.5 GFLOPs,
Rl R 44 3 /s, mAP@O.5 #2713 0.955, {HEL
JFRAEAYAIC 0.6%; CloU ik sl EloU H brtEdi
KRG, BASEE N T 37.7%, iaHE FE T
58%, kI EE LT} T 9.5%, mAP@0.5 #2751 1 0.7%,
%% 0.968.
242 AN[EEEAINT L S

NISEASOE R A R e, 7ESRI0 %
SEFVHFIMRAIASE T, KA SR8 (MBE-YOLOV5)
5 YOLOv6n. YOLOV5s. YOLOv4-tiny. YOLOV7-
tiny. YOLOv8N. YOLOV6s %5 i 34706} Ll S5,

KR MHRL R UL 2 P
®2 7 EBEIEEMIAER

] mAP@O0.5 FPS/f/s) ZS%E/MB &% 5/ GFLOPs
YOLOv6n 0.895 107.9 47 115
YOLOVS5s 0.961 84.7 7.07 165

YOLOvA4-tiny 0.832 1255 8.9 5.6
YOLOV7-tiny 0.889 108.4 6.3 138
YOLOvSn 0.897 110.6 32 8.7
YOLOv6s 0.962 69.6 185 452
MBE-YOLOV5 0.968 92.8 44 6.9

% 2 ATUAEH: M YOLOVSs 57, MBE-
YOLOVS BRZHE T % [ 37.7%, BHE TR T
58.1%, F I EHE T T 9.6%, mMAP@0.5 42 1 0.7%:
YOLOv6n. YOLOvV4-tiny. YOLOv7-tiny. YOLOvV8n
TR (ARG I3 7 b MBE-YOLOV5 #7U R 10%~20%,
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