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Abstract

To address the challenges of large-scale variations in e-commerce product images, numerous back-
ground interferences, and high real-time classification requirements, this paper proposes an effi-
cient convolutional neural network model, MSFF-EComNet, featuring multi-scale feature fusion. First,
amulti-scale parallel convolution architecture (MSFF) is designed to simultaneously capture local
details and global semantic features through multi-branch receptive fields. Second, an improved
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attention synergy mechanism (IASM) is introduced to enhance spatial and channel dimensions, guid-
ing the model to precisely focus on the main object while effectively suppressing background noise.
Experimental results demonstrate that the model achieves an accuracy of 89.56% on the DeepFash-
ion dataset. Compared to the classic ResNet-50, our model achieves a 4.44% accuracy improvement
while reducing parameters by 54%. This research provides a balanced solution that prioritizes both
accuracy and efficiency for image recognition in large-scale e-commerce scenarios.
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BRIAMLH AlexNet JFE LK, CRON B RN i T R3], FEE, VGGNet JIiE 1M
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P A0 T AR T R T ORE AT, 4N, R DeepFashion &5 KRR 4, B 50 A1 il ik oo itk
(0 53 SR 0 28 SITEN, 1 Xof il 2 Ja 1 PR AR FEE IR A 5 ]

AR, 2 RERHIER A (Multi-scale Feature Fusion) BN T2 G 1 508 . LA BTF L 2 R HAE
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1) -2 REIFAT BRI Wit 7R 2 2 SORFESRIUBE, 33 A A R/ RS2 B R AT AL 2L
B, SEHUN R i 2 )2 GURHIE I P 3R . 2) SIS R A ENL . 25520 5EiEEE 7, W
FHESGSRBEEL, 5] 3 MR R R S B IR TR M 0. 78 AT IO FL i K 4 b EAT
XTSRS, TR T AR 0 RAER R 58 1T AR B

2. XTI 1E
2.1. ERMEMEN A RHIE

B RARNZE W 2% () VE RESE THIR KRR B EVRT- W28 b St i 687 . AEREA T M 4% 71, VGGNet 1H
RN GRS G N IR, 300 1 /AN RST B M S T RS U A Rk [10]. BEJS, A TER
3y 3 A RN X PR e A b ST e HERE, B R A ORI T EE L. MobileNet RAIGIN T IREE ] 73 B 4
Hl(Depthwise Separable Convolution), . AMIFFK THN I SHE STHEE A [11]; 1 ShuffleNet 11/ iE
1 I 1 B (Channel Shuffle)BRAEME TR 1 4G AR R IS BB A 0 8 12], XL ENEAR AR
THE R BRI T S5 F Bl
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R R EUR R 5oh, BRI R/ANIAL B B R IBEALE . A T ARG AN R R B AR
ERENE, WTREANIRE T 2R A EE R T % . Inception Z5H4/8 %2 RS AESR B AR, eilid
FE R — I [E) B2 B AR S, SEBL T RFIEAE S (A 48 B2 RSB A 1131, et 252 A5
Ak 4 7 35 (ASPP)E T 5 AAS R RAE R (1) 43 25 FY(Atrous Convolution), EAIE IS B RTHE iR T
FEMLETXUEE, ARERTE 7T KR SF B AR REREIRE J1[14]. A SCIART B H B S X A 1T 0 %
F AR, MIEEZ 5 SCRFESR BB B
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T AE AR RENS LE Z LI TS SR RS HE B AL B AR AR, TER AINLEIRE I N . BRI ERE E SR R
(CBAM) B i A B 2% [ FUE SV E R Sy, 32Dtk 7 AR A o7 B RN 4 i B LA R I RE J9[ 157 &
SRR W, ECA-Net $EH T —FiANFR4ER) RIS EE 2 B Ans, FIH—4E5RREL2ERE, U
BN S SAS B B BT T 0 RS 16, ASCHAEZ RERAIRES, SIABLINEREILEE %,
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R RS RE  ERREATRAEPRRG BEJa, DR IEA B R A SR AR B A B 2R
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B R AEHEAT S 25 R0 o SR . e, RRAEZE AR St Ak R BN 73 2K 85 58 ORI 55 -

