

  ijgi-15-00127




ijgi-15-00127







ISPRS Int. J. Geo-Inf. 2026, 15(3), 127; doi:10.3390/ijgi15030127




Article



CTSTSpace: A Framework for Behavior Pattern Recognition and Perturbation Analysis Based on Campus Traffic Semantic Trajectories



Lin Lin 1, Mengjie Jin 2, Zhiju Chen 3, Wenhao Men 1, Yefei Shi 2 and Guoqing Wang 4,*





1



School of Water Conservancy and Transportation, Zhengzhou University, Zhengzhou 450001, China






2



School of Geo-Science and Technology, Zhengzhou University, Zhengzhou 450001, China






3



School of Civil Engineering, Zhengzhou University, Zhengzhou 450001, China






4



School of Computer Science and Artificial Intelligence, Zhengzhou University, Zhengzhou 450001, China









*



Correspondence: iegqwang@zzu.edu.cn; Tel.: +86-15225181577







Citation: Lin, L.; Jin, M.; Chen, Z.; Men, W.; Shi, Y.; Wang, G. CTSTSpace: A Framework for Behavior Pattern Recognition and Perturbation Analysis Based on Campus Traffic Semantic Trajectories. ISPRS Int. J. Geo-Inf. 2026, 15, 127. https://doi.org/10.3390/ijgi15030127



Academic Editors: Wolfgang Kainz, Shaofeng Wang, Jian Liu, Lei Kou and Feng Guo



Received: 22 January 2026 / Revised: 28 February 2026 / Accepted: 12 March 2026 / Published: 14 March 2026



Abstract


In smart campus construction, behavior pattern recognition and perturbation analysis serve as the cornerstones for achieving a transition from passive response to dynamic regulation, with intelligent perception and anomaly diagnosis methods based on campus traffic flow underpinning transportation system resilience. Traditional research methods suffer from issues such as privacy risks, coarse modeling, and limitations from single data formats, labeling difficulties, and coverage gaps. This study proposes a refined semantic trajectory construction method that integrates multi-source data (e.g., mobile signaling data, maps and weather conditions), known as the Campus Transportation Semantic Trajectories Space (CTSTSpace) framework. It enables the precise identification of semantic origin–destination points from dynamic personnel trajectories, quantifies service performance through real-time road network mapping, and models multidimensional perturbations, achieving full campus coverage without complex labeling while ensuring robust privacy protection. Under clear weather conditions, the analysis demonstrates accurate recognition of travel behavior patterns (dwelling, aggregation, mobility, and congestion) that synchronize with class schedules, where vehicle speeds drop by over 50% during peak hours. Under rainy weather perturbations, it captured demand shifts (e.g., peak hour offsets of 30–60 min and a 6.8–9.2% reduction in long-distance dining trips) and speed reductions (52.15–73.74%). This approach provides critical insights for resilient smart campus traffic management.
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1. Introduction


On university campuses, characterized by dense populations and mixed functions [1], precise behavior pattern recognition and in-depth perturbation analysis are essential for constructing intelligent, efficient, and resilient traffic management systems [2,3]. During peak periods such as class breaks and mealtimes, the travel patterns of students and faculty exhibit pronounced clustering. These patterns demonstrate significant spatiotemporal synchronization and tidal characteristics. However, limited road resources, compounded by immediate disturbances like weather changes, not only directly impact movement speed [4] but also trigger shifts in travel demand and route choices [5,6]. This can easily lead to periodic congestion on key road sections, severely affecting campus operational efficiency and the user experience [7]. Therefore, the identification and monitoring of pedestrian flow peaks are fundamental for prediction and management [8,9]. Understanding the complex impact of weather and other factors on students’ travel willingness and traffic flow efficiency is crucial [10], while continuous traffic state monitoring serves as the guarantee for achieving dynamic regulation [11]. Against this backdrop, location-and trajectory-based analytical methods demonstrate immense potential for addressing the aforementioned challenges, owing to their high spatiotemporal precision, robust anonymized privacy protection features, and scalability in data acquisition and management [12].



To capture and analyze dynamic behavior patterns, academia has developed multiple technological approaches based on location and trajectory data. These methods vary in their data sources, precision, and applications, each with corresponding limitations. The first category is computer vision-based location and trajectory analysis. Leveraging surveillance videos or image sequences, this method employs object detection and tracking technologies to directly perceive traffic safety incidents, intersection flows, etc., offering the advantage of “what you see is what you get” [13,14]. However, for campus traffic behavior recognition, it has notable shortcomings: difficulty in continuously capturing complete activity patterns of individuals across large spaces [15]; privacy risks involving sensitive information like facial data [16]; and a lack of high-quality public campus behavior datasets, making image annotation labor-intensive [17].



The second category involves Wi-Fi or Bluetooth-based trajectory analysis. This method infers positions based on connection signals between devices and wireless access points (AP s), providing non-intrusive and robust privacy protection [18]. Its drawbacks include coverage blind spots and intermittent connectivity, leading to fragmented trajectory data that require complex signal completion and map-matching algorithms [19].



The third category is mobile communication signaling data analysis. Utilizing signal interactions between mobile phones and cellular base stations for localization, this approach offers seamless coverage, strong privacy preservation, and no need for additional hardware deployment [20,21]. However, its relatively low positioning accuracy, while sufficient for macro-level traffic monitoring [22], struggles to support fine-grained analysis of socially rich attributes like travel intent or activity purpose [23], limiting insights into the mechanisms driving traffic peaks.



To overcome the limitations of single-data-source approaches, a fourth trend—multi-source data fusion analysis—has emerged as critical. Researchers have attempted to enrich trajectories with semantic meaning by integrating multi-source information to infer activity purposes. For example, Wang et al. applied sequence analysis and hierarchical clustering to identify commuting patterns; Peng He et al. fused point-of-interest (POI) data and employed topic modeling to analyze activity patterns [24]; and Yusi Liu et al. combined Bayesian rules with POI visit probabilities to infer travel semantics [25]. These studies advanced the concept of “semantic trajectories”. However, existing methods face dual challenges in campus traffic scenarios: (1) Lack of tailored analytical frameworks: Campus traffic features highly regular demographic patterns and behavior strongly driven by class schedules, yet refined analytical frameworks specifically addressing these dynamics remain underdeveloped [26]. (2) Insufficient granularity in semantic trajectory construction: Current methods often rely on coarse-grained POI data, failing to deeply integrate with high-precision building-level GIS data or real campus road networks [27]. They also neglect data noise [28], leading to inaccurate semantic labeling and difficulty distinguishing spatially proximate but functionally distinct activities (e.g., “attending class in a teaching building” vs. “resting in an adjacent café”), which limits analytical depth.



