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The proliferation of location-aware devices and location-based services continues to generate exceptional volumes of spatio-temporal
data, demanding increasingly efficient indexing structures for query processing. This survey presents Part 4 of our ongoing series on
spatio-temporal access methods, building upon our previous works [202], [211], and [192]. We provide a comprehensive overview and
broad classification of spatio-temporal access methods published between 2017 and 2025. Recent approaches are classified into the
following categories: (1) Historical spatio-temporal indexes, (2) Current-time and recent spatio-temporal indexes, (3) Future prediction
spatio-temporal indexes, (4) Unified past-present-future spatio-temporal indexes, (5) Spatio-temporal-textual and multi-attribute
indexes, and (6) Scalable indexing for big spatio-temporal data. Furthermore, within the aforementioned categories, we note an
increased emphasis on developing indexes that address pandemic response through contact tracing, indexes that leverage Machine
Learning for adaptive query processing, and methods optimized for high-velocity streaming data. This survey summarizes recent
advances, highlights major innovations, and identifies potential avenues for future research in the dynamic needs of spatio-temporal

access methods.
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1 INTRODUCTION

The exponential growth of location-aware technologies and location-based services has driven an unprecedented surge
in spatio-temporal data generation and utilization. This proliferation has intensified the need for efficient spatio-temporal

access methods to manage and query vast volumes of data across various temporal dimensions. Building upon our

Authors’ addresses: Syed Muhammed Abubaker, syedm@alumni.purdue.edu, Purdue University, West Lafayette, Indiana, USA, 47907; Nada M. Elkordi,
nada.magdi@gmail.com, Independent Researcher, Madison, Wisconsin, USA; Yeasir Rayhan, yrayhan@purdue.edu, Purdue University, West Lafayette,
Indiana, USA, 47907; Ahmed R. Mahmood, amahmoo@google.com, Google LLC., Mountain View, CA, USA; Walid G. Aref, aref@purdue.edu, Purdue
University, West Lafayette, Indiana, USA, 47907.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not
made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components
of this work owned by others than the author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on
servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org.

© 2026 Copyright held by the owner/author(s). Publication rights licensed to ACM.

Manuscript submitted to ACM

Manuscript submitted to ACM 1


HTTPS://ORCID.ORG/0000-0002-2854-3491
HTTPS://ORCID.ORG/0000-0003-0326-2965
HTTPS://ORCID.ORG/0000-0001-8169-7775
https://doi.org/XXXXXXX.XXXXXXX
https://orcid.org/0000-0002-2854-3491
https://orcid.org/0000-0003-0326-2965
https://orcid.org/0000-0001-8169-7775

2 Syed et al.

previous surveys [202], [211], and [192], this paper presents Part 4 of our comprehensive series on spatio-temporal access
methods, focusing on developments from 2017 to 2025. In recent years, the landscape of spatio-temporal applications
has expanded significantly, encompassing diverse domains such as transportation and ride-sharing, trajectory analytics,
location-based social networks, and pandemic contact tracing. These applications generate and process spatio-temporal
data at unprecedented scales, presenting new challenges for data management and querying; consequently, researchers
have continued to develop and improve spatio-temporal access methods to address these evolving needs. The period
from 2017 to 2025 has witnessed several notable trends in the development of spatio-temporal access methods. While
traditional approaches for indexing historical, current, and future data remain relevant, new paradigms have emerged.
Of particular significance is the integration of Machine Learning techniques [9, 26, 27, 164, 165, 329] to enhance
index construction and query processing, exemplified by methods that incorporate probabilistic models and automatic
parameter tuning. Also, the COVID-19 pandemic has introduced a new category of indexing requirements, leading to
the rapid development of contact tracing methods [15, 40, 51, 87, 164, 165, 199, 269, 279, 327, 328] that balance efficiency
while addressing privacy concerns. Furthermore, there has been sustained focus on developing scalable indexing
structures capable of handling big spatio-temporal data in distributed environments [43, 51, 52, 127, 162, 163, 177, 199,
270,302, 303, 308, 328]. Another major development is the increasing attention given to spatio-temporal-textual indexing
methods that can efficiently handle additional data types X along with the spatio-temporal data, such as keywords
and semantic attributes [11, 12, 14, 22, 58, 58, 59, 59, 64, 65, 71, 88, 89, 109, 214, 215, 218, 219, 223, 235, 266, 284, 329],
in addition to other complex spatio-temporal data types, including annotated trajectories [109, 235, 266], moving
regions [40, 41], and spatio-temporal events [11, 43, 77]. Figure 1 illustrates the evolution of spatio-temporal access
methods during this period, with lines indicating the relationships between new index structures and their predecessors.
The rest of this paper is organized as follows. Section 2 surveys methods for indexing historical spatio-temporal data;
Section 3 focuses on indexing current and recent spatio-temporal data; Section 4 examines approaches for future
prediction indexing; Section 5 discusses unified indexing methods for past, present, and future data; Section 6 explores
indexing techniques for spatio-temporal-textual data and multi-attribute objects; Section 7 covers scalable indexing
methods for big spatio-temporal data, and finally, Section 8 concludes the survey and outlines potential directions for

future research in this dynamic field.
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4 Syed et al.

2 INDEXING THE PAST

This section surveys indexing methods designed for historical spatio-temporal data, where the complete dataset is
available at index construction time. These structures optimize query performance over archival trajectory collections.
They enable efficient retrieval of past movement patterns, spatial distributions, and temporal relationships. We organize
the discussion around three major themes. First are trajectory-oriented access methods, which index movement
paths and their properties. Second, are AI/ML-powered indexes that use machine learning, such as reinforcement
learning, to adaptively optimize partitioning strategies and query processing based on data distribution and workload
characteristics. Finally, we examine contact tracing indexes, which emerged in response to the COVID-19 pandemic, to
support epidemiological analysis of proximity events.

TSR & BTSR Tree [53, 54]: The TSR-tree extends the R-tree [117] spatial index by augmenting each node with
Minimum Bounding Time Series (MBTS) that capture temporal bounds alongside traditional Minimum Bounding
Rectangles for spatial bounds. Each node maintains a pair of bounding time series: an upper bound T, and a lower
bound Tj,, constructed by selecting maximum and minimum values at each timestamp across all time series within the
node’s sub-tree. During query processing, the index computes lower-bound distances of spatial and temporal domains
simultaneously, enabling dual-domain pruning as it traverses the tree. The BTSR-tree optimizes this approach by
clustering similar time series within each node using k-means clustering, creating multiple tighter MBTS bundles rather
than a single loose bound. The bundling strategy leverages the behaviour that time series with similar patterns yield more
refined bounds, thereby significantly improving pruning effectiveness by reducing dead space within bounding regions.
To manage node capacity constraints at higher tree levels, the BTSR-tree employs Piecewise Aggregate Approximation
to decrease temporal resolution while increasing the number of bundles by a factor c at each level. The hybrid cost
function for node insertion balances spatial MBR enlargement with temporal MBTS expansion using the parameter A.
During query evaluation, nodes are pruned when either spatial distance bounds exceed spatial thresholds or when
temporal similarity bounds fail to meet time series similarity requirements, with the BTSR-tree checking each bundle’s
bounds individually for more aggressive pruning. The MBTS verification process computes distances at each timestamp
between the query series and the bounding series, accumulating violations to determine pruning feasibility. Query
processing employs best-first traversal for top-k queries and depth-first traversal for range queries, with priority queues
managing candidates based on lower-bound distances. The index supports boolean range queries that combine spatial
proximity and time-series similarity filters, top-k spatial queries with time-series constraints, and hybrid distance
queries using exponential decay functions. The notation uses Ty, and Ty j, for the upper and lower bound time
series, with mindist functions that compute lower-bound distances for pruning decisions.

SBTSR-tree [55]: The SBTSR-tree enhances the BTSR-tree [53, 54] through temporal segmentation of time series
data, creating fine-grained bounds that improve pruning effectiveness for local similarity queries. The index segments
each time series into fixed intervals, computing separate MBTS for each segment rather than maintaining bounds across
entire sequences. This segmentation approach eliminates much of the dead space typically found in global time series
bounds, which is highly beneficial when time series show varying patterns throughout different temporal regions. Each
segmented MBTS maintains upper and lower bounding series constructed by selecting the maximum and minimum
values within the segment boundaries. To preserve continuity of information across segment boundaries, the index
employs bit vectors associated with each MBTS, indicating which time series are shared between adjacent segments.
These bit-vectors enable traversal during local similarity verification by identifying relevant MBTS in neighboring

segments without exhaustive checking. The local similarity scoring mechanism counts consecutive timestamps where
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two series remain within the user-defined threshold e, focusing on subsequence matching rather than global similarity
measures. Checkpoint optimization decreases computational overhead by verifying similarity at selected timestamps
(every § intervals) rather than an exhaustive timestamp-by-timestamp comparison, with forward and backward scans
from qualifying checkpoints to determine the actual similarity extents. Segmented bounds yield tighter pruning, since
local patterns within segments are more homogeneous than global time-series characteristics. The SBTSR-tree processes
range and k-nearest neighbor queries, including both spatial distance and local time series similarity constraints, with
enhanced pruning through segment-specific bounds. The notation uses o(T, T’, €) for local similarity scores and & for
minimum consecutive timestamp thresholds in local similarity queries.

a-structure [41]: The a-structure enables querying of spatio-temporal datasets as storm events by retrieving
simplified polygonal representations called a-shapes, which generalize convex hulls by including edges shorter than a
threshold «, allowing flexible approximations of the true spatial extent. The structure supports temporal range queries
of the form Q = [t, t’] to retrieve all points that have timestamps within that interval, and can handle spatio-temporal
queries combining both spatial ranges [x, x"] X [y, y’] and temporal ranges. Each edge in the a-shape is active for a
specific time range, and the data structure stores activity boxes that define the time intervals during which each edge is
included in the shape, where an activity box is defined as the smallest time range within which a particular edge is
part of the a-shape. Activity boxes are represented as rectangles in a 2D plane where each temporal range query [¢,¢’]
corresponds to a point (,t") in this 2D space, with ¢ < t’ making sure all queries lie above the diagonal. The boundaries
of an activity box 7 = (ty, tp, g, ts) correspond to the time stamps of points connected by an edge, where ¢, is the largest
timestamp before t,, of points in the spatial domain of the edge, and ¢; is the smallest timestamp after t4. The box
remains valid as long as there is no point within the spatial domain of the edge at which the inclusion of the edge would
be invalid. By predefining these time-based boxes, the a-structure allows quick access to edges that should be displayed
for any given temporal query. During the preprocessing phase, the structure is computed by aggregating all possible
edges across temporal ranges, thus allowing fast responses to new queries. The a-structure utilizes rotational sweeps
and balanced binary search trees (BST) [150] to maintain spatial and temporal intervals. The rotational sweeps are
used to identify and store points that fall within the spatial domain of an edge for a given a-shape, while the balanced
binary search trees are used to store and query the time stamps of points that are within the spatial domain of an edge.
The BST helps ensure that only active edges are included in the a-shape during a time-range query. The a-structure
aims to grow linearly with the number of points in practical use cases, despite the possibility of worst-case quadratic
growth. The extensions include octilinear a-shapes, where edges are constrained to specific orientations, reducing
memory consumption, and providing simplified visualizations. The structure also supports order-k a-shapes, which
provide robust shape representations by including edges that may contain up to k — 1 points within their spatial domain,
thereby making it more resistant to outliers.

Groundhog [114]: Groundhog introduces a self-contained and segment-based storage model optimized for in-storage
computing on computational storage devices (CSDs) to process spatio-temporal range queries efficiently. The storage
model organizes GPS point data, where each point p = {oid, lon, lat, t,a1, ay,...,am} contains an object identifier,
spatial coordinates (longitude and latitude), timestamp, and optional attributes, into fixed-size 4KB data blocks aligned
with the CSD sector sizes. Each block is designed to be self-contained, ensuring that complete tuples never span multiple
blocks, thereby eliminating complex cross-block data management within the storage device. Internally, each block is
subdivided into multiple logical data segments, where each segment maintains lightweight metadata in the form of a
sketch containing an MBR (Minimal Bounding Rectangle) defined by spatial bounds (lonmin, lonmax, latmin, latmax),

temporal bounds (timemin, timemax), segment offset, segment size, and an object identifier filter. The block format
Manuscript submitted to ACM



6 Syed et al.

follows the structure [seg_count | seg_metag | seg_metay | ... | seg_metay, | data_segy | data_segy | ... | data_segy],
enabling sub-block granularity during query processing. Data within blocks is ordered using Z-curve [220] space-filling
curves to ensure minimal overlap between segment MBRs, enhancing pruning effectiveness. The query processing
technique uses fine-grained pruning where, for each block, segment metadata is first evaluated against the query
predicate P before examining individual tuples, allowing entire segments with non-overlapping MBRs to be skipped.
Additionally, Groundhog implements fine-grained offloading, which makes block-level decisions about whether to
process each block on the host CPU or offload it to the CSD, rather than offloading entire queries; blocks with low
selectivity (small fraction of matching tuples) are offloaded to the CSD where reduced data movement provides benefit,

while blocks with high selectivity are processed on the host where faster computation outweighs data transfer costs. This

offloading strategy is guided by a cost model that estimates host execution time Tj,o5: (Q) = % + % +2 T}fost_comp
. . . _ (nxS) i (nxSxa)
and device execution time Tyeyice (Q) = 5+ i Téeviceimmp +—p, where n denotes the number of blocks, S

represents block size, By, is the internal SSD bandwidth, By is the host interface bandwidth, « indicates result data
ratio (selectivity), and Tciomp represents the computation time at processing step i. Groundhog handles spatio-temporal
range queries Q(S, R) that search dataset D for points located within spatial range S = [lonyin, latmin, l0nmax, latmax]
during time range R = [t;, t¢], supporting both time-preferred queries with narrow temporal windows over large spatial

regions and space-preferred queries with small spatial regions spanning extended time periods.

2.1 Trajectory-oriented Access Methods

Trajectory-oriented access methods organize historical movement data to support queries over paths, routes, and
movement patterns. These indexes address challenges including compression of large trajectory datasets, similarity
search across millions of paths, and efficient retrieval under combined spatio-temporal and attribute constraints.
The methods presented here extend classical spatial indexes with temporal dimensions, leverage string-processing
techniques for path matching, and employ hierarchical partitioning strategies designed for road networks and movement
characteristics.

PATHFINDER [104]: PATHFINDER presents an indexing approach for massive trajectory sets in road networks by
re-purposing Contraction Hierarchies (CH) [107], traditionally used for route planning, as both a compression mechanism
and a spatial index. The index augments CH with two important components: Path Boxes (PB) and Downgraph Boxes
(DB). For each edge e in CH, PB(e) maintains the bounding box of the path it represents in the original graph, while
DB(v) for each node v stores the bounding box of all nodes reachable via downward paths in the CH hierarchy. The
index construction begins by building a CH through iterative node contraction, in which nodes are removed, and
shortcuts are added to preserve shortest-path distances. Trajectories are then compressed by converting them to
CH representations and replacing edge sequences with shortcuts, achieving significant compression. The temporal
dimension is handled through interval trees storing time information and a periodic time-slice system using bitset
(64 slices per week). Query processing uses a top-down traversal of the CH, starting from the highest-level nodes
and using DB boxes for efficient spatial pruning. The process identifies candidate edges whose PB intersect the query
window, then refines them using actual path geometry and temporal filtering via interval trees. For ambiguous cases,
the shortcuts are recursively unpacked to verify the true intersection.

