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Retail commodity detection method based on location
learnable visual center mechanism

LYU Xiaohua, WEI Mingchen, LIU Libo
School of Information Engineering, Ningxia University, Yinchuan 750021, China

Abstract: To address the problem of low detection accuracy caused by the difficulty in effectively capturing significant
and diversified feature information for packaging deformation and overlap products, a location learnable visual center
(LLVC) mechanism was designed to improve YOLOX-s, achieving higher detection accuracy. To effectively deal with
product packaging deformation and overlap phenomena, firstly, global context information was captured through a light-
weight multi-layer perceptron to help the model better understand spatial information in product features. Secondly, the
local feature representation ability was enhanced by the designed LLVC and the spatial information was used to allocate
learnable weights for local features to increase the attention of discriminative local features. Finally, the intersection over
union (IoU) loss function was replaced with centered intersection over union (CloU) and power parameters were intro-
duced on this basis to effectively reduce the missed detection rate. Experimental results show that the proposed method
achieves an accuracy of 91.3% on the retail product checkout (RPC) dataset, which is 2.2% higher than YOLOX-s and
better than current mainstream lightweight object detection algorithms. At the same time, frame per second (FPS) is
97 frame/s, and the model size is 9.48 MB. It can accurately and in real-time detect retail products in scenarios where
computing resources are limited.
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TEHRERS 78 73 H SR AT RRAEAS S, I H R A 2
U TP . YOLOX-s 7ERH CloU-a 2k B %L
J5, BT YOLOX-s ZL(aimsaX A2 k8, #i bR i
TER M YERE N, RUIRA CloU-a itk UY1K
(e DL RE 7115 3] T 327, fE@ld MLP. LLVC
CloU-a , #EhatmeXgER T HE+TT
P P X3, A 3 b S SR A A RH R 1
R, SRR IS FE AR 2 T A 83T, &
SRASOHS ) 5L 2R AR AR LL, FERS I FE b AR T
5 frame/s, BIRSEEIES T 0.48 MB, HEZH
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5 4 34

(a) JEE

(d) YOLOX-s +LLVC

(b) YOLOX-s

..

(e) YOLOX-s +CloU-a

(c) YOLOX-s +MLP

(f) YOLOX-s +
MLP +LLVC +CloU-a

Bl 7 RN SO B ) 44 0 B

DR i B 20 %2 2 IR L ASE B R 7 B ] AL v o0 2
SAPLEIEIEIN, fE— &R LN 7 i EEMS
&, HO S AR I S SR 97 5K
PRI SR RN 9.48 MB, AT B SE37 5 F i i
W) SE B P B SR (FPS = 40 frame/s, params<8 GB).
i, ASCK YOLOX-s (MLP&LLVC&CIoU-«a )
VERBARRY, LR fEiFR YOLOX-MLC.
3.5 XfEEsKIE
3.5.1 EER SRR ZELARIEK

NG 56 BACE TRAE B A SR N R R
A 2 F et M, K YOLOX-MLC 534k
BRI PE R B, A SRR 2 i X 3 P2 AL 2
SR RPC HAE AL T 7 Sl AT X bl s, 5T
st /A i) 24 L 43 T ARG DK P ) B L3 2.

*2 ZFEERIRRELEAIEM T EMEEXILL

. mAP
T — —
[HEE S AR RN SN
YOLOX-s 87.1% 85.9% 82.6%
YOLOX-MLC 89.5% 88.9% 86.8%

M2 2 45 AT LA ), YOLOX-MLC 7 fif B
3 AR & 855X 3 P A4 AL RPC
G T mAP 437N 89.5%. 88.9%F!1 86.8%, #H
BFREME DT T 2.4%. 3.0%M1 4.2%. H
AT AT, RO SRR IS 5, Ao
ELE SRl PV E S AT E
3.52  HAwERA AR

Nit—ZIE YOLOX-MLC 7 mAP. params

A FPS 3 M FEFS ERIZES DU, J3 ik L
YOLOV3. YOLOV3-Tiny. YOLOvV4-Tiny. YOLOVS-s.
YOLOV7-Tiny. YOLOX-Tiny. YOLOX-s.YOLOVS8-s
X%, (£ RPC Bl s LTI L SES, AR
RRRLAGIA BEXS EE LR 3

#*3 RIS BY 46 UAE FE T EE
J7i% mAP  params/MB  FPS/(frame-s™')
YOLOv3 87.3% 63.0 74
YOLOV3-Tiny 72.2% 8.0 277
YOLOv4-Tiny 74.4% 6.1 270
YOLOVS5-s 86.8% 7.3 156
YOLOvV7-Tiny 85.2% 6.1 286
YOLOX-Tiny 81.9% 5.06 296
YOLOX-s 89.1% 9.0 102
YOLOvV8-s 90.5% 12.5 151
YOLOX-MLC 91.3% 9.48 97