Behavior patterns drive the spatiotemporal distribution of traffic demand, while road network performance shapes its manifestation. Semantically enriched origin–destination (OD) analysis requires aligning trajectories with real road networks [29]. However, many studies generate OD trajectories as straight-line connections [30], ignoring road network structures. Although some reconstruct or simulate paths using knowledge graphs [31], crowdsourced data [32], or traffic simulations [33], most stop at trajectory generation itself, failing to dynamically and accurately map path demands onto “real road network topologies”. This leaves unanswered the following core management question: which specific road segments become bottlenecks due to which travel demands?



Additionally, traffic systems are vulnerable to perturbations like weather. Studies show rainfall affects travel speed [34], key road segment flows [4], and bus services [35], but these often remain at the macro level, merely demonstrating statistical associations between rainfall and traffic metrics without explaining the underlying behavioral or operational mechanisms [24,36], lacking analysis of underlying mechanisms (e.g., coupling between demand changes and speed reductions). This hinders preventive strategy development.



In summary, while related research has advanced in feature characterization, OD analysis, and perturbation awareness, three limitations fragment the “behavior–network–perturbation” analytical chain: (1) Semantically ambiguous behavior identification fails to provide precise driving factors. (2) OD analysis without road network mapping cannot locate physical bottlenecks. (3) Black-box perturbation assessment cannot dissect systemic response mechanisms.



Compared with recent research advances, this study differs and contributes in three aspects. First, existing studies on travel behavior semantic recognition often focus on destination semantics or statistically based behavioral clustering [25]. In contrast, this study integrates trajectory and GIS data to construct refined semantic OD pairs, providing more direct behavioral interpretability. Second, multimodal travel pattern identification has become a research hotspot [37]. For example, density-based clustering and embedding learning methods are applied to extract complex semantic travel patterns [26]. However, these approaches mainly emphasize pattern recognition itself and seldom link results to network performance or disturbance impact analysis. Third, research on transportation network resilience is rapidly developing [38]. Existing studies propose resilience assessment frameworks integrating external events with supply models, incorporating disturbances into network performance evaluation [39,40]. Building on this, this study decouples behavioral change mechanisms and supply-side degradation mechanisms. It establishes an interpretable disturbance response model. This model helps distinguish the different impact pathways of travel demand suppression and facility degradation on system performance in management practice.



This fragmentation makes it difficult to quantitatively analyze the microdynamics of campus traffic congestion and its dynamic responses to environmental perturbations as a whole.



To address these challenges, this paper proposes the CTSTSpace framework, with the following key innovations:



(a) A refined semantic trajectory construction method via multi-source data fusion is introduced to overcome the limitations of existing approaches in campus scenarios, which suffer from insufficient precision and disconnection from real-world environments. This method includes the following steps: (1) Integrating building function perception with spatiotemporal clustering to transform low-semantic trajectories into refined semantic origin–destination (OD) pairs. This addresses the challenge of ambiguous behavioral semantics. (2) Dynamic mapping of semantic OD pairs to specific road segments by combining open-source routing engines with real road networks, enabling fine-grained quantification of network performance and bridging the road network mapping gap. (3) Construction of a multidimensional perturbation decoupling model to quantitatively analyze the independent and interactive effects of rainfall on travel demand and movement speed.



(b) Leveraging the refined semantic trajectories, we conduct exemplary analyses of typical behavioral pattern recognition in campus traffic and its dynamic responses to external perturbations (e.g., weather). This reveals the micro-scale coupling mechanisms among “behavior–network–perturbation”, offering a novel perspective for fine-grained traffic governance in smart campuses.




2. Materials and Methods


2.1. Overview of the Study Area


Zhengzhou University is located in the northwestern part of Zhengzhou City, Henan Province. It experiences a warm temperate monsoon climate, with a rainy season concentrated from June to September each year. As one of China’s largest universities by student enrollment, it enrolls over 70,000 undergraduate and graduate students. The campus features concentrated functional zones, primarily divided into student dormitory areas, dining and commercial districts, and teaching and administrative zones. The student dormitory areas are clustered in four main compounds, housing a large number of students, and adjacent to commercial streets that provide daily living and dining services. The teaching complex includes public lecture buildings, experimental facilities, libraries, and administrative offices, all within walking distance. Daily academic activities are primarily concentrated in this area. The dormitory, teaching, and commercial zones are each located no more than 500 m apart, forming a typical multi-point linear commuting pattern for students: “dormitory–teaching–entertainment”.



Campus road and traffic land use occupy a relatively high proportion of the campus area, with strong spatial continuity. Functional zones such as teaching areas, dormitory areas, and dining/commercial districts exhibit relatively clear clustered distributions, creating stable and high-frequency cross-zone travel demands. While the campus road network demonstrates good overall connectivity, the convergence and dispersion of pedestrian, non-motorized vehicle, and motorized vehicle flows—coupled with the strong spatiotemporal concentration patterns of faculty and student travel—often lead to congestion at critical nodes of high-traffic roads during peak hours. Additionally, uncovered lanes leave pedestrians and cyclists vulnerable to climatic conditions (e.g., rainfall). The map of the study area is shown in Figure 1.




2.2. Data Description


	(1)

	
Mobile phone signaling data







The core dataset for this study consists of anonymized, aggregated mobile phone signaling data, provided by China Mobile Communications Group. The data spans two months, from July to August 2024, ensuring coverage of both typical weekdays and weekends. It records base station connections and returns for anonymized users every 5 s within and around the campus, with spatial precision dependent on base station density. The original data fields include User Identifier (UID), Service Area Name (Area_name), Timestamp, Base Station ID and Geographic Coordinates (longitude/latitude). Preprocessing steps include the following: (1) Data cleaning: Outliers and noise are removed using a speed threshold (>60 km/h) to eliminate obvious drift points [41]. This threshold was determined based on legal speed limits and the physical characteristics of the study area and its surroundings. (2) Stay point identification: Spatiotemporal features are standardized using parameters such as minimum cluster size, sample count, and clustering thresholds. Each cluster (excluding noise points) is treated as a stay point. (3) Trajectory reconstruction: Stay points and movement points are connected to form continuous travel trajectory sequences (without network constraints). This dataset serves as the foundation for subsequent origin–destination (OD) identification, road performance analysis, and dynamic behavior pattern mining.