GTI [134, 135]: GTI is a graph-based trajectory imputation framework that reconstructs missing GPS locations
and timestamps in sparse movement data without requiring underlying road network maps. The framework uses

a Right-of-Way (RoW) concept to build a directed graph G = (V,E) where the vertices V represent unique GPS
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samples and the edges E connect samples within the distance threshold d, using a modified distance metric dg(s;, s;) =

\/ d(si,s1)? + (9%)2 that incorporates bearing angle penalties 0 to discourage unrealistic direction changes. The
system includes graph generation optimization using clustering techniques to decrease computational complexity,
and applies density-based edge weighting for road centerline preference during shortest-path computation. GTI can
act as a preprocessing step to increase the accuracy of trajectory data management systems and trajectory-based
applications such as map inference and travel time estimation. The system supports queries for spatial trajectory
imputation (finding plausible paths between consecutive sparse samples using shortest-path algorithms) and temporal
trajectory imputation (estimating timestamps based on dynamic travel cost distributions with temporal discretization
into weekdays/weekends and hourly slots for contextual speed information). Post-processing trajectory refinements use
sliding-window techniques to improve the quality of imputed trajectories. GTI handles range queries for intersection
monitoring and trajectory similarity computations across the imputed dense trajectories.

REST [335]: REST (Reference-based Spatio-temporal trajectory compression) is a framework that compresses
trajectory data by representing raw trajectories as concatenations of historical reference trajectories within given
spatio-temporal deviation thresholds. It maintains bounded spatial and temporal errors through a Dynamic Time
Warping (DTW) distance metric, MaxDTW. REST employs greedy and optimal dynamic programming algorithms
to select the most efficient combination of reference trajectories for compression, supporting both spatial-only and
spatio-temporal compression modes. It incorporates a hybrid indexing structure called IR-tree [166], to support range
and trajectory query processing on compressed spatio-temporal trajectories. The IR-tree combines an R-tree [117] with
inverted files to create an indexing mechanism. The R-tree component is constructed using the minimum bounding
rectangles (MBRs) of reference trajectories, which are used to compress the original trajectory data. Each node in the
R-tree is augmented with an inverted file, creating a multi-layered indexing structure. The leaf nodes in the IR-tree
contain entries of the form (T.id, MBR, ifile), where T.id is the identifier of a reference trajectory, MBR is its minimum
bounding rectangle and ifile points to an inverted file. This inverted file stores mappings from the reference trajectory
to the original trajectories that utilize it for compression, represented as triples (T(™") T(™)  T(") ) where T(™")
indicates the portion of the original trajectory compressed by the reference, and T(™) t and T(™ t are the start and
end timestamps. Uncompressed trajectory segments are treated as new reference trajectories within this indexing
scheme. Non-leaf nodes maintain similar structures, but with inverted files that index all reference trajectories in their
subtrees. The index construction process includes building the R-tree on reference trajectory MBRs, creating inverted
files for each reference trajectory, attaching these files to leaf nodes, and then propagating and merging them up the
tree hierarchy.

TrImpute [93]: TrImpute is a framework for trajectory imputation that inserts artificial GPS points between real ones,
mimicking high sampling rates without requiring a road network. TrImpute has three main components: Preprocessing,
Spatial Imputation, and Temporal Imputation. For Preprocessing, TrImpute builds two index structures: a Hierarchical
Quadtree for spatial indexing and an Inverted list for organizing trajectory IDs, while enriching GPS points with
angle and speed data. The Hierarchical Quadtree index organizes GPS points spatially using coordinates (latitude,
longitude), allowing spatial queries to find nearby candidate points within a specified radius, and the Inverted list index
retrieves trajectory points in temporal order using trajectory IDs as keys, allowing temporal queries to access GPS
points ordered by timestamp for each trajectory. In the notation, each GPS point P has format {TrajID, PointID, latitude,
longitude, timestamp), where candidate points Pc are potential imputed locations with attributes (latitude, longitude,

angle, timestamp, speed). Spatial imputation finds the shortest path between points using crowd wisdom-based candidate
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selection with parameters N (number of candidates), @ (crowd ratio threshold), é (angle threshold), and d (distance
threshold). Temporal imputation assigns timestamps to imputed points by distributing timing errors evenly across
segments while respecting traffic conditions inferred from endpoints.

Springbok [115]: Springbok presents a dual-indexing architecture designed specifically for cloud-based trajectory
data management: a grid-based [213] index for active "head chunks" and a B*tree [31] variant for historical "immutable
chunks". The head chunk index uses a semi-split strategy that creates new sub-grids without redistributing existing
data when a grid cell reaches capacity, maintaining a depth table to track the grid hierarchy. This approach decreases
the overhead of handling skewed trajectory distributions while preserving spatial locality. The immutable chunk index
operates at chunk granularity rather than individual points, organizing entries in a B tree structure with the format
([times, time], [lonmin, latmin, lonmax, latmax ], 0id, pointer), where entries are temporally ordered and contain logical
pointers to handle cloud storage dynamics. Each leaf node maintains both temporal and spatial indexing components,
including a spatial bitmap that divides the trajectory’s MBR into n X n grids for precise spatial filtering beyond simple
MBR checks. The system optimizes insertions by using an active leaf-node pointer to avoid tree traversals for new
entries and delays parent-node updates until leaf nodes reach capacity. Query processing spans both indexes, with
spatio-temporal range queries leveraging the grid hierarchy in the head chunk index and the B*tree structure using
bitmap filtering in the immutable chunk index. For example, a spatial range query first calculates overlapping top-level
grid keys, checks the depth table for sub-grids, and retrieves matching posting lists, while the temporal predicates
utilize the ordered nature of the B*tree. The system uses logical pointers rather than physical locations to handle data
movement between storage tiers and implements lazy deletion with background merging to maintain efficiency.

QB-tree [61]: The QB-tree is a three-layer hybrid index designed for efficient Max-Influence Trajectory (MIT) queries,
combining spatial partitioning with motion pattern-based organization. MIT queries find an optimal location ¢ € C
that maximizes the total weight of influenced trajectories, where a trajectory t is influenced by ¢ if d(t,c) < d(t, f)
for all existing facilities f € F. At its core is a Quadlike tree structure that recursively divides the space into four
disjoint subspaces, grouping spatially similar trajectories. Within each node, trajectories are further classified into
hash buckets based on their motion patterns, encoded using Morton-based encoding [204, 220] method. Each bucket
contains a rectilinear polygon (RP) representing trajectory subregions, offering a more precise spatial representation
than traditional MBRs. The finest granularity is achieved with sorted lists of trajectories within each bucket, ordered
by their attractor distance ad(t) = mingep{d(t, f)}, where d(t, f) is the distance between the trajectory t and the
facility f. This hierarchical organization enables a three-level pruning approach during query processing: node-level
pruning using MBR and attractor-distance bounds, bucket-level pruning leveraging RPs and bucket-specific bounds,
and trajectory-level pruning using sorted lists. The index construction process recursively partitions the space, inserting
trajectories into the smallest enclosing node and appropriate bucket, updating bounds and weight sums along the
path. The nodes are split when they exceed capacity and contain trajectories spanning multiple child nodes. Query
processing uses a Branch-and-Bound MIT (BBM) algorithm that recursively partitions candidate facilities into regions,
computes influence bounds using the three-level pruning technique, and refines the remaining candidates. This structure
extends concepts from Quadtrees [100] and R-trees [117], combining them with hash buckets and sorted lists for a
trajectory-specific organization.

SNT-index [151, 152]: The Suffix-Array-based Network-Constrained Trajectory index (SNT-index) adopts string
processing techniques to handle spatio-temporal trajectory queries efficiently. The SNT-index incorporates a Spatial
FM-index [99], an in-memory structure built on suffix arrays [193, 194] that allows fast pattern matching across

trajectory networks. By representing spatial paths as sequences of road segment IDs, the SNT-index efficiently leverages
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suffix arrays to quickly and effectively handle spatial queries. Furthermore, temporal information, timestamps, for each
road segment is managed in an inverted index based on B*tree-based [31] inverted index, allowing efficient temporal
filtering. Each road segment in the road network has an associated posting list that stores trajectory IDs and timestamps.
The B tree supports fast temporal range queries, and each posting list also contains inverse suffix array values (ISA) to
link the temporal data with the spatial FM-index. In addition, the inverse suffix array operates as a bridge between
the FM-index and the temporal B*trees. It allows the FM-index to handle temporal constraints by associating spatial
queries with timestamped records, integrating spatial and temporal dimensions. The SNT-index supports the following
queries: Strict Path Query (SPQ), Trajectory Extraction Query (TEQ), and Time-Period-Based All-Path Enumeration
Query (TAPEQ). The Strict Path Query (SPQ) finds trajectories that match a specific route and a temporal constraint.
The SNT-index reduces disk accesses by enabling a single scan of the FM-index for the spatial pattern, followed by a
Bttree query to filter by time. Therefore, the Trajectory Extraction Query (TEQ) allows predicting future positions by
retrieving subpaths of trajectories that continue after a given spatial and temporal condition, and the Time-Period-Based
All-Path Enumeration Query (TAPEQ) enumerates frequently traveled paths between two points within a particular
time frame, helping to identify preferred routes or shortcuts in the network. In addition, the SNT-index reduces disk
I/O by minimizing B*tree retrievals, with FM-index operations taking place in-memory, improving query processing
speed, especially for longer paths. In addition, the suffix-array-based approach allows data to be appended to the index
periodically without reconstructing the entire index, making it well-suited for applications with periodic data updates.

The Extended SNT-index [299]: The Extended SNT-index enables a system that processes network-constrained
trajectories (NCT) and strict-path queries (SPQs) to estimate accurate travel times by retrieving trajectories that
strictly follow a given path. The system handles travel-time queries consisting of a road network path and start time,
returning travel-time histograms based on historical trajectory data. NCT refers to vehicle movement data constrained
to road networks, while SPQs retrieve all trajectories that traverse a specific path without detours. The index combines
spatial and temporal indexing, with the Spatial index being an FM-index [99] using the Burrows-Wheeler Transform
(BWT) [44], which compactly encodes trajectory data, enabling fast, exact path matching and reducing the search
space. The temporal Index logs timestamps and traversal durations for road segments, allowing time-specific queries,
such as average travel times during peak hours. The system follows a data-oriented architecture in which a Dispatcher
coordinates incoming updates and queries via lock-free SPSC (single-producer/single-consumer) and MPMC (multiple-
producer/multiple-consumer) queues. An Update Worker processes trajectory updates and maintains batch operations
for index refreshing. The system is optimized for Non-Uniform Memory Access (NUMA) architecture to decrease
latency by using region and socket-specific partitioning, reducing remote memory access, and improving parallel
processing. Therefore, the Strict-Path Query(SPQ) processing retrieves only trajectories that exactly match a queried
path, while a convolution thread (CT) consolidates partial travel-time results into a single travel-time histogram. The
system combines spatial workers and temporal workers. Spatial workers handle SPQs and partition complex queries for
distributed processing. Temporal workers manage segment traversal times and return results to the CT. The extended
SNT-index provides real-time update capability by processing trajectory data simultaneously with travel-time queries.
It uses batch updates to refresh the index without disrupting query execution.

tSTAT [146]: tSTAT (trajectory-indexing succinct trit-array trie) enables trajectory similarity search in large datasets.
The index handles queries to find trajectories within a specified Fréchet distance [17] threshold R from a query trajectory,
retrieving all similar trajectories from collections containing millions of trajectories. It leverages Locality-Sensitive
Hashing (LSH) to efficiently retrieve similar trajectories using the Fréchet distance. tSTAT uses a trie-based [101]

structure for efficient trajectory traversal, implements succinct data structures to decrease memory while ensuring
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fast operations, and handles millions of trajectories effectively. During the tSTAT’s search process, the trajectories are
compressed into sketches, preserving the Fréchet distance as the Hamming distance [120]. Sketches are partitioned
into blocks, and separate tries are built for each block position across all sketches, with each node representing a
common prefix, enabling fast lookups. Moreover, sketches are split into blocks, each assigned Hamming distance
thresholds to improve search efficiency, while queries follow a multi-index approach, filtering candidates block by block;
non-matching subtrees are skipped to save computation time. On the other hand, the Fréchet distance is computed for
the remaining candidates to guarantee accurate results. In addition, tSTAT’s trie is optimized by discarding redundant
nodes, reducing memory usage without affecting search speed, where succinct data structures are represented by
compressing the trie to store data efficiently while supporting fast queries.

RP-tree [297]: The RP-tree (Road network-aware Partition Tree) introduces a spatio-temporal indexing structure
designed for trajectory range query processing. The RP-tree handles spatio-temporal range queries (RQs), which find
all trajectories that intersect given rectangular query ranges in space and time. These include single-range queries
(finding trajectories that intersect a single spatio-temporal rectangle) and multiple-range queries (finding trajectories
that intersect all of multiple query ranges). G = (V, E) represents the road network graph with vertices V (road joints)
and edges E (road segments), trajectories t = (po, p1. . .., pr) are sequences of vertex-timestamp pairs p; = (v;, 7;), and
query ranges r or R = {ry,ra, ..., rm} define spatio-temporal rectangles. The RP-tree utlizes the underlying road network
topology to create a hierarchical balanced Binary Search Tree (BST) [150]. Index construction begins by recursively
partitioning the road network graph into subgraphs, prioritizing edge-balanced partitions based on trajectory density.
Each node in the tree represents a subgraph and maintains its spatial minimum bounding rectangle (MBR), associated
trajectories, and linking edges to child nodes. The partitioning process continues until the leaf nodes contain no more
than a predefined threshold of vertices. The RP-tree uses a minimum-level threshold for trajectory indexing, therefore
optimizing storage for large networks. During query processing, the tree is traversed recursively to identify edges
that intersect the query range, and the corresponding trajectories are retrieved directly from the relevant nodes. This
road-aware design eliminates the need for a refinement step. For multiple-range queries, the RP-tree uses a minimum
multi-way cut algorithm to prune unnecessary edges. The index supports both exact and approximate query processing,
with the latter utilizing stratified sampling techniques based on the hierarchical structure. RP-tree also supports dynamic
updates via localized repartitioning of affected nodes. The index requires initial map-matching of trajectories and incurs
higher indexing time; these trade-offs enable faster query processing by eliminating the refinement step.

TQ-tree [10]: The Trajectory Quadtree (TQ-tree) builds on the traditional Quadtree [100] and supports two new
queries in trajectory databases, which are the k Best Facility Trajectory Search (kBFT) and the k Best Coverage Facility
Trajectory Search (kBCovFT) query. The kBFT query returns k facilities that maximize a predetermined objective
function for a set of user trajectories. The kBCovFT query returns k facilities that combined satisfy a predetermined
objective function for the maximum number of user trajectories. The TQ-tree uses a Quadtree to partition the space,
with the Quadtree nodes forming the TQ-tree nodes. Unlike a quadtree, both the internal nodes and the leaf nodes of a
TQ-tree store data. Each node of the TQ-tree consists of a pointer to its child nodes, a list of stored trajectories, and an
upper-bound of the objective function for the trajectories stored within its sub-tree. The leaf nodes of the TQ-tree store
only intra-node trajectories, i.e., trajectories whose two endpoints reside within the same node. In contrast, the internal
nodes of the TQ-tree consist of intra-node trajectories, whose endpoints reside in the two immediate child nodes of the
corresponding internal node. A TQ-tree node is split until all its inter-node trajectories are fully indexed, or the number
of intra-node trajectories within the node falls below a specified threshold. To improve search latency, the TQ-tree

further organizes the trajectories in each TQ-tree node list into buckets called z-nodes, based on Morton ordering [220].
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The insertion algorithm of the TQ-tree follows the Quadtree insertion algorithm to locate the appropriate TQ-tree node.
The algorithm identifies the corresponding z-node within that node’s list of stored trajectories, which may trigger node
split or reordering of the z-nodes within the corresponding index node.

