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A Python-Based Tourist Attraction Recommendation System

Wu Yutong!?

1. School of Intelligent Manufacturing, Jiangsu Normal University, Xuzhou 221116
2. Sino-Russian Institute, Jiangsu Normal University, Xuzhou 221116

To reduce the cost of information filtering for users on travel information platforms and address the
issues of inadequate personalized recommendations and inefficient itinerary planning, this paper designs and
implements a travel attraction recommendation system based on Python and Django. The system uses
Requests and BeautifulSoup4 to crawl data on attractions and restaurants from Ctrip, obtaining a total of 8,959
attractions and 2,678 restaurants. It employs an item-based collaborative filtering algorithm (ItemCF),
integrating behavioral weights such as favorites, likes, ratings, adding to itineraries, and “not interested,” while
using a popular attractions strategy to mitigate cold-start issues and a lack of candidates. Additionally, the
system integrates DeepSeek, Baidu Maps, and OpenWeather to enable intelligent Q&A, itinerary planning,
map display, and weather queries. Testing shows that the system’s core functions operate stably, with Al
itinerary planning response times not exceeding 3 seconds, meeting the engineering requirements for small- to
medium-sized tourism recommendation systems.

Tourism attraction recommendation system; Python; Collaborative filtering; Web crawler; Large
language model

www.bsjn.com/ciet/zh_Hans https://doi.org/10.68070/vksvmf70



	0 引言
	1 系统总体设计
	1.1 系统架构
	1.2 MVT 分层与模块协同
	1.3 数据获取与预处理
	1.4 第三方服务与数据支撑
	1.5 业务需求

	2 推荐算法与数据模型设计
	2.1 ItemCF 推荐模型
	2.2 用户行为权重与冷启动
	2.3 数据库结构设计
	2.4 数据一致性与行为记录
	2.5 方法适用性与局限性

	3 软件设计与功能实现
	3.1 开发环境与项目组织
	3.2 AI 旅游线路规划
	3.3 景点智能推荐
	3.4 用户登录、注册与权限认证
	3.5 管理端统计与可视化

	4 系统实现与界面验证
	4.1 AI 路线与推荐功能
	4.2 景点检索与地图可视化
	4.3 餐厅、天气与AI智能问答
	4.4 管理员子系统
	4.5 系统测试

	5 结论