	(2)

	
Building function GIS data







To assign precise semantic purposes to travel activities, detailed geographic information on campus buildings was acquired. This data, collected via unmanned aerial vehicle (UAV) photogrammetry, covers over 2300 buildings across more than 20 categories. Each building includes attributes such as building ID and polygonal geometry. Using the Online Place Identification (OPI) function of electronic maps, campus buildings are classified into six major categories: teaching buildings, dormitory buildings, dining halls, office buildings, commercial service facilities, and others.



	(3)

	
Road network data







To map OD pairs onto the real road network, road data was sourced from two channels: (1) extraction of the study area’s road network from OpenStreetMap and (2) polygonal road layers obtained via campus UAV remote sensing. These layers were fused and calibrated to create a high-precision campus model. The data includes road hierarchy, geometric centerlines, and topological relationships. During preprocessing, the internal campus road network structure was extracted through topological construction, and initial capacity attributes were assigned based on road classifications. This dataset serves as the foundational geographic layer for real road network mapping and path matching. Combined with the path planning API of the OpenRouteService engine, each identified OD pair (centroids of origin and destination buildings) is matched to the optimal road path. This process generates a large set of time-varying paths dynamically loaded onto the road network, forming a “dynamic demand-loaded network”. This network provides the basis for calculating service performance (e.g., speed variations) across road segments during different time periods—a representation of the road network where each segment’s traffic load is continuously updated based on the real-time aggregation of semantically enriched OD pairs.



	(4)

	
External Perturbation Data







To quantify perturbation factors influencing campus behavior patterns, this study collected concurrent meteorological observation data, class schedules, and daily routine timetables. Weather data includes hourly precipitation (in millimeters). Class schedules and daily routines mark periods such as class start/end times, lunch breaks, and dinner times. While focusing on regular behavior patterns, special attention is given to rainfall as a climatic perturbation factor. “Rainfall scenarios” are defined as hourly precipitation exceeding 0.5 mm, with all other cases classified as “baseline scenarios”. For further gradient analysis, rainfall intensity is categorized into light rain, heavy rain, etc. This data is used to control for the “weather” variable in subsequent analyses, comparing differences in travel demand patterns and road network speeds under varying weather conditions to quantify perturbation effects.



Mobile phone data provides dynamic pedestrian flows, GIS data offers static environmental context, road network data serves as the transportation carrier, and weather data introduces external variables. Together, these datasets form the foundational basis for systematic analysis, as illustrated in Table 1.




2.3. Methodology


This study proposes an innovative integrated analysis framework named CTSTSpace, designed to systematically address three major bottlenecks in traditional traffic trajectory-based analytical methods for smart campuses: (1) behavior recognition with semantic ambiguity failing to provide precise driving factors; (2) OD analysis lacking road network mapping being unable to locate the physical carriers of performance bottlenecks; and (3) black-box perturbation evaluation failing to unravel the underlying mechanisms of system responses. Through four core modules, the framework enables end-to-end coupled analysis from raw trajectory data to microscopic congestion mechanisms and perturbation responses, establishing a complete technical workflow spanning “trajectory inference” to integrated “semantic-path–performance–perturbation” modeling. Its overall architecture is illustrated in Figure 2.



2.3.1. Refined Semantic Origin–Destination (OD) Identification and Matching Method


This study proposes a two-step approach for refined semantic analysis of campus travel behaviors, integrating spatiotemporal clustering with semantic mapping of building functions. This overcomes the limitations of traditional threshold-based methods in functionally mixed environments.



First, prior to applying the HDBSCAN clustering algorithm, a walking speed distribution modeling approach is introduced to derive a data-driven threshold that distinguishes movement from stay states, enabling preliminary screening of candidate stay points [42]. Average speeds are computed between consecutive trajectory points. A Gaussian Mixture Model (GMM) is then fitted to the logarithmic distribution of speed values. The saddle point (local minimum) of the estimated probability density function is identified to automatically learn the threshold separating “movement” from “candidate stay” states. Trajectory points below this threshold are filtered and grouped into continuous candidate stay segments. This step refines the input to the HDBSCAN algorithm and improves the accuracy of subsequent stay-point detection. Then, we develop a stay point extraction method using the Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) algorithm. This approach accurately identifies spatiotemporal stay points during individual trips from mobile phone signaling trajectory data. Each trajectory point is represented as a spatiotemporal feature vector combining longitude, latitude, and temporal differences:


    F   s p a t i o t e m p o r a l     =         λ   x   ⋅ l o n ,   λ   y   ⋅ l a t ,   λ   t   ⋅ Δ t         T    



(1)







  Δ t   represents the time offset of a trajectory point relative to the individual’s first observed moment and   λ   serves as a weighting factor. To eliminate differences in dimensions and numerical scales between spatial coordinates and temporal features, each dimensional feature is standardized, with spatial and temporal weights adaptively determined based on the standard deviations of the respective features. Subsequently, HDBSCAN clustering is performed in the spatiotemporal feature space, ensuring that the clustering results simultaneously satisfy constraints of spatial proximity and temporal continuity. This enables adaptive identification of stay behaviors with varying durations.



By directly embedding temporal continuity into the clustering feature space, an effective connection is established between geometric trajectory segmentation and behavior-oriented travel analysis. The workflow for the stay point identification is illustrated in Figure 3.