AttRec [313]: This paper presents an indexing technique for multi-attribute trajectories, combining spatial, temporal,
and attribute-based filtering in a unified framework. The core structure consists of a 3D R-tree [282] for spatial and
temporal indexing, augmented with an AttRec (Attributes and Records) structure for efficient attribute-based filtering.
The 3D R-tree indexes packed trajectory segments using 3D bounding boxes (x, y, time), with each node containing
entries of bounding boxes and pointers to subtrees or trajectories. The AttRec structure, built on top of the R-tree [117],
maps the attribute values to integers and maintains a relation for each attribute value, storing records of R-tree nodes
containing that value. Each record uses a bitmap to mark matching entries within a node, enabling quick filtering
during query processing. The index supports Range Queries on Multi-attribute Trajectories (RQMAT) that combine
attribute predicates with spatio-temporal constraints, returning trajectories that both contain specific attribute values
and intersect a given spatio-temporal window. The query-building process includes packing raw trajectory data, bulk-
loading the 3D R-tree, and constructing the AttRec structure by traversing the R-tree for each attribute value. Query
processing occurs in two steps: select R-tree nodes containing query attribute values using AttRec, and then traverse the
R-tree using breadth-first search, pruning branches that do not satisfy both attribute and spatio-temporal conditions.
This procedure allows for efficient pruning of non-matching attribute combinations early in the query process. The
index supports dynamic updates by creating small R-trees and AttRec structures for new data and merging them with
existing structures. Although the index construction is more complex due to the AttRec building, it significantly speeds
up query matching through early pruning.

BAR [312]: The BAR (B-tree, Attribute relation, and Record file) index structure presents an approach to indexing
multi-attribute trajectories by combining a novel 3D R-tree [282] for spatio-temporal data with a specialized attribute
indexing mechanism. Multi-attribute trajectories enhance standard trajectories with descriptive attributes that are
independent of location, such as vehicle COLOR (RED, SILVER, BLACK), BRAND (BENZ, VW, TOYOTA), bus route IDs,
or taxi company IDs. BAR consists of three key elements: a relation Att_Rel storing attribute values, heights (tree levels
from leaf = 1 to root = H), and record IDs. A B-tree built on Att_Rel for fast lookups, and a record file storing items with
format (nid, b, t) where nid is the node ID, b is a bitmap representing entries containing the attribute value, and ¢ is the
time interval. The index building process begins by packing small trajectory units into larger ones to create a compact
dataset, followed by constructing the 3D R-tree using bulk loading. For each attribute value, the R-tree [117] is traversed
to identify the nodes containing that value, creating records with bitmaps indicating which entries have the value,
and inserting the corresponding tuples into Att_Rel. This structure allows for querying of CkNN_MAT (continuous k
nearest neighbor queries over multi-attribute trajectories), which returns k trajectories at each time ¢ € T(mgq) that
contain query attribute values Q, = (a1, - - , ag) and belong to k nearest neighbors of the query trajectory. To handle
frequent updates efficiently, BAR introduces a lightweight update structure called Iw-BAR (lightweight BAR). Rather
than immediately updating the main BAR structure when new trajectories arrive, Iw-BAR buffers update information
in a simplified format that stores only the affected record items. This approach significantly reduces I/O costs during
updates by avoiding the need to load and modify entire records for each change. The buffered updates in Iw-BAR are
periodically merged into the main BAR structure, maintaining query performance while supporting dynamic trajectory
databases. This hybrid approach allows the index to efficiently process both historical and incoming trajectory data

while minimizing update overhead.
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WR-tree [141, 142]: The WR-tree is a spatio-temporal index structure designed specifically for trajectory-based
entity linking, which is designed to match the same moving objects across separate datasets by comparing their
movement patterns. The index handles k-nearest neighbor queries to find the most similar moving objects based on
weighted spatial signatures. In the notation, f(0) represents the signature of moving object o, w(p) denotes the TF-IDF
weight of spatial point p, MBR(0) is the minimum bounding rectangle of object o’s spatial signature, and sim(o1, 02)
measures the cosine similarity between two object signatures. The index works with trajectory points that are weighted
using TF-IDF scoring, where the weight represents both the commonality (frequency of a location in an object’s trace)
and unicity (discriminative power of the location across all objects) of each point in an object’s movement history.
The WR-tree extends the traditional R-tree [117] by incorporating spatial and weight information, storing object
signatures as weighted vectors that capture movement patterns. The index structure consists of leaf nodes containing
object identifiers, signatures, and Minimum Bounding Rectangles (MBRs), while internal nodes maintain pointers
to children, aggregated signatures, and aggregated MBRs. The tree is constructed using a bulk-loading algorithm
based on the Sort-Tile-Recursive [160] strategy, which optimizes three criteria: signature enlargement (maximizing
common points), MBR area, and overlap minimization. For query processing, the WR-tree uses a "best-first" k-Nearest
Neighbor search with two effective pruning strategies: spatial overlap and signature-similarity thresholding. To increase
accuracy, two optimization techniques are implemented: re-ranking, which first retrieves top-k candidates using
small signatures (e.g., 10 dimensions) and then updates rankings using larger signatures (e.g., 500 dimensions) for
better precision, and stable marriage matching, which creates one-to-one mappings between objects from different
datasets based on mutual preference lists derived from signature similarities. The combination of these optimizations
significantly improves the accuracy of linking with minimal computational overhead. The index supports dynamic
updates via incremental insertion, though periodic bulk rebuilding is recommended to maintain optimal performance.
This architecture transforms high-dimensional signature similarity searches into efficient 2D spatial searches, making
it suitable for large-scale trajectory datasets where classic methods struggle with dimensionality and cardinality
challenges.

HST [112, 113]: The Hierarchical Simplification Tree addresses sub-trajectory nearest-neighbor queries by simplifying
the input trajectory (P) at multiple resolutions, pruning the search space, and accelerating query processing. Unlike
time-based structures, HST represents different granularities of a trajectory. HST works on resolution simplification by
reducing P’s vertices at multiple levels while preserving shape by grouping close vertices into simplified segments. Its
tree structure is represented as a hierarchical tree, where each node represents a trajectory interval at a specific resolution.
HST is built top-down using a greedy simplification approach. The nodes are split into segments at each resolution,
stopping at the finest resolution (single-line segments). In addition, it has a linear space complexity, outperforming
the Cluster Center Tree (CCT), which can be quadratic in sub-trajectory settings. HST’s nodes store simplified sub-
trajectories and prune irrelevant ones, ensuring efficient nearest-neighbor search under the continuous Fréchet [17]
distance. The query processing in HST begins with a top-down search at the coarsest resolution, refining candidates
using metric pruning and the triangle inequality. At each resolution for distance computation, candidate sub-trajectories
are compared to the query trajectory. Finally, the exact continuous Fréchet distance is computed, returning the closest
sub-trajectory at the finest resolution (leaf nodes).

GR?-tree [310, 311]: The GR?-tree is an indexing structure designed to efficiently support Continuous Range queries
with Attributes (CRA) over multi-attribute trajectories. A multi-attribute trajectory consists of both spatio-temporal
components (sequence of time-stamped locations) and descriptive attributes, e.g., vehicle type and status. The index

consists of two integrated components: a GR-tree (an adapted 3D R-tree [282]) and Ry (an attribute relation). The
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indexing technique uses an optimal grid partitioning strategy in which the 2D space is divided into § X § equal sized cells

and time into K intervals, with the optimal granularity calculated as § = [\/1_3-‘ where P = %

_;”9 balances the number
of nodes and the quality of the approximation. Each spatio-temporal trajectory is decomposed into "cell trajectories”
that are segments confined to a single grid cell during a specific time interval. Cell trajectories are then indexed in
the GR-tree and sorted by time, cell ID, and bounding box. In addition, the Ry4; component stores attribute values
as tuples (nid, a_tr, b) where nid is the node ID, a_tr is a transformed attribute value created by interleaving binary
representations of the attribute ID and value, and b is a bitmap indicating which entries contain each attribute value. It
can process CRA queries of the form (o4, d, Qg) that return trajectories containing attribute values Q, whose distance
from the query trajectory og4 is always below the threshold d during overlapping time periods. The query processing
algorithm runs in three phases: (1) construct a C3 structure containing a cell tree (mapping time intervals to cells
within query distance), cell set (all cells within distance d), and cell list (marked cells where the maximum distance < d),
(2) traversing the GR?-tree in breadth-first order with spatial, temporal, and attribute-based pruning; and (3) perform
exact time-dependent distance calculations for candidates. To accelerate distance computation, the index implements a
BB-array structure that allows efficient retrieval of minimum bounding boxes. The GR?-tree supports dynamic updates
with complexity O((f + H) - (1 + W)), where f is the capacity of the R-tree node, H is the height of the historical
R-tree, dom(A) is the total domain size of attributes, and b is the block size.

Bloom filtered Trajectories (ITgp) [298]: This paper presents an index based on the Bloom Filter (ITgF) to process
track queries over trajectory data. A track query, denoted as Q = {q1, ¢z, . ..,qn} Where g; represents query points,
retrieves trajectory subsequences, [ = {pm, . .., Pm+k } Where each point p; is represented as (id, timestamp, latitude,
longitude). The method converts spatial trajectory queries into string queries by employing a geographic grid system
and geocoding. Initially, the geographic space is partitioned into a regular grid Ggeo = {Tinsr, gsize }> Where Ty is
the minimum spatial range of coordinates and gs;z. is the cell size in meters. Each cell is assigned a unique geocode.
Trajectory data are then segmented into tracks, which are encoded using the geocodes of the grid cells they traverse,
effectively converting spatial trajectories into string representations. The core of the technique lies in the construction
of a Bloom filter Itgr = {2} Si, ZT:() hf, Barr} where S; represents encoded tracks, hf represents m hash functions,
and the resulting hash values set corresponding bits in the Bloom filter’s bit array. During query processing, the input
query track undergoes the same encoding process and is then hashed using the identical hash functions. The Bloom

filter is then checked to determine if all corresponding bits are set, indicating the potential existence of the track in

_nk\ k
the dataset with a false positive rate calculated as p = (1 - 67) , where n is the number of input elements, k is

the number of hash functions, m is the size of the bit-array and p is the false positive rate. The technique supports
exact-match queries via bit-array operations and hash computations, with query processing performed directly on the
bit array without accessing the original trajectory data. The index maintains trajectory information in a compact bit
array format, although it requires filter reconstruction for updates and cannot support similarity or range-based queries
due to its exact matching nature.

SST [330]: SST (Synchronized Spatial-Temporal trajectory similarity search) presents an efficient top-k trajectory
similarity search using a grid-based [213] indexing technique combined with query partitioning. The approach processes
queries represented as Q = (I1, ..., /o) (a sequence of line segments with spatial-temporal points) to find k trajectories
T that maximize the bidirectional similarity measure Sim(T,Q) = a - Sim(Q — T) + (1 — a) - Sim(T — Q). The
indexing method divides the spatial area into grid cells, mapping the trajectories to the cells they intersect. To reduce

index size and improve search efficiency, the approach introduces a grid cell merging algorithm that clusters cells with

Manuscript submitted to ACM



14 Syed et al.

common trajectory IDs. This clustering creates compact trajectory "skeletons" that serve as a more space-efficient
representation of the trajectory database. The merged grid cells are then indexed using an R-tree [117] structure. The
main similarity measure used in SST is MPS (Matching Point-Point Based Similarity), which combines spatial and
temporal aspects by computing similarity at each matched point pair using an exponential decay function f(x) = e™*
to normalize distances. Query processing follows a three-phase approach. First, the framework partitions long query
trajectories into smaller segments using a cost model that balances search and candidate maintenance costs. Second,
it performs an incremental search using these partitions to retrieve trajectory candidates from the grid index, where
each partition’s search space is pruned using spatial-temporal bounds. Finally, it refines the candidates by computing
the exact similarities in descending order of their upper bounds until the top-k results are confirmed. The approach

maintains upper and lower similarity bounds for candidate trajectories and stops the search when the k"

greatest
lower bound exceeds the upper bound of unexamined trajectories.

IT-tree [60]: The IT-tree (Indoor Trajectory Tree) is a two-layer hybrid spatio-temporal index designed for indoor
trajectory data to support Top-k Probabilistic Influence (TkPI) queries, which return k sites with the highest individual
influence values, and Collective-k Probabilistic Influence (CkPI) queries, which find k sites collectively maximizing

e~ Adist(pis)y measures the

influence over a set of user trajectories, where influence probability P(t,s) =1 - [17,(1~
likelihood of trajectory t being influenced by site s given threshold 6. Each trajectory t € T represents a sequence of
discrete points {p1, p2, ..., pn} expressed in a 2D Cartesian coordinate system, where each point p; = (x;,y;) encodes a
physical location within the indoor floor plan measured along two perpendicular spatial axes within the indoor space I2.
The first layer, called the indoor partitioning layer Ly, adopts a hierarchical spatial organization by combining adjacent
indoor partitions P into nodes following a bottom-up construction strategy, where each IP node N’ lp is represented as a
sextuplet (G;, BD;, len, len, ws, ptr) containing: a D2D subgraph G; with access doors AD; and pre-computed distance
matrix DM;; border doors BD; that connect internal partitions to external space; upper and lower bounds (len, len) on
trajectory lengths; weight sum ws of enclosed trajectories; and pointers ptr to the second layer. The first layer stores
each trajectory in the smallest node that completely covers it, enabling O(p? log L) distance computations where p
denotes the average number of access doors per node and L represents leaf node count. The second layer, the trajectory
trie layer £, transforms each trajectory into a check-in trajectory f; = {P; : n1,Ps : ng, ..., Py : ni}, a histogram
sketch recording partition visitation frequencies, then compresses trajectories sharing identical partition prefixes using
a trie structure where each trie node N, stores (P;, n, 7, vs, w3, T;): partition label P;, point count bounds (n, 7) for this
partition, cumulative weight sums for paths (w3) versus stored trajectories (s), and the actual trajectory set T;. Query
processing for TkPI and CkPI exploits this structure through subtree pruning, which computes probability bounds
P, (NP,s) =1—-(1- e”LdiSﬁ(1\””5))]\”"1‘3—n and P,;,(NP,s) =1—- (1 - e~ Adist (Np’s))Np'l?n using indoor distance
bounds dist™ and dist™ derived from border doors, and progressive pruning along trie paths that incrementally tightens
influence bounds node by node as more partition-level information is revealed, using trajectory monotonicity (if ¢’ C ¢
then P(t,5) = P(t',s)) to compute tighter bounds Py, and P,j, and prune trajectories early without full probability

computation.