i#1: MSFF Module

P

T

1
1
1
531: 1x1Conv :
1
1

1
1
1
1
1 1
HMABERB gﬂﬂ%ﬁ AR BN \ 1 _ 3t2: 1ASM GE
|
1
1
1
1
1

Figure 1. Overall framework of MSFF-EComNet
B 1. MSFF-EComNet {42252

3.2. ZREHITERERT

Internal structure of MSP-Conv module
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Figure 2. Schematic diagram of internal structure of multi-scale parallel convolution module
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FH DU B AN RS2 BT IR AE SR B SO AR A AR FEARRAE 73 3. B 1 BRRE, REH T SealsaiE i
GRS YEERIE, MR EUR F RN PR R AT o brdE R R IE > 32 SRE S 3x3 BRUZ,
PRSI b A LA 540 5 R i S A% O A o s SURFIE 2y 3 N T IEA BB NS 4= 1S
BUR A RIEAZ B, A LS Inception 228 H (1) 73 i AR SRIE [ 17], R PRSI 3x 3 B RUZ KA 55
BARBIRCR o Z AR R R RAA R TR B, IR SRR SR L AR Gt R AR B T . AR
REEEG: 50 RN RHIE B i 20l pE P 25 PF 2 (Filter Concat) B AR TEIHITE 4k /TRl o IXFh &
THfROR T AL RS LE [R] — = 40 N SEBIL 2 RBETE SUME B RIE BN, S 4 1 AR Y 7E N6 i i P
T o U B ) BB ) 23 SRR

PEHURHIE B @B 4L T BT HHE, RE R RRHE F,, PTRORN:

F,, =Concat| f*(F,), **(F,). f**(F,)] (1)

Horp, RN RRBRIR A k VR AE . X IAT SRR LR 1 28 BERSTE IR — |2 0 S BN 2 RUEE
RFAE D[R] 25 R

TR GE] Inception S5 5 L I L 1 N W4 2 95 AR BE RS- T+ A MR IR I kg, HBOHBON S
FEZ T, ARSCH) MSFF B (TR0 B R R 407 5 BRI A2 A0S /i, R8T 17 20 SCEE M

3.3. BUHAGEE RN

T R L ELA I . TS B A s AN S R . T 51 S R H AR T, A
SCBIN T SRR R SR AR, M T A T AR R AT MI(15]. 1) R )
WU A BT A R A e, 2 S R R I O TR . T AR MG, Y
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Fﬁnal:Fms®(Ms<Mc(Fms))®Fms) )

Forb, MFIM, Sy BIFOREE A S W R, ® R R TR
4. ILHERE S
4.1. IBLMEESHIESE

N T PRAESEIR R RS AT, AT 2k 5 I RE 212 58— KR T 6 5 528
SR SE . SKIRPRIE B AN | R o ARSI YRS HE i e $o e 5E DeepFashion BEAT 246 . i fR S
i, MWIZBERET T 15 KE LM RCEE . B, IR, FFHSE), £t 50,000 5kEE .
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Table 1. Experimental environment configuration table

F 1. LHIMREER

el PN

CPU Intel(R) Core(TM) i9-13900K @ 3.00 GHz

GPU NVIDIA GeForce RTX 4060TI 16 GB
TR Cuda 11.6. Pytorch 1.13. Python 3.9
BIERSG Windows 11 64 fif

4.2. Mgt
N4V MSFF-EComNet FPERE, AR PAT 22 AR I8 H 8 b5
K51 2 (Precision), &7~ AR 7 1E A 0 ) BT A A AR CRL 38 LE B R B 481)) 7 S AS B LR 3l o LB A 0N

P
TP+ FP

Precision =

3

A1 (Recall), #RIRAIA LN LB FFEA T, BB IR Hl H R tp] . HitE A

KA
Recall = i )
TP+ FN
F1-Score, &M PIWAISEIIEL, 6% 8 ViR . Kt EA08:
Fleox Prec.ls.lon x Recall 5)
Precision + Recall

Horr, FIEHI(True Positive, TP) R R FIUNZ MG 0 A 2805 i, HSLFRIEnI Sy A 280 AU (True
Negative, TN) K /R T Z G E T A 25, HSLbrIE Rl SEAN & T A 25, iR IEA] (False Positive, FP)
FORBERITONZ UG A 0, HILSERRISHIHIE A 95, (B F145](False Negative, FN)ZF A5 BT 1%
KIEAET A2, (HILSERRAER A 2.