Secondly, to infer travel purposes for stay points, we spatially correlate them with high-resolution campus building data. Building upon traditional nearest-neighbor-based building matching methods, spatial and temporal sliding window constraints are introduced to enhance the stability and robustness of building semantic determination at the micro scale. The nearest building is selected as a candidate by calculating the minimum Euclidean distance between the stay point and surrounding building polygons. Considering positioning deviations at the micro-scale of the campus, a buffer zone with a radius of 10 m is employed for neighborhood analysis [22]. The distance calculation formula is given as Equation (2):


  d     P   p o i n t   ,   B   p o l y g o n     =       min   p ∈ ∂ B         P   p o i n t   − p      



(2)




where   d     P   point   ,   B   polygon       represents the minimum distance from point P to several surrounding polygons B, d represents the shortest Euclidean distance,     P   point     denotes the coordinates of the trajectory point,     B   polygon     refers to the building polygon, and   ∂ B   indicates the boundary of the building polygon. A spatial sliding window is introduced to calculate the spatial overlapping area between the window of each stay point and the buffer zone of candidate buildings, enabling a comprehensive determination of the building affiliation for stay points within their local spatial neighborhoods. Meanwhile, to suppress semantic jumps caused by short-term drifts or sporadic noise, a temporal sliding window constraint is further introduced to perform consistency checks on building matching results across consecutive time windows. The matching decision rules are as follows:


  B u i l d   F u n c t i o n =       Building   Type     if     d   P , B   ≤   R   s e a r c h        unknown   otherwise       



(3)







Here, the minimum distance is calculated as the shortest distance from the point to the corresponding boundary line, with the point on the boundary closest to the trajectory point being identified. If    d   ≤      R   search     (the empirically determined search radius), the semantic label of the point is assigned as the functional type of the affiliated building (e.g., teaching building, cafeteria). Otherwise, it is labeled as “unknown”. Points labeled as “unknown” refer to stay points that could not be matched to core building functions (e.g., teaching buildings or dining halls). These points are typically located in non-building areas, such as gardens or lawns, or in regions with sparse spatial distributions. Their influence on travel purpose analysis is therefore negligible. When encountering functionally dense areas (e.g., when adjacent to two or more buildings), the proportion of the destination window area traversed is calculated using a sliding window along the trajectory. The semantic attribute with the highest area proportion is assigned to the path point. Finally, OD pairs associated with core functional buildings (teaching buildings, dormitory buildings, cafeterias, gymnasiums) are filtered out to generate travel activity chains with refined semantic annotations, as illustrated in Figure 4.




2.3.2. Matching and Performance Quantification


To explore the causal link between travel behaviors and road network infrastructure performance, the study further maps semantic OD pairs onto the real-world road network. Various modes of transportation (walking, bicycles, electric scooters, etc.) exist on campus, but the pedestrian network is dense, and walking is the primary mode. Therefore, by invoking the OpenRouteService (ORS) v2 Matrix API (configured in “walking” mode), optimal route distances and travel times between OD pairs are batch-computed [43]. Using the timestamps of the raw trajectory points, the actual time difference between consecutive points was calculated to derive the actual speed, so as to accommodate the mixed transportation modes on campus. This process primarily involves the following steps:




	(1)

	
Map Matching: HMM projects discrete trajectory points onto the road network by maximizing joint likelihood of observation and transition probabilities.




	(2)

	
Optimal Route Calculation: The spatiotemporal Dijkstra algorithm computes optimal routes with real-world constraints, using detailed campus road data.




	(3)

	
Trajectory Smoothing and Generation: Bayesian inference integrates road network constraints with pedestrian motion models; the Kalman filter generates smoothed trajectories.









To enhance computational efficiency when calling the matrix API, we batch-process the OD pairs by grouping origins and destinations separately according to index ranges and submitting multiple sub-matrix requests in parallel, thereby respecting API limits and reducing total query time.



Given a batch size B, a location list is constructed as:


   L     =    [   O   1   ,   D   1   ,   O   2   ,   D   2   , ⋯ ,   O   B   ,   D   B   ]  



(4)







The source index set    S     =   [ 0 , 2 , 4 ,  ⋯  , 2  B −  2 ]    and destination index set    D     =   [ 1 , 3 , 5 ,  ⋯  , 2  B −  1 ]    are constructed separately. This method reduces computational complexity from   O (   B   2   )     to   O ( BlogB )  , markedly improving efficiency for large-scale OD pair computations. The API request is mathematically represented as:


    R   api      =    Matrix   API ( L , S , D  , {  duration , distance  } )   



(5)




where L is the location coordinate matrix, S is the source index set, and D is the destination index set. In the matrix returned by the API, diagonal elements dii correspond to the optimal route values (distance or time) for the i-th OD pair.



Average travel speeds for road segments are calculated based on route results, establishing a quantitative analysis chain for precise service-level evaluation. The spatiotemporal trajectory chains depict individuals’ campus movements while retaining temporal sequences and activity durations, providing a foundation for analyzing how perturbations influence travel behaviors. A schematic of trajectory reconstruction is shown in Figure 5.




2.3.3. Multidimensional Disturbance Analysis Model


To precisely analyze the impact of rainfall on the campus transportation system, the study introduces weather scenario variables and constructs a quantitative disturbance model from three dimensions (as shown in Figure 6) to analyze the mechanism by which rainfall weather disturbances affect campus travel behavior.



	(1)

	
Dynamic Shift in Spatiotemporal Travel Patterns







Using data from sunny days, a baseline daily pattern curve B(t) is established. For rainy day i, the activity intensity curve for the same time period is calculated. Formula (6) below is used to quantify peak shifts.



A positive value indicates a delayed peak, while a negative value indicates an advanced peak. A flattened curve indicates a dispersed peak.   a r g m a x   denotes the time point at which the function attains its maximum value.     R   i     t     denotes the activity intensity function at time t on the i-th rainy day.       P   p e a k   − τ ,   P   p e a k   + τ ,     denotes the peak search time window.     P   peak     denotes the peak time under the baseline scenario.     t     peak   base       denotes the peak time under the baseline scenario.