2.2 Al/ML-Powered

This subsection presents indexing methods that leverage machine learning to optimize index construction and query
processing over historical spatio-temporal data. These approaches use techniques, e.g., Reinforcement Learning (RL), to
adapt partitioning strategies based on data distributions and query workloads, thereby improving I/O performance in

comparison to traditional fixed-hierarchy approaches.
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BT-tree [110]: BT-tree is a reinforcement learning-based index for historical trajectory data, built on top of a
disk-based spatio-temporal structure constructed through recursive bi-partitioning. It supports range queries with
combined spatial and temporal predicates (e.g., finding all trajectories passing through a spatial region during a
specific time interval) and K-Nearest-Neighbor (KNN) queries that return the K spatially nearest trajectory segments
within a temporal range. Each node represents a subspace of the 3-dimensional trajectory data space defined by
a Minimum Bounding Box (MBB) with six extreme values (Xmin, Xmax> Ymin> Ymax> fmin, fmax) €encompassing spatial
coordinates and timestamps. The fundamental innovation lies in its ability to partition each internal node along any
dimension (x, y, or t) at any location based on data characteristics and historical query workload, rather than enforcing
a rigid spatial-first or temporal-first hierarchy. The RL component uses Deep Q-Networks [201], where the state space
comprises impact metrics (QSred and Seglnc values for each dimension) combined with spatial embeddings of node
boundaries, the action space contains three candidate cuts (one per dimension) that maximize the cost function, and
rewards are computed based on I/O performance relative to a baseline partitioning approach. This state design, using
percentage-based ratios in [0, 1], enables training on small datasets (approximately 100,000 points) and subsequent
application on large datasets (up to 800 million points). The construction of the underlying index uses a cost function
CFi(cut) = (1= 2) - (1 — QSred;(cut)) + A - Seglnc; (cut), where QSred; denotes the percentage reduction in data-aware
query skew achieved by a cut along the dimension i, Seglnc; represents the percentage increase in trajectory segments
caused by that cut, and A is a weighting parameter balancing these factors. Data-aware query skew is computed by first
constructing n subranges along each dimension such that each subrange contains approximately equal data points, then
clustering queries using DBSCAN based on their mass contribution vectors Fy across these subranges, which captures
query dimensions, sizes, and spatial locations simultaneously. Leaf nodes store up to M trajectory segments on disk
pages, and when partitioning cuts through existing trajectory segments, new smaller segments are created to ensure
that each segment belongs to exactly one leaf node. Query processing follows standard tree traversal, in which nodes

whose MBBs do not intersect the query region are pruned.

2.3 Contact Tracing Access Methods

Contact tracing access methods support queries that identify when and where moving entities came into proximity, a
capability that became critical during the COVID-19 pandemic. These structures have to efficiently compute reachability
across contact graphs, aggregate meeting durations between individuals, and visualize the temporal evolution of spatial
interactions. The indexes in this category combine spatial partitioning with temporal aggregation to enable real-time or
near-real-time analysis of contact events over large populations.

6-structure [40]: The O—structure enhances classical density maps with efficient querying capabilities for arbitrarily
specified time windows, by encoding and retrieving spatial data which allows users to interactively restrict data to
different time windows, thus revealing both short-term and long-term changes in the dataset. The proposed data
structure is output-sensitive and achieves query times that are logarithmic in the total number of points and linear in
the number of colored cells, which refers to the grid cells that meet the criteria specified in the time-window query,
enabling real-time visualization of large point sets. It is also applicable for decision problems like counting, sum, and
maximum of point weights. The 0-structure enables efficient data retrieval by organizing spatial points in a tree-based
search structure, such as a Quadtree [100]. When a user performs a query specifying a time window, the structure
efficiently narrows the relevant data using logarithmic search operations that hierarchically partition the spatial domain
into smaller regions. Each cell or node in the tree is associated with a time function that enables rapid determination of

whether a given cell contains events within the specified time window. Through experiments on real-world datasets,
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such as bird migration and COVID-19 spread, the 0—structure supports interactive exploration of large spatio-temporal
data, with response times in the range of milliseconds and immediate feedback, making the system practical for real-time
use. The -structure incorporates fractional cascading to optimize query time and reduce the time required to search
across multiple related data structures. By storing additional pointers and pre-computed values, the -structure can
quickly traverse its hierarchical nodes to locate and display relevant data for the query while minimizing repeated
calculations. Therefore, the combination of hierarchical data partitioning, fractional cascading, precomputed time
functions, and output-sensitive querying enables the §-structure to deliver fast response times, allowing users to explore
large spatio-temporal datasets interactively with minimal latency.

TRC-index [164, 165]: The Time Range Count index (TRC) is an indexing structure designed to efficiently support
spatio-temporal Nearest Neighbor joins (ST-kNN) in Apache Spark [324] clusters, with each spatio-temporal partition
maintaining its own TRC-index that is broadcast across processing nodes. The system incorporates Bayesian optimization
and XGBoost [69] models for automatic parameter tuning. The index handles temporal data for objects with time ranges
[tmins tmax] and can process trajectory data represented as line strings. The spatial component uses a hierarchical
quad-tree [100] structure that recursively divides the global spatial domain into equal-sized sub-regions, with objects
assigned to partitions based on their Minimum Bounding Rectangle (MBR) intersections, and builds upon the 3D
R-tree [282] index where spatial coordinates form the first two dimensions and time serves as the third dimension. The
purpose of the TRC-index is to help reduce the number of candidate objects to be considered in a join by providing
an estimate of how many objects in a partition have overlapping time ranges with a query. It improves the efficiency
of temporal filtering by giving a lower bound on the number of objects in a spatio-temporal partition that satisfy the
temporal condition of the ST-kNN join. The TRC-index consists of two primary arrays: Trnin and Trnax, where Tinin
records the count of objects whose start time falls within a certain time bin, and T,;,4x records the count of objects
whose end time falls within a certain time bin. The temporal dimension is divided into discrete bins of equal length
(controlled by parameter binNum), with the index using a sweep-line approach to accumulate counts where Tyin
is accumulated from right to left and Tp,4x from left to right. The TRC-index supports temporal overlap queries to
find objects whose time ranges intersect with a query time range [tmin, tmax ], using the notation tr = [tmin, tmax] to
compute a lower-bound on intersecting objects by calculating |S;| — Tnax [6min] — Tmin[bmax], where bpin and bpax
are bin numbers corresponding to tr.tpin and tr.ty,gx respectively. The TRC-index allows filtering objects by time,
which is useful in distributed systems where minimizing data shuffling is critical.

RICCmeet [269]: RICCmeet’s index constructs a spatio-temporal structure that handles reachability queries while
constrained by transfer delays (time needed for actual information exchange during sustained contact) rather than
just processing delays (time to process received information before retransmission). The contact graph represents
direct object interactions within the threshold distance d¢on at each time instant, while the reachability graph links
contact graphs over time through valid meetings of duration m = 1y — 15 > mg, forming a directed graph that
accounts for intermediary paths at which objects must maintain contact for minimum meeting duration y. The
index partitions the temporal domain into non-overlapping time blocks C and applies spatial grid partitioning with
resolution H, creating a two-level hierarchy in which objects are organized by coarse grid cells (side H) and fine
cells (side d¢e = 2dmax + dcont)- RICCmeetMin precomputes all p-reachable objects while RICCmeetMax maintains
tuples (O}, Mmayx) indicating maximum meeting durations for each reachable object pair, using a modified depth-first
search with a plane-sweep algorithm and priority queue ordered by earliest reach time 7g(O;). The technique can be
represented as a three-level disk-based index: Time Block Index organizing reachability data by time blocks, Meetings

Index mapping objects to meeting data pages, and Reached Index providing direct access to precomputed reachability
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information, all maintaining spatial locality through cell-ordered storage. Query processing iteratively updates reachable
objects over time instants and uses Reached Index to minimize disk accesses, first pruning unreachable targets, then
traversing Meetings Index when detailed verification is required. The technique handles reachability queries with
meetings Qmeet : Os, Or, [, 7], mq determining whether the target object Or is (mg)-reachable from the source
object Og during time interval I, supporting query variants including one-to-many and many-to-many through efficient
boundary meeting management across time blocks for moving objects such as vehicles (100m Bluetooth contact) or
people (3m physical contact).

e-Racoon [15]: e-Racoon presents a multi-level in-memory spatio-temporal access structure optimized for contact
tracing queries through temporal aggregation joins. The structure’s architecture uses a three-tiered approach: at its
foundation lies a spatial grid[213] that partitions and indexes zones occupied by Moving Objects (MOs), where each
spatial grid cell contains a second-level temporal indexing layer with configurable granularity (supporting day, half-day,
or hourly divisions), and finally, each temporal bucket maintains a pointer to an Interval tree, implemented using
Red-black trees for their self-balancing properties, storing precise time intervals of zone occupancy. The indexing
mechanism processes Temporal Aggregation Join (TAJ) queries by efficiently matching two trajectories (T for local and
Ty for query) to compute cumulative contact durations within specified spatial (¢ meters) and temporal (W; seconds)
windows.

DKNN [331]: This paper introduces an indexing approach to handle Durable k-Nearest Neighbor (DkNN) queries
over trajectory databases, which finds all trajectories that remain within the k-nearest neighbors of a query point
p for at least r percent of a specified time window W. For a trajectory, o is a temporally ordered sequence of points

o= {(p1,t1), (P2, £2), . . ., (pn> tn)) where each p; = (x;, y;) represents spatial coordinates and ¢; is the corresponding

timestamp. The snapshot distance d;(0) = ||o(t) — p|| measures the Euclidean distance between the trajectory o
d
and the query point p at time t. The durability pj (o) <f W quantifies the fraction of time interval W

during which o belongs to the snapshot k-NN set Ny ;; and a DkNN query g = (p, k, W, r) returns all objects o where
pk.w (0) > r. The proposed technique augments a standard 3D R-tree [282], which indexes trajectory line segments
sij = {Pi, tis Pi+1, ti+1; 0j) within Minimum Bounding Rectangles M = Xy, X Yy, X Tpy, with auxiliary data structures
attached to each MBR: a coverage function Cp,(t) implemented as a binary search tree that counts active line segments
at any time ¢, and four envelope functions xmin (£), Xmax (), Ymin (), Ymax (t) that define temporal slices M(t) providing
tighter spatial bounds than the full MBR at each timestamp. The index uses a filter-and-refine framework where
the filtering phase performs a prioritized breadth-first traversal, maintaining a working structure A containing an
interval tree of entries E = (dpin (M), dmax (M), Cin (t), Im), applying pruning based on the lemma that an MBR M can
be eliminated if for all ¢ € T;, N W the accumulated coverage of visited MBRs with smaller maximum distances exceeds
k. The refinement phase executes a sweep line algorithm over candidate segments, processing left endpoints, right
endpoints, and curve intersections through an event queue Q, maintaining snapshot rankings in a BST L, and tracking
durability accumulation in counter D, with early termination when max{D(0) | D(0) < r} + (1 — p) < r where p

represents the swept fraction of W.

3 INDEXING THE CURRENT AND RECENT POSITIONS

This section surveys indexing methods optimized for querying the current and recent positions of moving objects, where
real-time performance and low update latency take precedence over temporal evolution patterns. These structures

address scenarios ranging from maintaining only current positions to preserving a sliding window of recent locations for
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continuous query evaluation. Major challenges include handling high-frequency position updates, supporting continuous
nearest-neighbor queries, and adapting to dynamically changing object distributions. The methods presented here use
techniques such as hierarchical grids, LSM-tree architectures, and road-network-aware decompositions designed to
balance update efficiency with query performance.

GeoPrune [317]: GeoPrune introduces a query processing technique for ride-sharing that utilizes geometric proper-
ties combined with R-trees [117] for efficient vehicle matching. The core mechanism uses two primary R-tree indices:
Tseq to index the detour ellipses of trip schedule segments, and T4 to index the stop locations of vehicles. For each new
trip request rp, the system constructs a waiting circle (r,.wc) centered at the source with a radius equal to the maximum
waiting time multiplied by vehicle speed, and a detour ellipse (ry,.rd) with the source and destination as focal points
where the length of the major axis equals the maximum allowed travel time multiplied by speed. The pruning process
executes four critical queries: two point queries on Tseq to find segments whose detour ellipses contain the request’s
source and destination, and two range queries on T,,4 using the waiting circle and detour ellipse. The technique
processes three cases: insert-insert (both the source and destination are inserted into schedule segments), insert-append
(the source is inserted, the destination is appended), and append-append (both are appended). To efficiently update
when vehicles move or receive new assignments, the system maintains dynamic ellipses that bound the reachable
areas based on the maximum allowed travel times between schedule stops. These ellipses are indexed using minimum
bounding rectangles (MBRs) in the R-trees for practical efficiency. The index supports vehicle movement updates
in O(|S|log(|S]|C|) + |C]log?|C|) time and new request updates in O(|S|log?(|S||C])) time, where |S| is the maximum
number of stops and |C| is the vehicle count.

DVTG [271]: The DVTG-index (Dynamic V-tree Double-Layer Grid Index) handles continuous k-nearest neighbor
(CkNN) queries on large road networks with moving objects using a query processing algorithm called DVTG-CkNN.
The index supports two primary query types: kNN and CkNN. The kNN query, denoted as kNN(q, k), finds k moving
objects closest to the query point g at a specific time instance, where the distance is measured along the road network
rather than the Euclidean distance. The CkNN query, formalized as CkNN(gq, k, At), continuously updates k-nearest
moving objects to query point g as objects move over time intervals At, maintaining temporal consistency of results. The
DVTG-index operates as a multilayer grid index, dividing the road network recursively into grid subgraphs utilizing a
Quadtree [100] structure, followed by the construction of vertex subgraphs for each leaf node grid comprising of active
vertices (linked with moving objects) and boundary vertices (connecting distinct grids). It maintains a vertex-distance
matrix for each vertex subgraph, storing the shortest distances between active and boundary vertices, enabling dynamic
grid merging or splitting based on the active vertex count to balance computational load. The index-building process
involves a Quadtree-based division of the road network into layers, construction of vertex subgraphs for leaf-node grids
containing only active and boundary vertices, parallel computation of shortest distances within each vertex subgraph,
and dynamic grid adjustment based on the active vertex count. For index matching, upon addition or removal of a
moving object, the index updates the corresponding leaf node grids, active vertices, and vertex distance matrix, with
grid splitting or merging as needed. The DVTG-CkNN algorithm starts by associating the query point with its nearest
vertex, then performs a Dijkstra-like [83] search on the elevated graph of the vertex, expanding from the query vertex
to neighboring vertices, maintaining a candidate moving object queue Fy and distance threshold ' (maximum distance
to the kth object), terminating upon finding k nearest objects or exploring all reachable vertices, and incrementally
expanding the search for continuous queries. The DVTG-index supports dynamic updates by mapping changes in

moving objects to index updates by associating objects with active vertices, enabling real-time tracking as they move
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along the road network. This approach efficiently handles position updates by only modifying the relevant parts of the
index rather than completely rebuilding it.

LSM RUM-tree [256, 257]: The LSM RUM-tree is a spatial indexing structure designed to handle update-intensive
spatial workloads. It combines the Log-Structured Merge (LSM) tree [16] with an R-tree [117] structure and incorporates
an in-memory Update Memo (UM) [263, 307] component. The index comprises an in-memory R-tree for storing recent
spatial data, multiple disk-based R-trees organized in levels like the LSM-tree structure, and the UM, which is a hash
map tracking deletes and updates. Each object in the index is represented as a triplet (Loc, O;4, ts), where Loc is the
location, Oy is the object identifier, and ¢s is a global timestamp. The UM entries take the form (O;4, ts, cnt), where ts
denotes the most recent update timestamp and cnt tracks the number of obsolete versions in the index. During insert
operations, new objects are added to the in-memory R-tree without modifying the UM. For delete and update operations,
the UM is updated to reflect changes, and in the case of updates, new object versions are inserted into the in-memory
R-tree. When the in-memory R-tree reaches capacity, it is flushed to disk as a new R-tree, with objects ordered using
space-filling curves for efficient storage. Periodic merging of disk-based R-trees maintains the LSM structure. Query
processing involves searching all R-trees and using the UM to validate result freshness. To optimize performance and
manage UM size, the index employs four cleaning strategies: Buffered Cleaning tracks update frequency per node and
cleans hot-spots when a threshold is reached; Vacuum Cleaning systematically processes cold-spot nodes based on a
global counter to ensure fair cleaning distribution; Clean Upon Flush filters obsolete objects during the flush operation
to avoid writing them to disk; and Clean Upon Merge removes obsolete objects during disk component merges. These
strategies remove obsolete objects and reduce the UM size.

