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Abstract: How to obtain the consumption behavior of massive customers in large indoor shopping malls has
always been a difficult problem in behavioral geography. However, with the explosive growth of indoor
trajectory data in recent years, there's a great opportunity to solve this problem. Meanwhile, the lack of semantic
information and poor data quality of indoor trajectory still pose challenges to the inference of consumer
behavior. This study proposes a framework for customers' consumption behavior inference in shopping malls
without collecting private personal consumption records. This framework integrates the Web text information of
stores with movement features extracted from personal and historical customer trajectories. The semantic
attributes of indoor stores are enhanced by introducing the crawled network text data of indoor stores, so as to
realize the transformation from customer geometric trajectory to semantic trajectory. Specifically, the framework
offers a method to model the customers' consumption feature from three aspects, including the raw trajectory's
movement feature, semantic feature, and movement embedding feature. By employing the representation
learning algorithm in extraction of customers' movement embedding feature, the framework can learn the
movement pattern from the historical crowd trajectories and use the movement embedding feature to model
movements of a single customer in a complex indoor environment automatically. Finally, the research realizes
residents' consuming behavior inference by clustering the concatenated multi- sources consuming features and
analyzing the clusters with statistic values and visualization. Through the experimental analysis of a real-world
indoor trajectory dataset generated from a large shopping mall with 7045 customers, the inference result proves
that the framework can effectively extract the spatial-temporal movement and consumption pattern of residents.
Comparing with the classic feature extraction methods and typical clustering methods, the framework we
propose achieves an improvement for up to 69.8% in the Silhouette Coefficient. This improvement illustrates

that the customers' consumption behavior inferring framework we propose can identify the customers with
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different consuming behaviors more effectively and cluster customers' feature with high dimension more precisely.
Through the analysis of indoor customer clusters' movement pattern, the research finds out that the moving
behavior of all shopping mall customers are affected directly and prominently by the design of indoor environment
e.g., the distribution of functional zones, location of escalators, etc. Besides, the research also finds out that
customers have strong preference to consume in the identical floor. The framework we proposed can identify
customer groups with different consumption levels and movement patterns and discover consuming patterns from
massive shopping mall customers without knowing their personal information. The application of the framework
in inferring customer behavior patterns could provide a support for relative researches in behavioral geography.
Key words: indoor trajectory; trajectory data mining; indoor consumption behavior; trajectory clustering; crowd
spatial-temporal movement; movement feature embedding; movement pattern mining; indoor space structure; hu-
man dynamic observation
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Tab. 1 Customer trajectory's movement feature
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Tab.2 Customer trajectory's semantic feature
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