    ∆ t   i   = a r g m a x     R   i     t ∈     P   p e a k   − τ ,   P   p e a k   + τ ,       −   t     p e a k   b a s e      



(6)







	(2)

	
Suppression of Travel Demand and Structural Changes







Samples are categorized into disturbance scenarios: baseline scenario (sunny day, rainfall intensity = 0 mm/h), light rain scenario (0.1–2.5 mm/h), and moderate-to-heavy rain scenario (>2.5 mm/h). The total demand change rate is calculated as follows:


    η   t o t a l   =      D   t o t a l       S   x       −     D   t o t a l       S   c l e a r         D   t o t a l       S   c l e a r        × 100 %  



(7)







Here,     S   rain     and     S   clear     represent the total daily or peak-hour travel volumes under the disturbance scenario and the baseline scenario, respectively.     η   total     denotes the rate of change in total travel demand.     D   total       S   x       denotes the total travel demand under different scenarios. A negative value      Δ P    long     indicates suppressed demand. Furthermore, changes in long-distance travel behavior are analyzed using Formula (8).     P   long     S     denotes the proportion of long-distance travel under different scenarios:


     Δ P    long      =       P    long       S   rain     −   P   long       S   clear      



(8)







This reveals structural behavioral shifts, such as travelers shortening their travel distances to avoid rain.



	(3)

	
Additional Speed Attenuation on Routes







To isolate the additional speed attenuation caused solely by rainfall, the following steps are taken: For each scenario, the average speed for each road segment–time period is derived from route matching:     v   a   (  s , t  )  , where a, s, t represent the road segment, scenario, and time period, respectively.   avg (   v   a   )   denotes the averaging operator.



Baseline speed:


    v     a   clear       t      =   avg (    v   a   (   S   clear    , t ) )   



(9)







Speed attenuation value on rainy days:


    v     a     rain   i         t      =      v   a   (   S     rain   i     , t )  



(10)







Additional speed attenuation rate:


    δ     a   i       t     =          v     a     rain   i         t   −   v     a   clear       t         v     a   clear       t      ×    100 %   



(11)







    δ     a   i       t     represents the relative speed attenuation rate attributed solely to rainfall, independent of baseline traffic conditions. A negative value indicates attenuation, with a larger absolute value indicating more severe performance degradation caused by rainfall.






3. Results


Based on the empirical analysis results from the CTSTSpace framework, a systematic analysis ranging from spatiotemporal clustering to disturbance response reveals the complex coupling relationship among “travel behavior–road network performance–external disturbances” within the campus transportation system. The following presents the analysis results progressively across three levels, incorporating charts for illustration.



3.1. Semantically Enhanced Behavior Recognition: Construction and Validation of a High-Precision OD Matrix


Firstly, by integrating spatiotemporal clustering with building function semantic mapping, we achieved the transformation from low-semantic trajectories to a high-precision semantically enriched OD matrix. Figure 7 presents the visualization results of the speed distribution modeling. The fitted curve exhibits a clear multimodal pattern. This phenomenon likely reflects heterogeneous mobility behaviors. From right to left, Peak A (high speed) corresponds to fast walking, cycling, or rapid cross-regional movement. Peak B (moderate-to-low speed) represents normal walking and indoor activities. Peak C (very low speed) corresponds to true stationary states, as well as minor positional fluctuations caused by localization noise. Two saddle points are identified between the three peaks, located at 0.55 m/s and 0.18 m/s, respectively. Accordingly, 0.18 m/s is determined as the threshold distinguishing movement from stay states.



Figure 8 clearly illustrates the spatiotemporal evolution patterns of short-term crowd aggregation densities within buildings. At 10:00, high-density areas (depicted in red) are primarily concentrated in teaching buildings, reflecting crowd aggregation before or during class breaks. By 12:00, density hotspots significantly shift to the cafeteria area, accompanied by a corresponding increase in density in dormitory areas. Arrows connecting the two time points visually depict the typical tidal flow pattern of “teaching → dining/returning”. Notably, compared to Day 2 and Day 4 (sunny days), the aggregation hotspots on Day 1 and Day 3 (presumed to be rainy days) are more concentrated and exhibit slightly reduced intensity, initially suggesting a compressive effect of weather disturbances on activity spaces.



The outcomes of this behavior recognition are encapsulated in the high-fidelity temporal semantic OD matrix shown in Table 2. This matrix not only includes traditional spatiotemporal information (such as Od_pair_id, Time, Longitude, Latitude) but, more crucially, assigns precise semantics like “dining”, “studying” or “resting” to each trip through the BuildFunction and Trip_purpose fields. For instance, the trip with ID 1024197_0005 is identified as a “dining” behavior from a dormitory building to the cafeteria. This addresses the core issue of semantic ambiguity in traditional anonymous trajectory data, providing high-precision behavior-driven factors for subsequent analysis.



Similarly, Figure 9 illustrates the trajectory density distribution on core campus roads at different times, laying the groundwork for subsequent identification of key/hotspot road sections. As shown in the Figure 9, under varying weather conditions, areas such as the intersection of Boyue Road, Houde Avenue, and Heyuan Mall, the section where Tingyun Road meets Tianjian Avenue near the library, and road segments near the south and north gates may experience dense pedestrian flows at different times.



The generated high-fidelity temporal semantic OD matrix, as shown in Table 2, not only incorporates traditional OD information (origin, destination, and time) but also adds precise semantic information tailored to individual activities.



Figure 10 further visualizes the spatial patterns of OD flows under different semantic purposes. The results reveal that campus travel flows exhibit strong purpose orientation and functional dependency: “dining” trips (represented by red arrows) form strong flows connecting dormitories, teaching buildings, and cafeterias; “studying” trips (blue arrows) primarily create a network between teaching buildings and office buildings; and “resting” trips (green arrows) are more closely associated with dormitories and living service facilities. This structurally clear flow spatial pattern, anchored by building functions, validates the effectiveness and necessity of the semantic OD identification method proposed in this study.



According to the campus occupant mobility patterns depicted in the figure for sunny (a) and rainy (b) days, the mobility paths and travel purposes are closely intertwined. On sunny days, individuals have the flexibility to freely choose multiple buildings as travel destinations, demonstrating high adaptability and freedom. In contrast, rainy days lead to a concentration of travel destinations. This highlights the significant impact of weather on “mobile” travel behavior.




3.2. Quantification of Road Network Performance Through Mapping


To establish a connection between “behavior” and “performance”, the study dynamically maps semantic OD pairs onto the real road network. Figure 11 visualizes the individual travel path trajectories, revealing a high degree of overlap among multiple trajectories on key corridors (such as the main roads connecting living areas and teaching areas), directly indicating potential congestion bottlenecks.



This process establishes a complete causal analysis chain of “travel demand–path load–traffic speed”, Through this chain, we can precisely quantify the load conditions and service levels of various campus paths, identify congested road sections, and thereby provide accurate data support for campus traffic optimization.