HDLT [6]: The Hierarchical Dense Location Time Index (HDLT-Index) is a spatio-temporal indexing technique
designed for efficient processing of dense location queries on indoor tracking data of moving entities. The HDLT-index
maintains a separate tree structure (HDLT-tree) for each indoor location, resembling a modified B*-tree [31]. The
leaf nodes of the HDLT-tree store time points together with aggregate information tuples C; = (¢;oals Centers Cexit )
representing the total number of objects present, objects entering, and objects exiting at each time point, respectively.

Non-leaf nodes contain time points and two types of aggregate tuples: C,; = (c ) for all entries except

/ CI
total’ “enter
1’ ’’

the rightmost, and C = (c; . . Conser) for the rightmost entry, encapsulating aggregate information for the subtree
below. The index construction process involves pre-computing aggregate information for each distinct time point from
mapping records, inserting time points into HDLT-trees using a B*-tree-like insertion mechanism, computing C,;; and G
tuples for non-leaf entries based on child node information, and linking nodes at intermediate levels. Query processing
leverages this hierarchical structure, with point queries using a B*-tree-like search to find leaf entries, interval queries
summing center values across relevant leaf entries, and dense location queries employing pruning strategies to avoid
full tree traversal. These pruning techniques convert density thresholds into object-count thresholds and skip subtrees
or terminate early based on aggregate counts. The HDLT-index supports count-based and duration-based density
queries, extending temporal indexing concepts to symbolic indoor spaces. Although it offers significant performance
improvements for queries over relational databases, the index has limitations, such as increased storage overhead due
to separate trees per location and the need to recompute aggregates during updates.

MR-Cubes [77]: MR-Cubes presents a spatio-temporal indexing structure designed for efficient computation of
location popularity from streaming check-in data. The index supports queries of the form g = (box, r), where box is
the spatial bounding box of interest and r is the desired resolution level, returning a collection of cells at resolution r
that intersect with the query region, along with their popularity values. Location popularity is a measurement that

ranks locations based on their importance, expressed in three ways: frequency, diversity (Count of unique visits), or
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location entropy (LE) (combination of frequency and diversity using Shannon entropy [254]). Key notation includes
Ue; as the set of distinct users who visited the cell ¢;, |0y;, ¢i| as the number of visits to the cell ¢; by the user u;,
and the entropy formula H¢, = - ZquUci Pujc; - 108 pu;.c; where py; ¢, represents the probability of visit. The index
uses a hierarchical quadtree-like structure, but with crucial augmentations to support multi-resolution popularity
calculations. MR-Cubes divides the geographical area into a grid of fixed-size base cells, each represented by a leaf
node in the index. These leaf nodes maintain specialized data structures, such as Space Saving summaries, to track
user visits and compute approximate location entropy. As new check-ins arrive in the data stream, the corresponding
leaf nodes are dynamically updated by incrementing user counters in hash tables or using the Space Saving algorithm
to maintain the most frequent users while evicting low-frequency counters when memory limits are reached. For
temporal decay of old data, MR-Cubes implements exponential time decay where new check-ins are weighted by eMi
and query-time values are computed as vy, ci| = cr,‘fj‘_’“b le y e~ effectively decreasing the influence of older check-ins
without explicit deletion. The index’s novelty lies in its on-the-fly construction of intermediate nodes that represent
different spatial resolutions. These nodes are created during query execution by merging child nodes, supporting flexible
multi-resolution analysis. Query processing in MR-Cubes follows a three-phase approach: SCAN to traverse the index
and identify relevant nodes, MERGE to combine nodes at the desired resolution, and CALCULATE to compute final
popularity values. The MERGE phase uses one of three strategies: Top-Down, Bottom-Up, or Hybrid, each offering
different trade-offs between performance and accuracy. To address the challenges of real-time processing and scalability,
MR-Cubes introduces several approximation heuristics, including TopKF, TopKUE, and TopKF+UEC, which intelligently
balance memory usage, update speed, and result accuracy. These heuristics adopt techniques from streaming algorithms
to maintain bounded-size summaries of user activities, enabling efficient merging operations across different resolutions.

SSQ [12, 14]: The Spatial-Social Quadtree (SSQ) supports real-time personalized geo-social queries over streaming
data, specifically handling Spatial-Social Temporal Range Query (SSTRQ) and Spatial-Social Temporal kNN Query
(SSTkQ). The SSTRQ retrieves the most recent k objects within a spatial range posted by a user’s friends or friends-of-
friends, while SSTkQ finds the top-k closest objects based on spatio-temporal distance. Its framework handles the high
volume and velocity of geo-social data that combines temporal, spatial, and social aspects. Therefore, this indexing
framework is designed as follows: an in-memory index, an in-disk index, and an in-memory buffer. While the in-memory
index is used to ingest highly dynamic geo-social data in real time, it stores recent geo-social objects in memory for fast
access, focusing on objects that arrive in a continuous stream. The in-disk index stores relatively stable data, specifically
the social graph, which does not change frequently. This data is used for efficient query processing when required
and is optimized for low-overhead storage and retrieval. On the other hand, the in-memory buffer caches frequently
accessed social graph data in memory, which reduces the number of disk reads when retrieving social information,
such as friends or friends-of-friends, for the queries. The Spatial-Social Quadtree (SSQ) index uses a Quadtree [100]
to partition the spatial domain and includes social information in the leaf nodes. The Quadtree organizes geo-social
objects in the in-memory index based on their spatial location. Each leaf node holds a hash structure that organizes
objects by the posting user (notation: uid represents the user identifier, loc represents spatial coordinates, keywords
represents textual content, and timestamp represents posting time), allowing efficient access to data for social pruning
of unnecessary objects during query processing by filtering based on the user’s social connections. In addition, the
index supports three-dimensional pruning during query processing: spatial retrieval, social filtering, and temporal
pruning, which improve query performance by narrowing the search space to only relevant objects based on the user’s

friends, recent posts, and nearby locations.
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SIMKNN [48]: SIMKNN is an in-memory spatial indexing and query processing approach for k-nearest neighbor
(kNN) searches on moving objects in road networks. SIMKNN uses a dual index structure: a hierarchical grid (H-
grid) [322] to manage moving objects and an R-tree [117] to store the topology of the road network. The H-grid adapts
dynamically to skewed object distributions by starting with a uniform grid and recursively splitting cells that exceed a
capacity threshold N, into m X m smaller sub-cells, while merging cells when occupancy falls below N¢. This adaptive
structure results in smaller cells in dense areas and larger cells in sparse regions, optimizing space utilization and
query performance. A key component is the "cell communication” technique, which maintains up-to-date neighbor
information for each cell in eight directions, facilitating efficient updates during cell splits and merges. kNN query
processing in SIMKNN occurs in two phases: result space estimation and kNN retrieval. The estimation phase begins
at the query point’s cell and expands the search space incrementally based on the smallest neighbor cell size until k
objects are found using the Euclidean distance. This estimated area is then used to extract a partial road network from
the R-tree for the retrieval phase, where the network expansion computes actual network distances to refine results.
This approach allows for gradual expansion that adapts to data distribution and provides tight bounds for network
search. SIMKNN supports dynamic updates through cell splits/merges and object movements between cells, making it
suitable for frequently changing object locations. The index structure is more complex and memory-intensive than
uniform grids. However, it offers improved query performance, especially for skewed distributions. The efficiency of
the technique depends on properly adjusting parameters such as cell capacity N, and split factor m.

TD-H2H [161]: TD-H2H (Time-Dependent Highway to Highway) is an indexing technique that extends the H2H [221]
labeling framework to efficiently process k-nearest neighbor queries on time-dependent road networks, where edge
weights are functions of time rather than static values. The index structure is built on a function-preserved tree
decomposition (FPTD) of the road network, which hierarchically decomposes the network while preserving time-
dependent weight functions during vertex elimination. FPTD works by creating a rooted tree where each node contains
a subset of vertices, and when eliminating a vertex v, it preserves path information by either adding new edges between
v’s neighbors with aggregated weight functions f(u — w) = f(u,0) € f(v, w) or updating existing edges with
minimized functions f(u — w) = Min{f(u, w), f(u,0) € f (v, w)}. For each vertex v, the index maintains two critical
function arrays: X (v)°.f storing weight functions from v to its ancestors, and X(v)’.f containing functions from
ancestors to v, along with position arrays X (v).pos tracking vertex positions in ancestor lists. The index construction
proceeds in a top-down manner through the decomposition tree, computing and storing aggregated weight functions
for each vertex and its ancestors using a Min operation on weight functions. TD-H2H handles time-dependent costs
through piecewise linear functions, where function aggregation is performed during index construction to pre-compute
travel costs. For query processing, the index uses the lowest common ancestor (LCA) concept: when computing the
time-dependent fastest travel cost between vertices s and d, it identifies their LCA in the decomposition tree and
uses precomputed function arrays to efficiently compute the minimal travel cost. The index incorporates two pruning

strategies: lower-bound cost pruning using static costs and label pruning that reuses common-ancestor computations.

4 INDEXING THE FUTURE

This section examines indexing methods that manage predicted or planned future positions of moving objects, enabling
proactive query processing over anticipated trajectories. Unlike historical indexes that operate on recorded data,
future-oriented structures must handle inherent uncertainty in position predictions while supporting time-sensitive
applications, e.g., traffic management and collision avoidance. These methods integrate predictive models, traffic-aware

calibration, and sliding window mechanisms to maintain accurate representations of expected object locations. The
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indexes presented here address challenges such as dynamic route updates, trajectory uncertainty measurement, and
real-time conflict detection in domains ranging from road networks to airspace management.

RR-index [319]: The RR-index (Route Record index) is a spatio-temporal index structure designed to manage
future route trajectories with a focus on traffic-aware time calibration. The index maintains route records as triplets
(r,in/out, f) where r represents the route ID, in/out indicates entry/exit status, and f tracks traffic flow modifications
(+1 for entry, -1 for exit). The temporal dimension is organized through a sliding window mechanism that partitions
time into fixed-length slices, with each slice containing route records structured within a Binary Search Tree (BST) [150]
for temporal querying. The index uses a two-tier organization: the upper tier manages time slices within a sliding
window (4-6 hours into the future), while the lower tier maintains route records ordered by timestamps within each slice.
Spatially, records are organized by road segments, with every segment maintaining sets of timestamps corresponding to
traffic flow changes along with their associated route records. The index implements sophisticated update mechanisms
employing lazy updates, a strategy that postpones actual temporal updates until necessary to minimize computational
overhead. For route insertions, the index processes records road-by-road, updating traffic flows and recalculating travel
times for affected routes using a Bureau of Public Roads (BPR) [168] function that accounts for road capacity and current
traffic conditions. The index supports dynamic updates through a propagation mechanism that identifies affected routes
using a termination condition and updates their temporal information accordingly. Additionally, "road-oriented update
operation" processes multiple route updates on the same road segment collectively, reducing redundant computations.
Query processing uses BST organization within time slices to retrieve affected routes and update their temporal

information.

4.1 Al/ML-Powered

Machine Learning (ML, for short) techniques offer powerful capabilities for predicting future trajectories and enhancing
index performance through learned models of movement patterns. The method in this subsection integrates probabilistic
models, e.g., Hidden Markov Models, with spatial indexing structures, to support both trajectory prediction and conflict
resolution. These hybrid approaches leverage historical movement data to inform predictions while maintaining efficient
spatial query capabilities for real-time decision support.

OCTtrees for Aircraft Conflict Detection and Resolution (CDR) [26, 27]: CDR is a framework for a prescriptive
analytics system for long-range aircraft conflict detection and resolution. It is an advanced decision-support tool
developed to address critical safety and efficiency challenges in modern air traffic management (ATM). The integrated
indexing system for aircraft conflict detection and resolution combines two complementary indexing mechanisms:
Octree-based [136] spatial-temporal indexing for conflict detection and Hidden Markov Model state-space indexing for
trajectory prediction and resolution. The Octree component uses temporal partitioning where each discrete time instance
t maps to a dedicated Octree data structure, creating time-indexed spatial trees that manage a four-dimensional problem
space (latitude, longitude, altitude, time) using hierarchical tree traversal with O(1) temporal lookup followed by O (log n)
spatial traversal. Aircraft protected zones are represented as expandable cube formations composed of atomic 4D
spatio-temporal data cubes, identified by centroid coordinates, that support precise conflict detection through dynamic
constraint lists CLp containing existing trajectory reservations with automatic temporal expiration mechanisms.
Simultaneously, the HMM indexing system maintains state-space representations in which N states, S = S1, S, ..., SN,
correspond to reference point coordinates forming aligned trajectories on a 3D grid network with 6km X 6km spatial
resolution, which processes 4D trajectories. The HMM framework indexes transition probability distributions A = a;;

representing aircraft movement patterns between states, observation symbol probability distributions B = bj(k)
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mapping weather parameters to trajectory segments, and conflict-free probability distributions C = ¢;(k) indicating
spatial regions free from conflicts. State transitions are indexed via probability matrices, enabling efficient Viterbi
algorithm traversal for optimal path computation. Conflict resolution combines both indexing systems by assigning
minimal conflict-free probabilities (1 x 1071%°) to Octree-occupied cubes while maintaining HMM state accessibility
for alternative route generation. The combined system achieves O(k x log n) complexity for conflict detection through
Octree queries and O(k(2logn + |N| — 1) + N) for HMM-based resolution, where k represents trajectory segments, n
denotes spatial occupancy, and N indicates HMM state space cardinality. This dual-indexing approach enables real-time
strategic conflict avoidance by efficiently managing both spatial constraints via Octree structures and probabilistic
trajectory optimization via HMM state indexing, supporting scalable multi-aircraft conflict detection and resolution in

complex airspace environments.

5 INDEXING THE PAST, PRESENT, AND THE FUTURE POSITIONS

This section presents unified indexing structures capable of managing spatio-temporal data across all temporal dimen-
sions simultaneously. The methods maintain historical trajectories, track current positions, and support predictive
queries within a single coherent framework. Such integrated approaches eliminate the need for separate index structures
while enabling complex queries that span multiple time horizons.

PASTIS [238]: PASTIS (PArallel Spatio-Temporal Indexing System) is an in-memory spatio-temporal indexing
structure which uses a versioned grid, dividing the spatial domain into regular cells ordered by Z-curve [220]. Each cell
maintains partial temporal indexes comprising an interval lookup table Itab, compressed bitmaps CBmap identifying
objects present during specific time intervals, and hashmaps Hm-RIDList linking objects to their record IDs. PASTIS
supports three main types of range queries: historical queries (e.g., "Find all objects in region R between timestamps
t; and £2"), present queries (e.g., "Find all objects currently in region R"), and predictive queries (e.g., "Find all objects
expected to be in region R at future time ¢£"). The query window is defined by a spatial extent QRect and temporal
bounds [StartDS, EndDS]. For predictive capabilities, PASTIS maintains two specialized structures: a hashmap PHm
storing predicted (latitude, longitude) tuples for each object, and an array of hashmaps ArHm mapping grid cells
to compressed bitmaps that encode predicted object status for a configurable future interval F. Object positions are
predicted using linear interpolation based on current location and velocity, though the system supports pluggable
prediction models. The index building process involves computing the grid cell ID for each location update, updating
the corresponding temporal index structures, and modifying the prediction data as needed. PASTIS employs atomic
operations and fine-grained locking to enable concurrent updates, along with load-balancing techniques to distribute
updates across threads. Query processing exploits multi-threaded execution and in-memory bitmap operations for rapid
results. Historical queries use bitwise OR operations on bitmaps to identify relevant objects, with additional checks
on partially covered cells. Present queries focus on the most recent time interval, while predictive queries utilize the

dedicated prediction structures. Its design prioritizes insert efficiency and query speed in 2D space.