Parameters J B T A5 LU0 A A7 BT 1 o5 B AR 0L«

4.3. jHEhSCIG

N T RN IO PO Y 7 R BRI DTk, ASCEAT 1 — RV ELH R SESG . I AE
HLERA _EIZD 51N MSP-Conv IASM #ER, I3 #7173 BB ARG JEE 153 52 2% PR 2 3 15 1) R

Table 2. Ablation experimental data
F 2. HAASIKE

Model MSP-Conv IASM Precision Recall F1
A Y - - 82.35 72.9 81.7

1 V - 86.42 74.7 86

2 - \ 85.18 75.1 80.8
MSFF-EComNet V \ 89.56 81.8 89.14

M [E @A MSFF 5 TASM AN ERES, ASCHEH Y MSFF-EComNet 1A% T &R, W 2 fr
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TN, RAKERIIRSHZETEE 89.56%, F1 4-HuA%] 89.14%. FHECRLERERY, MORSHIRIETE T 7.21%. (£
& E A B TRBRAE B T 30 ol S5 S 1 e 25k

4.4. ERBEB L SEIE

7 55 UE MSFF-EComNet ) 4eiE M, A SCK IS a7 R 34T 7 PEBEXTFR: ResNet-50 [4]. Mo-
bileNet-V3 [18]. EfficientNet-B0O [19].

Table 3. Comparative test of different models

= 3. TRIER LRI

Model Precision/% Recall/% Fl-score/% Params (M)
ResNet-50 85.12 80.5 84.1 25.56
MobileNet-V3 79.74 77.8 78.9 7.3
EfficientNet-BO 87.35 84.4 86.4 10.1
MSFF-EComNet 89.56 88.1 88.3 11.79

172 3 I, ResNet-50 MAEHEZH N 85.12%, F1 40N 84.1% . ARSCER/EMER R i H 4.44%.
MobileNet-V3 3E R AR I+ 58K, HAEMIEN 79.74%.. A SCHERIEHER 2R L AISE L 10% 48 4. IXUEH
T AE HUR X SO AR B R AE ER M 3 sk, AR R S 80™ E 1R R . EfficientNet-BO LA
R R 4, W 87.35% .. ASUBUNREE T 2.21%MAEME, X153 T IASM = il
11X L P AR T 7 (R X A
5. B&

A SCER O PR S5 AR R R B R EE 2R 4038 st B A DL R R = S kR, feth 17—
Fih 3T 22 RO R AR R 2 1) v R AR AR 22 JY 2% 578 MSFF-EComNet. #id7F DeepFashion A JF¥E4 )
I SRR SR, LU AR 1) AT 2 RUE AT SR AL (MSFF) I i H47 AN [ R~k
WS, IR T B — AU USRS 5 R S AR R AR S AR SR I R T RS EG ROR, 1%
BEHATAS R (1) 73 FUER 2R 32T T 4.07%. 2) ASSCHE H 1 50 52 7 B [RI AL (LA SM il ik 4% 1] 5 368 3 4 P
PSR, 235 1G5 T A PR 52 44 15 St b RRE SR A B8 ) o RGN N BT I RTER T, K F1 4y
HHETHE 89%. 3) F5/E SRR P47 : X Ebs2i8K B, MSFF-EComNet (1] Top-1 #EHHRIEE] T 89.56%.
FETERE LA T 22 U ResNet-50 #1 EfficientNet-BO ([, SEE=AA 11.79 M. XIE T A SO B
AR 1 Hh & T FRL 7~ 00 v R P S v S 1 R 7R 3K

JUE A SCHE ) MSFF-EComNet £54 7F DeepFashion $#E 5 b SZEL 1 4 200 B 5 4k F R0 1K) 717
B TAIAAE — E R IRV . USRI AR 1 A rp T IR o, A0 T 8d =i, Bt TRERA
ZRWJUTRAERI R 2 H, Kz AR TR — P00 6 nT LS| ABLR B1b 5 BT R SS R EER,
DASE B R AEAR SR IR G T 0 /NFEAR S B 7 ot PR U YR A 12 o
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