By conducting batch calculations and loading a vast number of OD pairs onto the road network, this study constructs a complete analysis chain of “OD demand–path load –road section speed”. Figure 12 presents the evolution of average speeds throughout the day for different travel purposes. The results notably indicate the following:




	
Purpose-Based Speed Differentiation: The speed of “dining” trips (red line) exhibits sharp peaks during midday (12:00) and evening (18:00), reflecting strong time-sensitive demands. The speed of “studying” trips (green line) fluctuates smoothly, synchronized with the class schedule. The speed of “resting” trips (blue line) consistently remains low.



	
Weather-Induced Disturbances: Comparing data across four days, the peak speeds of “dining” trips on Day 1 and Day 2 (sunny days) are significantly higher than those on Day 3 and Day 4 (rainy days). For instance, the peak midday dining speed on Day 2 approaches 15 km/h, while on Day 3, it is less than 10 km/h during the same period. This quantitatively reveals the inhibitory effect of rainfall on travel efficiency.








To more precisely capture the spatial impacts of disturbances, Figure 13 focuses on the temporal evolution of travel speeds on a typical road section (Boyue Road). The smooth curves show a noticeable decline in speed during midday peak hours on this road section. Notably, on Day 3 (rainy day), the speed decline begins earlier, lasts longer during the trough period, and recovers more slowly. This demonstrates that rainfall disturbances not only reduce the “level” of speed but also worsen the “duration” of congestion, exacerbating the performance degradation of the road section.




3.3. Decoupling Analysis of Disturbance Mechanisms: The Dual Pathways of “Demand Suppression” and “Speed Degradation”


Finally, this study quantitatively decouples the impact mechanisms of rainfall by constructing a multidimensional disturbance model. Figure 14 reveals the demand-side changes under disturbances:



(a) Shift in Travel Peaks: Compared to the sunny-day baseline, the travel frequency curve on rainy days exhibits lower and flatter peaks, with a slight delay (30–45 min) in the midday peak and an advance of 45–60 min in the evening peak. This indicates that rainfall suppresses overall demand and disperses travel times.



(b) Structural Shift in Demand: During midday and evening peaks, the proportion of “long-distance dining” choices significantly decreases under rainy conditions, by 6.8–9.2%, while the proportion of “short-distance dining” increases. This confirms that rainfall induces behavioral changes in travelers, prompting them to shorten their activity radii to avoid rain, representing an active “demand suppression” response.



Then, the “additional speed degradation” from the supply side was quantified as shown in Figure 15. The results show the following:



Whether during off-peak (a) or peak (b) periods, rainy days (green and red bars) exhibit significant negative speed degradation rates (52.15–73.74%) relative to the sunny-day baseline.



During the midday peak (11:00–13:00), the additional speed degradation caused by heavy rain (red) (up to 73.74%) is far greater than that caused by light rain (green). Moreover, the degradation peak coincides with the traffic peak, creating a “dual degradation” effect.



This “additional degradation” is purely attributable to the deterioration of road conditions caused by rainfall (e.g., low visibility, slippery surfaces, pedestrians carrying umbrellas), after stripping away baseline traffic congestion. It represents a passive “supply-side degradation”.



To validate the effectiveness of the semantic (stop point)-based temporal OD matrix construction method in campus activity identification, 500 matched points were randomly selected for manual verification, and a confusion matrix was constructed. To ensure alignment between the validation objective and the semantic recognition task, the confusion matrix was constructed exclusively using stay-point samples that could be unambiguously matched to specific building functions. The results (Table 3) demonstrate that the method achieves an overall accuracy of 93.20% and a Kappa coefficient of 0.9148, indicating a high degree of consistency between model predictions and manual annotations. Each functional category exhibits high identification accuracy, with particularly stable discrimination for teaching buildings, cafeterias, and office buildings. Misclassifications mainly occur between the “Other” category and other categories, with overall low confusion. The validation results indicate that the temporal OD matrix incorporating activity semantic information can effectively depict the mapping relationship between travel behavior and campus spatial functions, providing a reliable quantitative basis for subsequent behavioral pattern analysis.





4. Discussion


4.1. Contributions and Comparison with Existing Paradigms


	(1)

	
Behavior Semantic-Enhanced Travel Pattern Identification







Traditional POI-based or statistical clustering methods show limited semantic discrimination in functionally dense campus environments. They often fail to provide precise behavioral driving factors due to semantic ambiguity. To address this limitation, this study integrates building-function GIS data with spatiotemporal clustering. Low-semantic trajectories are transformed into high-fidelity semantic OD pairs. This enables refined identification of specific travel purposes, such as dining, studying and resting. Furthermore, semantic OD pairs are dynamically mapped onto the real road network. An integrated causal chain of “OD–path–link performance” is constructed. This structure quantitatively captures the impact of behavior on infrastructure performance.



	(2)

	
Multidimensional Disturbance Decoupling Beyond the “Black Box” Model







Most existing studies remain at the level of macro-level associations, such as “rainfall causes overall speed reduction”. Disturbance evaluation often remains a “black box”, limiting interpretation of response mechanisms. This study develops a multidimensional disturbance decoupling model. It analyzes system responses through two pathways: demand-side suppression and supply-side degradation. Demand-side suppression reflects behavioral pattern changes. Supply-side degradation represents deterioration of the movement environment. The framework quantitatively explains the complex influence of rainfall and other disturbances on the coupled system.




4.2. Applicability and Boundary Conditions of the Framework


This framework is more suitable for transportation systems within a defined spatial scale. These systems usually exhibit clear functional zoning and relatively stable travel patterns. Their traffic structures also show a certain degree of organization. In spatial terms, the framework applies to micro-scale campuses and meso-scale parks. These include spatial units of several square kilometers. Examples include science parks, independent university towns, hospital complexes, airport hubs and tourist areas. Within such units, behavioral patterns often maintain stable mappings with spatial functions. Thus, semantic enhancement and supply–demand decoupling analysis are well supported. At the macro urban scale, direct application may face challenges. However, the core analytical logic remains instructive. Urban street networks are open, heterogeneous, and complex. Travel purposes and route choices are diverse. Multiple transport modes coexist. Building-level semantic labeling and single walking-mode mapping are no longer sufficient.