6 SPATIO-TEMPORAL-TEXTUAL INDEXING

This section examines indexing methods that jointly manage spatial, temporal, and textual dimensions, enabling
queries that combine location constraints with keyword matching and time-based filtering. These multi-dimensional
indexes support applications such as location-based social networks, geo-tagged document retrieval, and streaming
content analysis, where all three dimensions are essential for relevance ranking. The methods presented here employ

diverse strategies, including interleaved tries, hybrid tree structures,and grid-based partitioning, designed to balance the
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competing demands of spatial proximity, textual similarity, and temporal recency. Main challenges include efficiently
pruning across heterogeneous dimensions and supporting continuous queries over high-velocity data streams.

STILT [22]: STILT (Spatio-temporal Textual InterLeaved Trie) presents an indexing approach built upon a binary
Patricia trie [203] structure that fundamentally interleaves bits from spatial, temporal, and textual components according
to predefined integers of which the bits are concatenated to produce the interleaved bit-string called path schedules. The
index can handle range queries (finding all documents within specified spatial boundaries, time ranges, and containing
certain keywords) and top-k queries (retrieving the k highest-ranked documents based on spatial proximity, temporal
recency, and textual relevance). The index uses a hierarchical node structure with varying capacities (Node0, Node8,
Nodel6, Node32, Node64) where interior nodes store common bit prefixes and leaf nodes maintain document keys
(id, location, word, timestamp). The core indexing mechanism converts indexable components into integers using
dimension-specific mapping functions: linear mapping for spatial and temporal dimensions, and a case-insensitive hash
function for textual components. The integers are then bit-interleaved according to a path schedule that dictates the
concatenation order, producing an interleaved bit string that determines the path through the trie. The index supports
three variants: STILT ¢4 for full spatio-temporal-textual queries (64-bit paths), STILTsy for spatio-textual queries (63-bit
paths), and STILT; for spatio-temporal queries (63-bit paths). To optimize storage efficiency, STILT implements a
deduplication strategy using SlimCommon objects for repeating fields and SlimKey objects for unique components,
significantly reducing the memory footprint. The index construction process is parallelizable, supporting concurrent
insertions through a progressive building mechanism. Query processing uses a unified ranking scheme that combines
spatial scores (based on distance), temporal scores (based on recency), and textual scores (using cosine similarity) for
top-k queries, while range queries utilize efficient pruning based on the interleaved bit patterns. The index structure
achieves efficient pruning through its binary trie organization, where each node’s path represents a specific region in
the multi-dimensional space.

SST/RST [64]: This paper introduces a hybrid approach to organizing and processing geo-textual data-stream
subscriptions over spatio-temporal documents. The system handles two types of continuous top-k term queries: SST
subscriptions that find locally popular terms based on spatial proximity, frequency, and recency without requiring
users to specify regions; and RST subscriptions that maintain trending terms within user-defined spatial regions.
The solution combines multiple indexing components: a Grid [213]/Quadtree [100] based spatial organization for
subscription regions, inverted files for term-based lookups, and min-heaps for maintaining top-k results. For SST
(Similarity-based Spatial-Temporal Term) subscriptions, the system uses a hierarchical summarization structure where
subscriptions are recursively subdivided into quadrants until each cell contains at most M subscriptions (where M is a
system parameter controlling granularity). Each cell maintains a summary label derived from the min-heap elements
of contained subscriptions, enabling efficient group-based filtering. The RST (Region-based Spatial-Temporal Term)
subscriptions are organized using a Temporal Popularity (TP) index that consists of a hashmap for term-score pairs and
a min-heap for current top-k terms. The system implements a Group-Constrained Online Clustering (GCOC) algorithm
for document grouping, where documents are clustered based on spatial proximity with a constraint on the maximum
diagonal length of the cluster’s MBR (Minimum Bounding Rectangle). For efficient score computation, the system
maintains aggregate partial LTP scores for document groups, where LTP represents the Local Term Popularity combining
frequency, spatial proximity, and temporal decay rate. The subscription matching process uses these index structures
using a filtering-and-refinement approach: first, using spatial indexes to identify potentially affected subscriptions;

then applying group-based filtering using summary labels; and finally performing detailed score computations only for
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the remaining candidates. Document updates are handled through lazy removal strategies with error bounds, while
subscription updates trigger incremental maintenance of the hierarchical organization.

TA-tree [58, 59]: The TA-tree is a spatio-temporal-textual indexing structure that efficiently handles Time-Aware
Boolean Spatial Keyword Queries (TABSKQ). TABSKQ retrieves k objects that contain all query keywords, which
are within a specified search radius, and maximizes both temporal overlap with a query time interval and spatial
proximity to a query location. It extends the CIR-tree [76], combining elements of the vEB-tree [78] and signature
files for temporal indexing and signature files for textual filtering. The index categorizes objects based on keyword
frequency, with the f most frequent keywords defining f + 1 categories. The objects in each category are then assigned
to different time periods within the tree structure. The TA-tree consists of a root node containing metadata, non-leaf
nodes with pointers to child nodes and temporal range information, and leaf nodes storing object data and signature
files. The key innovation is the computation of a "keyword sensitive valid time" for each object, which combines
both temporal and textual information into a single dimension. This allows for simultaneous filtering on both time
and keywords during query processing. Index construction proceeds top-down, with objects inserted based on their
keyword-sensitive valid time. The tree dynamically updates the time ranges of non-leaf nodes during insertion. Query
processing leverages this structure by computing a keyword-sensitive query interval and traversing the tree to find
matching time ranges. Signature files in leaf nodes enable efficient textual filtering, followed by spatial refinement of
candidates. The TA-tree supports both on-disk and in-memory implementations and allows dynamic updates through
insert and delete operations. Although it offers superior query performance for frequent keywords, it incurs higher index
construction costs and increased storage overhead due to object replication across categories. The index particularly
excels in scenarios with skewed keyword distributions and time-constrained queries.

DLEEL [11]: DLEEL presents a system that adapts and extends existing spatial indexing techniques to efficiently
handle multi-predicate spatial queries on high-velocity streaming data. The core innovation lies in its hybrid indexing
approach, which combines in-memory and disk-based components to balance update speed, memory consumption, and
query latency. DLEEL supports four query types: (1) Spatial-social Temporal Range Query (SSTRQ) (spatial range R,
keywords W, integer k, user u) retrieving k recent records within R containing W posted by u’s social connections;
(2) Spatial-social Temporal kNN Query (SSTkQ) (spatial location L, keywords W, integer k, timestamp T, user u)
retrieving top-k records containing W from u’s social network ranked by spatio-temporal distance; (3) Spatial-keyword
Temporal Range Query (SKTRQ) (spatial range R, keywords W, integer k) retrieving k recent records within R
containing W; and (4) Spatial-keyword Temporal kNN Query (SKTkQ) (spatial location L, keywords W, integer k,
timestamp T') retrieving top-k records containing W ranked by spatio-temporal distance. For spatial-social queries,
DLEEL employs an in-memory spatial Quadtree [100] where each node contains a hash index organizing data by
user, coupled with a disk-based social graph stored as friend lists and an in-memory buffer for caching recent social
information. This structure allows for rapid ingestion of streaming spatial data while maintaining efficient access to
relatively stable social network information. For spatial-keyword queries, DLEEL builds upon traditional spatial-keyword
indexes (combinations of spatial indexes such as Quadtrees [100], R-trees [117], and grids [213] with inverted indexes)
by incorporating streaming-friendly components and lightweight batch insertion techniques. The system’s query
processing uses these index structures to efficiently prune the search space across multiple dimensions simultaneously.
It begins by using the spatial index to identify relevant areas, then refines the results using temporal, keyword, and social
attributes as applicable. DLEEL employs an incremental pruning strategy, initially retrieving k results and progressively
tightening bounds to eliminate irrelevant records. This approach allows for efficient processing of complex queries

with millisecond-level latency while ingesting hundreds of thousands of records per second. The system’s architecture
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is designed to handle the dynamic nature of streaming data, with all indexing components except the social graph
residing in main memory for rapid updates and query processing.

PCR-tree [200]: The PCR-tree (Personalized and Context-Aware R-tree) enriches standard R-tree [117] nodes with
bitmap-based metadata structures to allow selective node traversal during spatial search for Points of Interest (POIs). The
PCR-tree supports queries comprising a spatial query window Qg, a list of category and sub-category preferences, and a
keyword vector with respective weights representing user context. Each non-leaf node is structured as {ptr, mbr, Bcat },
where ptr denotes a pointer to a child node, mbr represents the Minimum Bounding Rectangle enclosing all child MBRs,
and Bt is a fixed-length category bitmap indicating the presence (1) or absence (0) of POI categories within the subtree
rooted at that node. The category bitmap is computed through bitwise OR operations across all descendant nodes,
formally expressed as Bcat (N) = U Beat(N;) for all N; € T(N), where T(N) represents the subtree rooted at node N.
Each active bit in B¢t points to a corresponding sub-category bitmap Bgypcat, Which provides finer-grained filtering
by indicating which sub-categories exist within a category. These sub-category bitmap entries further point to sorted
linked lists containing top-K POIs for that sub-category within the region, where each linked list entry stores: PID
(unique POI identifier), (x, y) GPS coordinates, K (a context-keyword vector containing weighted terms representing
situational relevance factors), D (POI descriptions and metadata), and ptr (pointer to sequentially visited POIs). Context
matching between POI keyword vectors and query keyword vectors employs cosine similarity to compute matching
scores MSp, enabling semantic ranking beyond spatial proximity. For spatio-temporal event indexing, the sub-category
bitmaps are replaced with time-slot buckets that partition time into discrete intervals and link to event linked-lists
containing temporal metadata such as duration and recurrence patterns. During search, when a spatial query window
Qs completely overlaps an internal node’s MBR, the index retrieves POIs directly from that node’s linked lists without
traversing to leaf nodes, significantly reducing disk I/O; partial overlaps trigger recursive descent with bitmap-guided

pruning of irrelevant subtrees.

6.1 Current and Recent Location Indexing

This subsection presents indexes optimized for querying the current and recent positions of objects that carry both spatial
coordinates and textual attributes. These structures support continuous top-k queries, range queries, and subscription-
based monitoring, where results must be updated as objects move and their keywords change. The methods use
grid-based partitioning with auxiliary structures, e.g., safe regions and cell links, to minimize recomputation when
objects update.

PCL [88]: This paper presents a query processing technique for continuously searching dynamic spatial keyword
objects, using a grid [213]-based index coupled with a buffer called the Partial Cell List (PCL). The grid-based index
manages both dynamic objects and queries, with objects indexed in cells based on their location, and queries indexed in
cells overlapping their "influential circle" Each cell maintains maximum and minimum keyword weights to efficiently
bound similarity scores. Objects are defined as 0 = (0.p, 0.y, t), where 0.p represents location coordinates, 0.}/ is a set of
keywords, and ¢ is the timestamp. Both location and keywords change over time, with the system tracking the m most
recent states of each object. Queries are defined as q = (q.p, q.¥, q.k, g.a) where q.p is the location, q.y is the set of
keywords, g.k specifies the number of results needed, and g.« is a smoothing parameter that balances the importance of
spatial and textual similarity. The PCL buffer, a subset of relevant cells for each query, is designed to expedite top-k result
updates. It contains cells with minscore < PCL.up and maxscore > PCL.low, where PCL.up represents the current
kth score, and PCL.low is a lower-bound. The query processing mechanism handles object changes by identifying

affected queries (OutQ and InQ) and updating the top-k results accordingly. The system uses a PCL maintenance strategy,
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checking if changed cells need addition or removal from the PCL, trimming the PCL when the score ranges change, and
recreating it if it becomes empty. The top-k refiller module efficiently updates results using the PCL, using different
strategies for various cases (L2L, S2L, L2S, S2S) (L2L (large to large), S2L (small to large), L2S (large to small), and S2S
(small to small)) based on how object changes impact queries. For example, in the L2S case, it searches for the top-1
object from PCL to potentially refill the top-k list. The approach builds on concepts from continuous top-k queries and
leverages grid-based spatial indexing. The technique’s ability to handle dynamic updates through its grid structure and
PCL maintenance strategies makes it particularly suited for applications involving frequently changing spatial keyword
data, such as location-based services and real-time social media analysis.

CCLS-CL [89]: This paper introduces a hybrid indexing approach for continuous top-k spatial-keyword queries on
dynamic objects, combining a grid [213] based spatial index with auxiliary data structures. The objects can change
their location and keywords at any time. The core spatial indexing uses a uniform grid partitioning where each cell
maintains two critical components: cell-cell links (CC links) that form a directed graph between cells based on score
upper bounds, and [-signatures that represent combinations of up to [ keywords to optimize keyword-based pruning.
The grid structure maintains both objects and queries, where each cell ¢ stores distinct keywords c’.i appearing in its
objects, with ¢! .iymax and ¢’ .min representing the same keyword set but weighted by the maximum and minimum
weights, respectively, among all objects in the cell containing each keyword. The CC links are constructed by computing
score upper bounds between cells using both spatial and keyword similarities, and by creating directed edges from an
object’s cell to cells that might contain queries in Qpex: based on spatial proximity. For keyword indexing, the system
builds indices on [-signatures (keyword combinations) to reduce posting list traversal overhead. These [-signatures are
selected using a greedy approximation algorithm that minimizes the total cost of posting list access while ensuring
complete coverage of potential variants. Additionally, each query maintains a cell list (CL) that tracks cells guaranteed
to contain its (k + 1t%) result, using cell-based score bounds (maxscore and minscore) to minimize unnecessary cell
access during result maintenance. The index supports dynamic updates via a lazy update strategy for CC links and cell
lists, modifying structures only when score bounds change significantly. The memory-resident index achieves efficient
query processing by avoiding expensive Quadtree [100] traversals via direct cell access via CC links, reducing inverted
index lookups via [-signatures, and minimizing result maintenance overhead via bounded cell lists.

Lagic [219]: Lagic is a parallelized in-memory layered grid [213] structure designed for continuous spatial-keyword
range queries over moving objects. These queries continuously monitor moving objects to find those whose combined
spatial proximity and textual relevance scores fall below a specified threshold, returning all qualifying objects rather
than a fixed number. The query follows the form q = (q.4, q.¥, q.T, g.a, q.R), where g.A represents the query location,
q.y contains the query keywords, q.T is the score threshold, g.a balances spatial versus textual importance, and ¢.R
defines the spatial impact radius. The index’s architecture comprises multiple independent layers, where each layer
corresponds to a unique moving object, enabling parallel processing across different processors. Each object’s layer
maintains the object’s primary information along with a grid index that handles frequent location updates, efficiently
retrieves information about the object’s Short-term Safe Region (SSR), and tracks the Conditional Circles (CCs) that can
be affected by location updates. The grid index within each layer partitions the space into cells that serve as Buffer
Regions (BRs), which are fundamental to localizing required computations. Each cell contains information about the
affected CCs, while the SSR - a circular region centered at the object’s current location with a radius determined by
the minimum distance to any CC’s circumference - provides a filtering mechanism before checking individual CCs.
The index employs two key optimization techniques: SSRs reduce processing cost by requiring only one circle to be

monitored instead of all CCs at every timestamp, while BRs minimize the number of comparisons needed when an
Manuscript submitted to ACM



28 Syed et al.

object moves by limiting the scope of affected queries to those whose CCs intersect the current BR. Complementing the
layered structure is an auxiliary grid index exclusively for object locations and SSRs, which optimizes access patterns
and enables lazy updates to the main layered grid index. The index processes updates through a dual-phase approach:
initialization and continuous monitoring. During initialization, it computes textual thresholds for pruning irrelevant
queries, constructs the auxiliary grid index, creates index layers by computing Safe Regions and SSRs, and builds initial
answer sets. In the continuous monitoring phase, when an object updates its location, the index first updates the indices
with the new location, checks if the object left its BR, and based on this check, either reconstructs the SSR and examines
CCs in both old and new BRs. If the object remains within its SSR, no updates are needed,; if it moves outside, a new
SSR is constructed, and CCs in the current BR are checked.

