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Abstract

In the context of new retail, the development of fresh food e-commerce is constrained by the funda-
mental contradiction between the non-standardized, perishable nature of the goods and traditional
marketing models, rooted in a “data gap” between marketing decisions and the real-time status of
commodities. This paper aims to construct a precision marketing system that utilizes deep learning-
based automatic recognition and classification technology of fresh products as a data engine to ad-
dress this dilemma. The study begins by analyzing the pain points of existing marketing models
in fresh food e-commerce, then elaborates on the theoretical logic of how automatic recognition
technology empowers marketing through a “data perception-label association-strategy triggering-
closed-loop feedback” mechanism. The core contribution of this research lies in proposing a mar-
keting-oriented theoretical adaptation framework, redefining the dimensions of recognition from
production grading to a marketing feature system that serves consumer decision-making. Further-
more, it constructs a dynamic closed-loop precision marketing system covering the entire process
from pre-sale (drainage), in-sale decision-making, to post-sale relationship enhancement. By inte-
grating recognition data with user data to reconstruct user profiles, this system enables scenario-
specific intelligent recommendations, dynamic promotions, and interactive services, ultimately
providing a systematic theoretical framework and practical pathway for fresh food e-commerce to
achieve the strategic goals of cost reduction, efficiency enhancement, and improved user experi-
ence.
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Figure 1. Composition and construction of the fresh food SKU dataset
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Figure 2. The complete process of training a fresh produce recognition and classification model
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Figure 3. The fresh produce recognition and classification model identifies the original image to obtain structured feature vector in-
formation
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