Beyond spatial boundaries, the framework also has temporal applicability limits. The analyzed disturbance scenarios rely on structured temporal contexts. These include varying rainfall intensities, peak and off-peak rhythms, weekday–holiday differences, and timetable-based periodic travel. Such scenarios show periodic or stage-based characteristics. Travel demand therefore exhibits recognizable temporal structures. This facilitates differentiation between demand suppression and supply degradation.




4.3. Transferability and Adaptability of the CTSTSpace Framework


From the perspective of fundamental differences between campus and urban systems, transferability requires adaptation. Campus networks are relatively enclosed. They feature clear functional zoning, homogeneous users and tidal passenger flows. This regular structure stabilizes the mapping between behavior and facilities. It supports semantic OD recognition and behavior–infrastructure coupling analysis. In contrast, open urban street systems exhibit stronger spatial heterogeneity and mixed functions. Urban networks are structurally complex. Multiple users coexist, including pedestrians, cyclists and vehicles. Travel purposes are highly diversified.



They are influenced by socioeconomic structures and land-use patterns. Thus, semantic identification becomes more complex. Route selection randomness increases. System responses show stronger nonlinearity.



The transferability of CTSTSpace lies in its analytical logic rather than specific models. It offers an integrated paradigm of multi-source fusion, semantic enhancement, demand–network mapping, and disturbance decoupling. It is not a directly portable model set. Methodologically, CTSTSpace has a modular structure. The following components are highly transferable:




	(1)

	
Semantic Recognition Module:









The trajectory–GIS fusion method enhances semantics by mapping trajectories to spatial functional attributes. This mapping logic is independent of campus or urban context. In urban applications, POI big data, land-use mix indices, and socioeconomic variables should be incorporated.



	(2)

	
Path and Network Modeling Module:







The OD–path–link performance causal chain is logically expressed as demand allocation affecting link load. This structure is independent of network size. For urban networks, hierarchical structures and zonal analysis are required. Multimodal modeling should integrate motorized, public transport, and non-motorized systems.



	(3)

	
Disturbance Analysis Module:







The demand–supply decoupling framework operates at the mechanism level. It is not restricted to a specific spatial scale. At the urban scale, disturbances may diffuse across regions. Complex network propagation models should therefore be integrated.



Overall, CTSTSpace shows strong theoretical scalability. Urban applications require multimodal fusion, multiscale modeling, and complex network analysis. Such enhancements address higher-dimensional spatiotemporal complexity in open systems.




4.4. Implications for Traffic Management and Future Prospects


This study provides operational insights for smart campus and park traffic management. The framework integrates semantic-enhanced trajectory analysis and supply–demand disturbance decoupling. On the demand side, rainfall increases short-distance dining trips. Peak travel time is also delayed. These findings support proactive regulation strategies. For example, flexible class schedules or staggered release mechanisms can smooth peak pressure.



On the supply side, high-frequency corridors show significant speed degradation during rainfall. These corridors connect major functional zones. Infrastructure improvements should target drainage, lighting, and signage systems. Such targeted interventions enhance resilience at critical nodes.



With this framework, management can shift from passive response to proactive intervention. Semantic OD recognition combined with real-time link evaluation supports dynamic route guidance. It also supports shared bicycle dispatching. System resilience under rainfall and other disturbances can thus be improved.



Future research should explore cross-scale semantic representation frameworks. This would enhance scalability across spatial units. Further studies should investigate resilience evolution under multiple coupled disturbances. Nonlinear responses and interaction effects between disturbance types require deeper analysis.





5. Conclusions


Using the CTSTSpace framework, this study reveals the complex coupling among “behavior, network and perturbation” in campus traffic systems through multi-source data integration and multidimensional modeling. The framework does not require the acquisition of image information from campus faculty and students, thereby avoiding privacy breaches associated with machine vision-based approaches. Leveraging mobile phone signaling data as the primary data source, it simultaneously addresses issues related to positioning, traffic flow statistics, and coverage blind spots. By integrating campus facility attributes with road networks and traffic flows, it introduces a semantic trajectory method that resolves the semantic ambiguity inherent in traditional traffic flow analysis. Through case studies, the following key conclusions are drawn:



(1) A high-precision semantic OD identification and road network mapping methodology has been established. By fusing GIS semantics of building functions with spatiotemporal trajectory clustering, the challenge of semantic ambiguity in traditional anonymous trajectory data has been successfully overcome, enabling the transformation from low-semantic trajectories to high-fidelity semantic OD pairs (Figure 3 and Table 2). This method accurately identifies various travel purposes, such as “dining”, “studying” and “resting”, laying the foundation for refined behavioral analysis.



(2) The spatiotemporal patterns and key bottlenecks of campus travel behavior have been uncovered. The study reveals that campus travel exhibits strong purpose-oriented and time-specific characteristics: the concentration intensity at cafeterias during midday (12:00) is significantly higher than in the morning (10:00), forming a typical tidal flow pattern of “teaching–dining” (Figure 3). Key corridors such as Boyue Road and Houde Avenue carry heavy traffic connecting teaching areas with living areas during midday peak hours, becoming vulnerable points in system performance (Figure 2 and Figure 6).



(3) The dual impact pathways of external disturbances on the traffic system have been quantified. The study successfully decouples the complex effects of rainfall disturbances on the coupled system through two pathways: “demand-side suppression” and “supply-side degradation” (Figure 9 and Figure 11). On the demand side, structural behavioral changes are observed, including suppression of overall travel volume, delays in peak hours, and shortened travel distances. On the supply side, additional speed degradation occurs due to the deterioration of the mobility environment, reaching a significant reduction of −20% during midday peak hours.



(4) A quantitative relationship model of “semantic OD–road network performance–disturbance response” has been established. Through real road network mapping and dynamic performance calculations, a complete causal chain from travel behavior to road segment congestion has been constructed (Figure 8 and Figure 9), providing a systematic analytical tool for precisely identifying bottlenecks and assessing disturbance impacts.



