E-Commerce Letters LTS5V, 2025, 14(11), 2388-2395 Hans X
Published Online November 2025 in Hans. https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2025.14113700

T (=] BB F 1 55 B R Bl B el dm 93
FER S S ESCE

——E T MINE F HessianiZ 314 92 F|

B 5
A SCHI R 22 B B, VLR R

Weks H . 20254F10H 110 FHER: 20254F10H23H; & A HB: 2025411 H26H

=

ERTRSMAS, HREGEEEERAER. WBAHEMRARLZZERE, SBHFHERRHK
PR 2. 4R TG i R R B A IR 2 BN B, A SO YR IR St Hessian32 )15 RY 5 ) 3 B 25 S 56 51
AEEEGOEES S, RE—FEH TR RGO K EEESFTTE. BE AT 52 IE
WA RS, EERAT BRI %S K P TR, R R P B DR T P e s O W 2
fe7. FEARALFTE, ASCRAZE T FFRTIE(ADMM)SI AT RAMCRAR. LU DA BT 5
HH KRR A ORI, SEEX B AR (AR B0, KER@)ITRUR. LWERRY, £XHEE
HirR R s B 5 PRt LR RE . SR FARBT S R0, WREERRER. WEHE
ERARANEERER, RE T TRNOEERASR, AEEZRERTT A U R A RS E RS,

ELA A L B 5
KT

HTH%, FREGESE, HessianZsy, WSMME

Product Segmentation for E-Commerce
Image Recognition: Method Optimization
and Business Value Realization

—Based on Weighted Bounded Hessian Selective Segmentation

Siyu Li
School of Science, Nanjing University of Posts and Telecommunications, Nanjing Jiangsu
Received: October 11, 2025; accepted: October 23, 2025; published: November 26, 2025

SCEGIA: AT WA AT R 5 BRI B 2 ) T S S E S ELD). BT R 55 PRI, 2025, 14(11):
2388-2395. DOI: 10.12677/ecl.2025.14113700


https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2025.14113700
https://doi.org/10.12677/ecl.2025.14113700
https://www.hanspub.org/

Abstract

In e-commerce applications, product images often suffer from complex backgrounds, uneven illumina-
tion, and diverse shooting angles, making accurate product extraction challenging. To improve the seg-
mentation accuracy of target regions in product images, this paper introduces, for the first time, a
weighted bounded Hessian variational model combined with a geodesic distance prior into the task of
e-commerce image segmentation, proposing a selective segmentation method tailored for product im-
age processing. By automatically estimating first- and second-order regularization weight functions,
the method adaptively adjusts the smoothness intensity of edges and regions in the image, while incor-
porating a geodesic distance term to enhance responsiveness to user annotations. For optimization,
the Alternating Direction Method of Multipliers (ADMM) is employed to efficiently solve the model. Ex-
periments were conducted on product images from typical e-commerce scenarios, covering multiple
categories such as apparel, electronics, and home goods. The results demonstrate that the proposed
method significantly outperforms existing algorithms in terms of target contour integrity and bound-
ary smoothness. This study provides reliable underlying technical support for core e-commerce oper-
ations, including high-precision product search, visual recommendation systems, and automated main
image generation, with the potential to directly increase user conversion rates and reduce operational
costs for merchants, highlighting its clear commercial applicability.
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Figure 1. Product image data for experimental effects
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Figure 2. Product image segmentation results
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Figure 3. Color image display of segmentation results
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Table 1. DSC and HD values of the segmentation results
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DSC 0.7673 0.6597 0.9927 0.9993

1 HD 2.596 2.067 1.1239 0.9718
Iter 2090 5930 10 6

DSC 0.8544 0.6055 0.8166 0.9892

2 HD 1.6234 2.9662 1.5377 1.3266
Iter 2386 6856 13 9

DSC 0.8179 0.7772 0.9658 0.9795

3 HD 2.9866 2.8772 1.4623 1.3341
Iter 1348 6550 49 48

DSC 0.8002 0.8083 0.9645 0.9817

4 HD 3.4881 2.8549 0.8501 0.7258
Iter 3156 2362 33 30

DSC 0.7068 0.8024 0.9998 0.8202

5 HD 1.5032 1.5961 1.0546 2.0236
Iter 1651 1934 30 27
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