i1 3 741, YOLOX-MLC ) mAP A 91.3%,
M HF YOLOv3. YOLOvS-s. YOLOv7-Tiny .
YOLOX-s f1 YOLOVS-s 73 Hll#2 T+ T 4.0%. 4.5%-
6.1% 2.2%F1 0.8%, #HLF YOLOvV3-Tiny.
YOLOvVA4-Tiny #1 YOLOX-Tiny 7 427+ 1 19.1%-
16.9%F1 9.4%, ££ 9 Pt lliE Ay i B =i ) mAP,
AT DI 285 38 g A T B S SR o TERSINIE Ty
i , YOLOX-MLC # % F YOLOvV3-Tiny .
YOLOv4-Tiny. YOLOvVS-s. YOLOvV7-Tiny. YOLOX-
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Tiny. YOLOX-s A1 YOLOvS-s 735l % T 65%.
65%-38%-66%-67%- 5%F1 36%, FH T YOLOV3
R’ILT 31%. ERUSHEITH, YOLOX-MLC
A% T YOLOV3-Tiny. YOLOvV4-Tiny. YOLOVS-s.
YOLOV7-Tiny. YOLOX-Tiny. YOLOX-s 435341
1.48 MB. 3.38 MB. 2.18 MB. 3.38 MB. 4.42 MB.
0.48 MB, HH#T YOLOV3 1 YOLOv8-s [&f% T
53.52 MB #1 3.02 MB. % YOLOX-MLC 7& £l
R EAEEME, (B0 97 frame/s, HAFTZ
&Y 9.48 MB, e 1E B 5 52 BRI K 9 v % |
SE R TR Al SIS DU B AR . SR o b Rr
YOLOX-MLC SEHL 1A A FE o A ) 1 8 AN A5 7Y

PERE B 78 P, BE 3G AT NORE 2B T Ak A
LR A T A SR
3.6 IREAIALD AT

NEMER YOLOX-MLC 1ER e St 5 AR 1
MEHESI RN, B S 3 Km M HAES .,
AT R B, A5 6 2K i HAFE R AR
HEI G PSR RS 9 85 i BARERER
TE A ER 25 0 R B 2 A T AT T RRAL 25 5 40 A U
W, 4 YOLOX-MLC SArillis fE s HALR S 2K
()£ B Akl %7 YOLOX-Tiny. YOLOv7-Tiny-
YOLOV5-s. YOLOX-s 1 YOLOvS-s #t17%fLt, RPC
B SMARCR WA 8 Fs.

LA
1
=2

(a) JFRE (b) YOLOX-Tiny (c) YOLOV7-Tiny

(d) YOLOV53-s

(e) YOLOX-s (f) YOLOv8-s (g) YOLOX-MLC

8 RPC Hudli Sl AR

R R, M TR E SR
(1) T BRLASE R URT BT 1) 28 P A 28 1) T v ot R AT HE
ENM RGN MabF R E AT R E S R
RN, YOLOX-Tiny H 3R SR LA R 56
%, YOLOV5-s. YOLOV7-Tiny f1 YOLOX-s #Ji}
DU IR IS M TR KRBT L E ST
23BN, YOLOX-Tiny H 38 & IR 75 i
YOLOvV5-s 1 YOLOv7-Tiny ¥ K /5 1 7 &
YOLOX-s tH IR st A i . AHECT LA 1
H AR MR, YOLOX-MLC 7EAN[A) 4% HL 2% 5l %
I RERS AER TR S 2R, S EA RO T R
(S, [F)— a3 A R T B Il . 7
Kl 8 ', YOLOVS-s th 23 H RIF IR IR . N
B — 25 U0 IF AR SC U7 VA AR A AR TR RN B S R 9 T
IR 34, 3 3 AR R B B LR O o™ 2 1) 7 A
Fs Hoh—FpR SRR RIZ, 5 — Rl S E
SHEFZHESIAE R, BRMESIHE N
P RS i 9 FToR .

W H

(a) JR KA (b) YOLOVS8-s (¢) YOLOX-MLC
SICEE VI IER =3 Tifea MR eIES

B b 1 R

4 ZEFRIE

AR S H — B 5 A7 B AT 2 ST AE A AL
F) 2 T A R TN 7 YOLOX-MLC . £ YOLOX-s
W 4% 1) TR AE SR I 25 25 M P iR N R R 2 2
ALY K28 (1) S BT, 78 4 4l 3R 7 ol 1 42 =)
RSB R, DAY R AR TR B S R A AU
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MIERARAE F1: HR, R AL E AT 2 I 5E oL
1) CACBE R AE Rk TN 6% 5 ), R X6 R o 2 ) 1 o
TEFEELRE 1, DR AR TR . EE S R IR RS B
i, FIH CloU- o 15 2K if B3t — D 32 7+ 7 i A
TKE BE o S0 45 R, fE AP RPC H¥i 4 I,
YOLOX-MLC () ks Wl ¥5 B2 4 91.3%, #HLEL T
YOLOX-s #&15 2.2%. fE 3 Fi il e B 1 5od 42
GRS FE 53 0N 89.5%. 88.9%A11 86.8%, AHEL
T YOLOX-s #3742 Ft T 2.4%. 3.0%AH1 4.2%.
YOLOX-MLC #] FPS A 97 frame/s, params {¥
9.48 MB, & BH BT 4@ 155 24 7 11 5 55 R A BR 1 1% 1L
T, AT RAAER B S Hb 5 B R A AT S
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