This study also has certain limitations, and future research could further expand on the following recommendations: First, integrate multi-source dynamic data such as real-time weather and class schedules to construct more refined disturbance prediction models. Second, expand the types of disturbances (e.g., emergencies, large-scale events) to establish a system resilience assessment framework under multiple scenarios. Third, apply to urban traffic systems within a certain spatial scale (e.g., several square kilometers) that exhibit relatively clear functional zoning, comparatively stable travel patterns, and a certain degree of organizational structure, such as park-type or community-type areas.
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Figure 1. Study area. 
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Figure 2. CTSTSpace methodology. 
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Figure 3. Stay point identification. 
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Figure 4. Activity chains with refined semantic annotations. 
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Figure 5. Schematic of trajectory reconstruction. The numbers “1” and “2” represent the origin and destination. The gray line indicates the direct connection between the two points. The red, green, and black lines represent different trajectory routes generated between the two points during the algorithm calculation process, from which the optimal path is selected. 
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Figure 6. Diagram of the disturbance analysis model. 
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Figure 7. Speed distribution modeling for identifying behavioral state transition thresholds. 
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Figure 8. Evolution of short-term crowd aggregation densities in buildings at different time points. Subfigures (a–d) represent Day 1 to Day 4, respectively. The circled areas in the figures indicate regions with significant density changes between the two time points, with arrows connecting them to show the trend of temporal evolution. 
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Figure 9. Trajectory density distribution on core campus roads at different times. Subfigures (a–d) (Day 1–Day 4) depict the trajectory density on key campus roads and entrances/exits. The circled areas in the figures indicate road sections with higher density, and key road names are labeled with text. 
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Figure 10. Identification of origin–destination (OD) flows and travel purposes of campus occupants. The OD flows corresponding to three travel purposes (dining, resting, studying) on sunny days (left) and rainy days (right). The labeled values indicate hourly flow rates. 
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Figure 11. Visualization of campus personnel travel path trajectories. The six subfigures (a–f) depict the temporal changes in representative campus travel paths, with each subfigure corresponding to a specific origin–destination pair (e.g., dormitory–teaching building, cafeteria–dormitory), clearly illustrating path selection characteristics under different travel demands. ①, ②, ③, etc. in the figure represent the trajectory points of a certain ID along its path in chronological order. 
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Figure 12. Time series of average speeds for different travel purposes. The four subfigures (Day 1–Day 4) display the 15 min average speed variations for three travel purposes (dining, resting, studying) during daytime hours (08:00–19:00). 






Figure 12. Time series of average speeds for different travel purposes. The four subfigures (Day 1–Day 4) display the 15 min average speed variations for three travel purposes (dining, resting, studying) during daytime hours (08:00–19:00).



[image: Ijgi 15 00127 g012]







[image: Ijgi 15 00127 g013] 





Figure 13. Temporal evolution trend of travel speeds for mobile personnel on Boyue Road. The four subfigures (Day 1–Day 4) present the typical road section of Boyue Road, including raw speed data points and smoothed curves after noise reduction. 
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Figure 14. Shift in travel peaks and demand suppression under different weather conditions. Subfigure (a) displays the normalized travel frequency (08:00–20:00) across four weather conditions (Day 1–Day 4), while Subfigure (b) illustrates the choices between long-distance and short-distance dining during midday and evening peaks. 
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Figure 15. Magnitude of speed degradation under weather disturbances. (a,b) represent the time series of speed degradation rates during off-peak (09:00–11:00) and peak (11:00–13:00) periods, respectively, under different weather conditions relative to the sunny-day baseline. 
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Table 1. Data illustration.
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	Data Types
	Sources
	Spatiotemporal Range And Formats





	mobile signaling data
	in cooperation with a certain operator (Zhengzhou, China) (personal information has been anonymized)
	July–August 2024 (2 months); time resolution approximately once every 5 s, covering all campus base stations; .csv format



	building outlines and GIS functional data
	collected by UAV (DJI-Innovations, Shenzhen, China) during low-altitude flight on campus, OPI data for electronic maps
	spatial range: the entire campus; Shape file format



	road network data
	downloaded from the OpenStreetMap open-source platform
	spatial range: campus and a 500 m buffer zone around the campus; .osm format



	weather interference data
	public data from the China Meteorological Administration
	July–August 2024, concurrent with mobile signaling data; time resolution: 1 h



	course schedule and daily schedule
	public information from the school’s academic affairs office
	2024 spring and autumn semester academic calendar and general daily schedule










 





Table 2. High-fidelity temporal semantic OD matrix.






Table 2. High-fidelity temporal semantic OD matrix.





	
Od_Pair_Id

	
Point_Type

	
Time

	
Build Function

	
Trip Purpose






	
1024197_0005

	
O

	
11:15:19

	
dormitory building

	
dining




	
1024197_0005

	
D

	
11:19:04

	
dining room




	
1187510_0004

	
O

	
16:01:37

	
office building

	
dining




	
1187510_0004

	
D

	
16:18:05

	
dining room




	
1233771_0056

	
O

	
17:44:47

	
teaching building

	
dining




	
1233771_0056

	
D

	
17:56:23

	
dining room




	
1038870_0001

	
O

	
9:22:46

	
dining room

	
study




	
1038870_0001

	
D

	
9:54:41

	
office building




	
1245678_0037

	
O

	
17:41:27

	
dormitory building

	
study




	
1245678_0037

	
D

	
18:02:11

	
office building




	
1379356_0032

	
O

	
15:19:12

	
dining room

	
study




	
1379356_0032

	
D

	
15:23:54

	
teaching building




	
1133460_0002

	
O

	
13:54:48

	
dormitory building

	
study




	
1133460_0002

	
D

	
14:18:32

	
teaching building




	
1045939_0002

	
O

	
18:47:45

	
dining room

	
rest




	
1045939_0002

	
D

	
19:06:52

	
dormitory building




	
1229929_0025

	
O

	
18:33:56

	
teaching building

	
rest




	
1229929_0025

	
D

	
16:37:32

	
dormitory building











 





Table 3. Confusion matrix.






Table 3. Confusion matrix.





	Predicted\Actual
	Teaching Building
	Dormitory Building
	Cafeteria
	Office Building
	Other





	teaching building
	95
	0
	0
	0
	3



	dormitory building
	0
	79
	1
	0
	6



	cafeteria
	0
	0
	103
	0
	6



	office building
	0
	2
	0
	105
	7



	other
	1
	3
	1
	4
	84







Accuracy = 93.20%, Kappa Coefficient: κ = 0.9148.
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