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With the rapid evolution of visual large models, the field of surveying and remote sensing is shifting
from single—task interpretation centered on classification, detection and segmentation to a multimodal
understanding paradigm characterized by vision—language alignment, instruction following and
natural language interaction. Different from natural images, remote sensing images feature top—down
perspective, large scale span, dense targets, prominent cross—sensor differences and high reliance
on professional knowledge, making general visual large models difficult to be directly transferred.
Focusing on this issue, this paper systematically reviews the data construction, training paradigms and
core architecture evolution of remote sensing multimodal large models based on the fundamentals and
difficulties of remote sensing vision—language alignment. Firstly, it summarizes remote sensing vision—
language representation learning based on CLIP and its development in domain continual pre—training.
Secondly, it highlights the roles of remote sensing image—text pre—training data, instruction tuning
data and human—-machine collaborative generation strategies in model capability building, and sorts
out the major technical routes from global image—text understanding to spatial correlation and multi—
sensor unified modeling. Finally, in combination with the requirements of surveying and remote sensing
services for spatial positioning accuracy, spatiotemporal consistency, reliability and engineering
deployability, it analyzes the main challenges existing in current methods, including model hallucination,
fine—grained localization, dynamic reasoning, evaluation system and edge deployment in the remote
sensing field.

remote sensing multimodal large model; vision—-language alignment; instruction tuning;
spatial correlation; visual question answering; surveying and remote sensing
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