SkyEye [218]: SkyEye uses a grid [213] based spatial indexing structure combined with in-memory indices to support
moving continuous top-k spatial-keyword queries over moving objects (MTSKQ-MO) in directed street networks. The
spatial index partitions the region into a grid, where each cell maintains information about objects/queries within its
boundaries and stores precomputed shortest-path distances using the Dijkstra [83] algorithm. The index structure
uses a two-layer architecture: the edge node layer for mobile devices and the cloud layer for centralized processing.
The grid index maps object/query locations to cells and maintains dynamic updates as entities move between cells,
with experimental results suggesting an optimal grid granularity of 10 x 10 cells balancing query processing efficiency
with maintenance overhead. The index supports two critical spatial pruning regions: C, (initial pruning circle with
radius r = q.R + lenedgeq + AXmax; (@ = Query; AXmax = Max speed X time)) and C, (refined pruning circle based
on answer set objects), which are used to identify spatially relevant objects. Index maintenance is triggered when
objects cross cell boundaries, requiring updates to both spatial and auxiliary indices. The auxiliary indices in the cloud
layer store additional information, including query-pruning bounds, impacted objects, and textual distances, to reduce
computational overhead. The index structure supports continuous updates through a "safe interval" approach, where
answer sets remain valid for calculated time intervals rather than requiring updates at every timestamp. An optimization
is to maintain the shortest path distances indexed by grid cells, eliminating the need for frequent path computations.
The structure builds on traditional grid indexing by incorporating temporal aspects and textual similarity measures,
although its performance is particularly sensitive to object movement speeds and grid granularity.

Lamps [214, 215]: The LAMPS system introduces the SQ-tree and IQF (Inverted file, and Quad-tree [100] for each
Frequent keyword) indexing structures for processing moving top-k spatio-textual subscriptions. The SQ-tree extends
traditional Quadtree architecture by incorporating safe regions and maintaining subscriptions at both leaf and non-leaf
levels. Each SQ-tree node n stores: S, (a subscription set), I, (an inverted file for subscription keywords), and A, [-]
(spatial proximity thresholds for filtering). Non-leaf nodes, rooted at n additionally maintain T (keyword sets) and
A”[] (thresholds) for their entire subtrees. The SQ-tree construction process uses a probability-based metric pnum(s, n)
that determines subscription placement by calculating the expected number of common keywords requiring result
updates. This metric considers both kscore,; (s) (upper-bound score) and E[ iy, ] (expected keyword intersection). The IQF
structure combines a global inverted file with specialized Quadtrees (Q,y) for frequent keywords, where the frequency
is determined by a configurable threshold x. For query processing, the system handles three primary operations: object
generation, object expiration, and subscription movement. During object generation, the SQ-tree employs a two-step
filtering process: node filtering using A}, [i,] thresholds and subscription filtering using Ap, [imin] thresholds. For object
expiration and subscription movement, the IQF facilitates efficient retrieval of new k-th and (k + 1)-th objects through a
score-based search strategy. Safe regions are computed using approximate techniques that consider spatial proximity and

textual-similarity bounds. The system maintains these regions dynamically, updating them when subscriptions move or
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when top-k results change due to object updates. The index processes continuous monitoring queries by evaluating
spatial proximity thresholds A(s, 0|i) and textual similarity bounds text;, (s.t, 0.t|i) to determine result updates, while
maintaining approximate safe regions to reduce computational overhead in continuous monitoring scenarios.

PNLR-tree [223]: The PNLR-tree (Positive Negative List R-tree) is a spatio-temporal-textual indexing technique
designed for efficient processing of Multi-Keyword Spatial Boolean Queries (MKBSQ) on streaming data. It combines
an inverted file structure with an R-tree [117] to handle both textual and spatial components effectively. At its core is
a hashmap that maps each keyword to its own R-tree, enabling rapid access to spatial data associated with specific
terms. This structure allows efficient pruning of the search space based on both textual and spatial constraints. The
index supports a sliding window model for streaming data, continuously updating to retain only the most recent
records. During index construction, incoming data points are processed by extracting their keywords, locating or
creating corresponding R-trees in the hashmap, and inserting the spatial information into these trees. The PNLR-tree
supports both single and batch insertions, with the latter grouping records by keywords for improved efficiency.
Query processing leverages this structure by first identifying relevant R-trees through the hashmap based on positive
keywords, then applying spatial filtering within these trees, and finally refining results by excluding objects containing
negative keywords. This approach enables efficient handling of complex boolean queries, including ‘But-Not” and XOR’
operations. The index also incorporates an update mechanism that marks and removes expired objects during query
processing, ensuring data freshness without excessive overhead. This design choice reflects a trade-off between update
efficiency and memory usage, optimized for high-velocity streaming environments where rapid data ingestion and
query processing are crucial.

QT-tree [71]: The QuadText-tree (QT-tree) extends the Quadtree [100] and serves as the primary index of the
Streaming Spatio-Textual Data (SSTD) system. SSTD is a distributed in-memory spatio-textual streaming system for
answering continuous and snapshot queries with spatial, textual, and temporal constraints over data streams. The main
idea of the QT-tree is to split an index node based on the spatial or textual properties of the indexed objects to minimize
the total workload, i.e., the number of retrieved objects needed to answer a query. In this regard, each QT-tree node
maintains a set of statistics that include the probability distribution of the supported queries, the probability distribution
of the query keywords, and the number of incoming objects within the node’s region. In SSTD, the QT-tree is built
offline on a set of historical queries and objects. The QT-tree node split algorithm follows two partitioning schemes.
The spatial partitioning scheme follows the traditional Quadtree split algorithm, while the textual partitioning scheme
groups objects with similar textual attributes into the same child node. Unlike the spatial scheme, the MBR of the child
nodes in the textual scheme is the same as the parent MBR. During the split, the QT-tree selects the partitioning scheme
that minimizes the total workload using a custom cost function. The nodes in the QT-tree are partitioned until the
number of leaf nodes reaches a certain threshold.

ST? [65]: ST? (Top-k Spatial-Temporal Term Subscription) is a location-based term publish/subscribe system that
continually updates the top-k most popular terms across multiple subscriptions within a stream of spatio-temporal
documents. Term popularity is determined by both frequency and recency, calculated as TP (s, w, t) = 3 ges. F(d, w) X
D~ (t=dte) where F(d, w) represents term frequency in document d and p—(t-dtc) applies exponential decay based
on the document age. The Temporal Popularity (TP) index manages the top-k list using a hash table that stores
term-score pairs with update timestamps, and a min-heap indexes the current top-k terms with the highest scores.
When a new document arrives, the system avoids full min-heap reconstruction by using equation TP(s, wj, tcyr) =
TP(s, wi, ty (w;)) x D~ eur —tu (wi)) + F(dp, wi), allowing O(log k) updates instead of O(k log k). Subscription grouping
further optimizes the computation through Subscription Groups (SG) characterized by their Intersection Region
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I(SG) and Union Bounding Region U(SG), with a compactness metric C(SG) = I(SG)/U(SG) determining group
similarity. The Threshold-based Online Group Generation (TOG) algorithm dynamically assigns new subscriptions to
existing groups or creates new ones when C(SG) > threshold 6. Spatial indexing uses a Quadtree [100] to associate
subscription groups with cells through recursive traversal until no single cell covers U(SG), facilitating retrieval of
relevant subscriptions. When processing documents, the system performs three-stage filtering: spatial filtering through
Quadtree traversal, group filtering using the condition TP(SG, w, tcur) + TP (Smax (W, SG), W, teyr) < SG.currentMinTop

to eliminate entire subscription groups for certain terms, and individual subscription evaluation for remaining candidates.

6.2 Historical Spatio-Temporal-Textual Indexing

This subsection covers indexes designed for querying archived collections of geo-tagged, time-stamped documents
and trajectories with associated textual content. These structures support pattern matching over semantic trajectories,
collective spatial keyword queries, and multi-aspect trajectory analysis. These methods combine spatial hierarchies
with inverted indexes and episode-based representations to enable efficient retrieval across all three dimensions.

HGI [266]: The Hybrid Grid Index (HGI) is an indexing technique designed to process collective spatial keyword
queries (CSKQ) on activity trajectories. At its core, HGI integrates spatial, textual, and popularity information through
a dual-component structure. The first component, a Popularity-aware Quad-tree (PQ-tree), hierarchically organizes the
spatial domain using a d-Grid structure reminiscent of a Quad-tree [100]. Each node in the PQ-tree encapsulates a grid
cell and maintains an inverted file (ifile) implemented as a hash table. This ifile maps activities to their maximum
popularity scores within the cell and lists of sub-grid IDs containing the activity, enabling efficient pruning during
query processing. The second component, the Inverted Activity Length List (IALL), stored on disk, for each trajectory
stores an activity sketch summarizing the trajectory’s activities, activity posting lists detailing the trajectory points
for each activity, and cumulative length information. This structure facilitates rapid filtering and linear scanning of
trajectories during query evaluation. The index construction process involves recursively dividing the spatial area,
inserting trajectory points into appropriate grid cells, building inverted files for each cell, and constructing the PQ-tree
bottom-up. Concurrently, IALLs are created for individual trajectories. During query processing, the system uses a
best-first search strategy on the PQ-tree, prioritizing grid cells based on a best-match similarity score that considers
both spatial proximity and activity relevance. Candidate trajectories are retrieved in batches from promising cells, and
their IALLs are scanned to identify matching sub-trajectories. The technique maintains upper-bound scores to enable
early termination, significantly reducing computational overhead.

MAT-SUM [235]: MAT (Multiple Aspect Trajectory Summarization) is a technique for summarizing mobility data
by reducing large trajectory datasets while preserving spatio-temporal and semantic details. It processes historical
trajectory data that are enriched with user activities, visited places, and geographic context. The method can handle
queries for analyzing movement patterns across semantically similar locations, retrieving summarized trajectories
within specific geographic regions, and identifying frequent mobility behaviors while maintaining semantic context.
In the notation, T represents raw trajectories, T denotes weighted sequences of semantic locations, and T indicates
summarized semantic trajectories. The main components of MAT-SUM are location-centric enrichment, in which
geographic areas are enriched with semantic details (e.g., points of interest, land use), and tessellation, a process that
divides these areas into smaller cells (e.g., squares or hexagons). In semantic trajectory summarization, each trajectory is
mapped into a sequence of semantically enriched locations, tracking spatial paths, and associated information. Similar
semantic locations are then grouped using the similarity condition sl; ~ sl; if sim(Sj,S;) > T, where Sj and S; are

semantic contexts, sim(-, -) is a similarity function, and 7 is the similarity threshold. MAT-SUM operates in two phases:
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map semantic enrichment, where geographic areas are divided and enriched with semantic attributes, and semantic
trajectory summarization, where trajectories are converted into weighted sequences of semantic regions, merging similar

regions for summarization. The method optimizes the dual objective: argmax ),  SumRate(T, T) + SemSim(T, T),
SummarizeT € DGeosem
balancing the summarization rate with the preservation of semantic similarity. This approach reduces data volume

while retaining essential spatial and semantic information.

EMT [109]: The EMT (Episode-based Multiple aspect Trajectory) Dual Index presents an indexing approach for
multi-aspect (spatial, temporal, textual, and social) trajectories by implementing two interlinked k-d tree [35] based
structures that share the same nodes but maintain distinct properties for different aspects of the data. The index handles
Social Spatio-temporal Keyword Pattern (S?KP) queries, which are sequences of episode abstractions containing spatial
constraints (MBR intersections), temporal constraints (timeframe matching), textual constraints (keyword containment),
and social ranking constraints (numerical range filtering). The notation S2KP represents queries where episodes can
include wildcards (*) for any-value matching and Kleene star operators for zero-or-more episode patterns. The first
component, the Spatial Box Sort (SBS) tree, extends the Box Sort [131] algorithm to handle spatial dimensions by using
a balanced binary search tree in which each node contains MBR coordinates and maintains minimum/maximum subtree
coordinates for efficient spatial filtering. The second component, the Episode Sort (ES) tree, uses the same physical
nodes but organizes them by social ranking values, while maintaining temporal bounds and textual indexes via inverted
files. The dual index construction process begins with the SBS tree, which employs recursive partitioning based on
alternating spatial dimensions and establishes index edges between nodes, followed by the ES tree construction, which
sorts based on social rankings and builds text indexes via depth-first traversal. The index incorporates visit edges
to maintain trajectory sequence information, enabling efficient pattern matching queries. Query processing uses a
hybrid approach in which the search algorithm dynamically chooses between spatial-first (using the SBS tree) and
social-first (using the ES tree) traversal based on keyword frequency in the dataset, followed by constraint verification
and sequence matching via visit edges. This structure is implemented in Neo4j, using its graph traversal capabilities and
Apache Lucene [2] for text indexing, enabling both disk and memory operations. The dual structure enables efficient

filtering on multiple dimensions while maintaining trajectory sequence information through the graph structure.

6.3 Privacy-Preserving Spatio-Temporal-Textual Indexing

This subsection addresses indexing techniques that enable spatial and keyword queries over encrypted data while
enforcing temporal access control policies. These methods integrate cryptographic primitives, such as attribute-based
encryption, with spatial index structures to secure sensitive location and textual information. This approach balances
privacy guarantees with query functionality, supporting secure range and keyword queries without exposing plaintext
data.

PBRQ-T" [284]: This paper proposes Privacy-preserving Boolean Range Query with Temporal access control on
encrypted spatial data, utilizing a modified Quadtree [100] index structure in its enhanced scheme (PBRQ-T*). The
indexing technique combines cryptographic methods with spatial indexing to enable secure querying. The Quadtree
structure is adapted to organize encrypted spatial objects, where each leaf node contains an encrypted object and its
access policy, while non-leaf nodes store an area covering child nodes, including keywords, and a unified access policy.
The index building process involves recursively dividing the space into quadrants, with each non-leaf node assigned a
unique secret value. Areas and bounding points are encoded using an adapted Gray code, while keywords are encoded

with Bloom filters. These encodings are then encrypted with the secret value of the node using Katz-Sahai-Waters
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(KSW) [148] encryption, which is an asymmetric predicate encryption method that evaluates whether the inner product
of two vectors is equal to zero without leaking confidentiality. Access policies are encrypted using Ciphertext-Policy
Attribute-Based Encryption (CP-ABE) [36] with the same secret. The index matching process starts from the root,
traversing the tree by checking if user attributes satisfy each node’s access policy, if the query range intersects the
node’s area (using secure inner product on encrypted Gray code vectors), and if the node contains query keywords
(using secure inner product on encrypted Bloom filters). The matching leaf nodes are returned as results. The technique

supports Boolean range and keyword queries, balancing privacy preservation with query functionality.

