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Abstract

Clarifying the core value of performance evaluation of artificial intelligence (AI) models in the field
of image recognition and sorting out the deficiencies of existing evaluation systems can provide the-
oretical and practical guidance for model improvement. By adopting a combination of literature
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review and logical analysis, this study systematically analyzes mainstream evaluation metrics, com-
mon evaluation methods and typical datasets, summarizes the performance shortcomings of mod-
els in complex scenarios, and proposes improvement strategies. The results show that core metrics
such as accuracy and precision, as well as methods including single-metric evaluation and cross-
dataset validation, each have their own advantages and disadvantages; models have obvious per-
formance bottlenecks in scenarios such as illumination changes, pose differences, occlusion inter-
ference, and small-sample data; data augmentation, model structure optimization, transfer learn-
ing, and multi-model fusion can effectively improve model performance. The conclusion points out
thatitis necessary to construct a multi-dimensional comprehensive evaluation system and promote
model improvement collaboratively from multiple aspects of data, structure, and algorithms to en-
hance their generalization and robustness in complex scenarios, thereby facilitating the practical
development of image recognition technology.
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Figure 1. Performance evaluation metrics of artificial intelligence models in image recognition
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Figure 2. Improvement strategies of artificial intelligence models in image recognition
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