6.4 Al/ML-Powered Spatio-Temporal-Textual Indexing

This subsection presents indexing methods that incorporate machine learning models to enhance query processing over
spatio-temporal-textual data. These approaches embed trained topic models within spatial index structures to support
complex analytical queries such as market competition analysis across regions and time periods. The integration of
learned models enables semantic analysis that goes beyond keyword matching to capture latent topical relationships.

EMart [329]: This paper introduces an enhanced Octree [136] based indexing technique for spatio-temporal-textual
data that addresses Market Competition w.r.t. Topics within a specified Region and a Time span query (MCTRT
Query). The MCTRT query seeks to mine K topics and determine the probabilities of brand competition for each topic,
based on documents within user-specified spatial and temporal bounds. The index structure uses a three dimensional
Octree where dimensions represent latitude, longitude, and time, with each cell containing both documents and novel
pre-trained CompLDA models, which assume a topic distribution for each document and assigns a topic labels to each
word tokens and brand mentions, addressing the challenge that topic distribution 8,; , word distribution of topics, and
the market competition parameters are initially unknown. The key differentiation lies in its cell division strategy, which,
unlike traditional Octrees [136] that split cells equally, optimizes divisions by minimizing word overlap between child
cells while maintaining a balanced document distribution through a threshold ¢. The index building process begins
with document insertion at the root node, followed by recursive subdivision based on an optimization function that is
subject to document balance constraints. This function effectively considers the textual similarity between cells during
partitioning, using document locations as candidate division points. For each cell, the index maintains pre-computed
CompLDA models governed by space threshold 75 and the accuracy threshold 7 . During query processing for a region R
and time interval [fp, t.] , the index traverses the Octree to identify overlapping cells, then uses a novel combining
algorithm utilizing Metropolis-Hastings sampling to efficiently merge topic assignments with bounded error guarantees.
The query processing achieves a complexity of O((|Sz| +|B|)K) per iteration, where |Sz| represents topic sets, B denotes
brands, and K indicates topics, enabling exploration of market competition dynamics across different spatial regions

and temporal periods.

7 PARALLEL AND DISTRIBUTED SPATIO-TEMPORAL ACCESS METHODS

The exponential growth of spatio-temporal data has rendered centralized indexing approaches insufficient for modern
application demands, as single-machine resources impose fundamental scalability limits. Parallel and distributed
spatio-temporal access methods address these limitations through partitioning data and computation over multiple
nodes, enabling horizontal scaling of both storage capacity and query throughput. These systems apply concepts
such as MapReduce and GPU architectures to process massive trajectory collections, streaming location data, and
complex spatio-temporal joins. The methods presented here employ multiple strategies, including space-filling curves
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for distributed key-value stores, hierarchical partitioning schemes, and GPU-optimized data structures, to achieve
orders-of-magnitude performance improvements over centralized techniques.

The Distributed BTSR-tree [52]: The Distributed BTSR-tree addresses the scalability of the BTSR-tree [53, 54] (de-
scribed in Section 2 using MapReduce-based parallel processing, distributing query evaluation over multiple nodes while
maintaining hybrid pruning capabilities. This implementation supports similarity joins over large geolocated datasets,
handling queries that combine spatial proximity with time series similarity constraints in distributed environments.

DTJi [270]: The DTJ1i index enables spatial-temporal subtrajectory joins by quickly filtering and accessing
trajectory segments within specified temporal and spatial thresholds. It has a three-level indexing scheme: Level 1
(Temporal Partitioning), Level 2 (Spatial Partitioning and Spatial Index), and Level 3 (Trajectory Index). In Level 1, the
dataset is partitioned into uniform time intervals. Each partition is expanded by a temporal tolerance parameter, ¢,
which ensures that all data points within the specified time tolerance for join operations are included. In Level 2, within
each temporal partition, the data points are spatially divided into cells using a QuadTree [100] structure to maintain
load balancing. This spatial partitioning is captured in a spatial index (SpI), which helps quickly filter points that are
spatially close within a specified threshold €. In Level 3, this layer includes a trajectory-specific index (7rI) that keeps
track of the sequence of points within each trajectory, facilitating quick access to temporally adjacent points. The SpI
allows efficient access to points within the spatially expanded region of a query point, reducing the need for a full scan
within each time window. Furthermore, the TrI enables quick access to temporally adjacent points, helping to identify
subtrajectory portions that may form a join candidate. In addition, the indexing scheme reduces the number of spatial
and temporal comparisons required, leading to faster query processing, and the DT Ji algorithm, which utilizes this
index, achieves an order-of-magnitude improvement over non-indexed approaches in join processing.

JUST [162]: This paper introduces Z2T and XZ2T, which are distributed spatio-temporal indexing strategies that
improve the existing Z2/Z3 [220] and XZ2/XZ3 [38] approaches. JUST handles main spatial and spatio-temporal queries,
e.g., spatio-temporal range and spatial KNN queries. These indexes address the challenge of different scales between
spatial and temporal dimensions in spatio-temporal queries. Z2T, designed for point data, divides the time dimension
into disjoint periods and constructs a Z2 spatial index within each period. Its key structure concatenates the time period
number with the Z2-encoded spatial coordinates. XZ2T, tailored for non-point data such as polygons and lines, follows a
similar principle but uses XZ2 encoding for spatial indexing. The index building process for Z2T involves calculating the
time period number for each record, computing the Z2 spatial code for its coordinates, and combining these elements.
XZ2T’s indexing process first determines the minimum bounding rectangle (MBR) of the non-point object, calculates the
time period using the start time, computes the XZ2 code for the MBR coordinates, and concatenates these components.
During query processing, the system identifies relevant time periods that intersect the query range, generates key
ranges using Z2/XZ2 encoding on the spatial query bounds for each qualified period, and performs parallel SCAN
operations on the underlying NoSQL key-value store (HBase) [20]. This approach prunes the search space in both
spatial and temporal dimensions. The indexes support dynamic updates as each record’s spatio-temporal information is
independently encoded in its key. The system uses Apache Spark [324, 325] for complex post-processing of query results,
supporting scalable management of large spatio-temporal datasets. By combining time partitioning with space-filling
curve techniques, Z2T and XZ2T achieve a balance between index construction efficiency and query performance,
demonstrating improved scalability and query speed compared to several state-of-the-art systems, particularly for
spatio-temporal range queries and k-NN queries.

TrajMESA [163]: TrajMesa introduces a distributed NoSQL storage engine for trajectory data, building upon

GeoMesa’s framework [1]. It uses a dual-index approach with an ID Temporal Indexing Table and a Spatial Range
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Indexing Table, both using a horizontal storage schema (H-Store) that encapsulates entire trajectories in single rows. The
ID Temporal index key structure (shard+oid+BinNum-+ElementCode+tid) incorporates a novel XZT encoding technique
that efficiently represents time ranges within predefined bins, using a binary search-like approach to generate compact
element codes. The Spatial Range index key (shard+XZ2+PosCode+tid) extends GeoMesa’s XZ2 [38] spatial encoding with
a novel PosCode, which divides extended areas into grids and sets bits for occupied cells, providing finer-grained spatial
representation. Both indexes leverage sharding for load-balancing and include trajectory IDs for precise retrieval. The
H-Store schema compresses GPS point lists and includes a spatial signature, dramatically reducing storage requirements
and I/O operations. Query processing exploits these structures, with ID Temporal queries generating multi-level query
windows based on time bins and offsets, while Spatial Range queries combine XZ2 ranges with matching PosCodes.
TrajMesa introduces advanced pruning strategies for ‘Similarity’ and ‘k-NN’ queries, including MBR Pruning, SEP_LB
(start/end-point lower bound), and SIG_LB (signature-based lower bound), significantly enhancing query efficiency.
For trajectory similarity specifically, it implements a two-phase filtering-refinement approach that combines spatial
indexing with progressive distance-based pruning. The filtering phase uses spatial range queries around the trajectory
endpoints with distance threshold ¢, while the refinement phase applies the three pruning strategies before computing
expensive Fréchet distances [17]. The k-NN algorithm employs an iterative spatial expansion technique that leverages
these pruning methods to minimize unnecessary trajectory comparisons. This indexing approach enables TrajMesa
to efficiently support a wide range of trajectory queries, including ID Temporal, Spatial Range, Similarity, and k-NN
queries, while maintaining scalability in a distributed environment. The system demonstrates linear growth in storage
requirements and query times as data size increases, highlighting its effectiveness in managing massive trajectory
datasets.

SYNPOSIS [43]: SYNOPSIS presents a distributed spatiotemporal indexing technique designed for high-velocity
streaming data. The core of SYNOPSIS is the SIFT (Summarization Involving a Forest of Trees) structure, which
organizes data hierarchically across distributed nodes called sketchlets. Each sketchlet is responsible for a specific
geospatial region, determined by geohash prefixes. Within a sketchlet, data is organized in a forest of trees, where
each tree represents a subregion and incorporates multiple levels of temporal and feature-based organization. The
upper levels of these trees represent coarser temporal granularity, while the lower levels represent finer temporal
resolution and individual features. Leaf nodes store summary statistics and metadata about the data points, which are
updated incrementally using Welford’s method [301] as new data streams in. To optimize memory usage, SYNOPSIS
employs dynamic reconfiguration techniques, including moving high fan-out features lower in the tree hierarchy,
applying quantization to merge similar value ranges, and compacting older data by merging nodes. Query processing
in SYNOPSIS involves routing queries to relevant sketchlets based on spatial scope, then traversing the trees within
sketchlets using temporal and feature constraints to prune irrelevant subtrees. Summary statistics from leaf nodes are
used to compute approximate query results, with partial results from distributed sketchlets merged for global queries.
SYNOPSIS employs density-driven quantization and temporal dimensionality reduction to manage memory usage,
allowing it to maintain a compact representation of large-scale spatiotemporal data streams.

GeoWave [302]: GeoWave introduces a distributed spatio-temporal indexing technique that supports multiple
query types, including spatial range queries (bounding boxes), spatiotemporal queries combining both space and
time constraints, multi-dimensional queries (up to 4D with X, Y, Z, and time), selective queries targeting small data
portions, and complex geometric relationship queries. The index uses space-filling curves (SFC), specifically the compact
Hilbert SFC [119], to transform n-dimensional spatial and temporal data into a single dimension while preserving

data locality in distributed key-value stores. For spatial range queries, the core indexing mechanism uses a tiered
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hierarchical structure, such as a Quadtree [100], where each tier corresponds to different precision levels of the Hilbert
curve, enabling multi-resolution querying. For spatiotemporal queries, the system implements a binning strategy with
a configurable periodicity (default: 1 year for temporal data) for unbounded dimensions like time, where each bin
represents a bounded period. The index structure combines multiple components: an Index ID containing the SFC tier,
bin information, and Hilbert value; an ‘Adapter ID’ for data type identification; a ‘Data ID’ unique within each adapter;
a duplicate count; and extended metadata. During index construction, the dimensional values are normalized to fit the
SFC bounds, mapped to the values of the Hilbert curve, and composite keys are generated. To process multi-dimensional
and selective queries efficiently, the query processing mechanism decomposes query bounding boxes into minimal
continuous quadrants through a recursive process, where the system first identifies the deepest node of the Quadtree
that fully contains the queried range by performing XOR operations on Hilbert values. These quadrants are then
recursively decomposed into sub-regions until reaching optimal granularity, and the resulting regions are converted
into SFC ranges for efficient retrieval. For complex geometric queries, GeoWave implements server-side filtering by
evaluating fine-grained geometric relationships using the Java Topology Suite (JTS) [179] library. For visualization
queries, the system uses a unique pixel-based spatial subsampling technique that transforms the pixel space into the
SFC context and implements server-side row skipping to avoid processing unnecessary data. The index supports both
disk and memory operations, handles dynamic updates, and works across multiple distributed datastores, including
Accumulo [21], DynamoDB [18], HBase [20], and Cassandra [19].

TMan [127]: TMan is a distributed trajectory management system with two novel indexing structures: TR (Temporal
Range) and TShape indexes, designed for key-value stores. TMan handles multiple trajectory queries, including temporal-
range, spatial-range, and trajectory-similarity queries. The TR index is used for temporal indexing, dividing the timeline
into fixed-length periods and representing trajectory time ranges using k consecutive periods as time bins. It uses an
encoding formula TR(TB;j) = i * N + j — i, where i and j represent start and end periods respectively, and N is the
maximum periods a bin can cover, ensuring that adjacent time ranges get adjacent index values without redundant
storage. The TShape index addresses spatial representation using a Quadtree-based [100] variable-shaped index. It uses
a composite structure that combines quadrant sequences (location encoding) with shape codes (« * § bits representing
cell usage patterns), merged into a 64-bit index value. The shape encoding is optimized using greedy algorithms and
genetic algorithms to maintain spatial proximity in index values, with an index cache mechanism storing shape-to-code
mappings. For query processing, TMan implements a push-down strategy in which filter conditions are pushed to the
storage layer and executed in parallel across distributed nodes. The system maintains primary and secondary tables to
reduce storage redundancy: the primary table stores complete trajectories, and the secondary tables maintain index
mappings. The system supports dynamic updates through a buffer cache mechanism for new shape codes and periodic
re-encoding.

PMR Quadtree [303]: The PMR Quadtree is used to support spatial and spatio-temporal joins efficiently on large
geospatial datasets in Apache Spark [324, 325] using both regular grids and PMR Quadtrees for spatial indexing, which
are more adaptive to data distribution, helping to manage data skew more effectively. In addition to spatial indexing,
temporal indexing is necessary for spatio-temporal joins, in which time intervals are treated as extrusions of spatial bins
to create a three-dimensional structure for time and space. Moreover, the Quadtree [100] index has a binning strategy.
This strategy grouped data points into spatial and temporal bins to facilitate the join process, thereby dividing the data
into manageable pieces for processing. In addition, there are two main join strategies based on data size: Broadcast
and Bin Joins. For smaller datasets, a Broadcast Join is used to load one dataset entirely into memory on each node,

while larger datasets employ a Bin Join, partitioning data across nodes based on spatial bins, and can utilize a regular
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Grid [213] or a Quadtree to manage data skew. The group join finds all matching pairs for a given feature, outputting one
feature per match, and the summary join aggregates data for each feature, resulting in a single summary result per target
feature. For optimization, the Quadtree uses two techniques: Direct Summarization with Pre-Aggregation technique
that aggregates coincident points within small bins, micro-cells, to handle highly skewed data, improving performance
and reducing memory usage, and the adaptive Binning technique, which adjusts bin sizes based on data density, using
smaller bins in dense areas to avoid memory overload. To handle skew and coincidence, the system uses strategies such
as reference-point de-duplication to remove duplicate entries from highly skewed data. For each candidate feature pair,
a single reference point is chosen to determine the specific bin in which the candidate pair will be processed. If the
candidate pair appears in multiple bins, due to overlaps or near distances, only the bin containing the chosen reference
point will retain this pair, and it will be ignored in other bins. So, the system avoids duplicate processing of the same
pair across multiple bins, thus reducing memory usage and computation time. For spatio-temporal joins, reference
point de-duplication is extended to both spatial and temporal dimensions, where the reference point de-duplication
method is applied separately in space and time, handling both dimensions to remove duplicates effectively. This method
minimizes cross-node communication and prevents unnecessary recomputation of pairs.

ST4ML [177]: ST4ML is a distributed spatio-temporal data processing system designed for machine learning
applications, employing optimized indexing techniques to support efficient data loading and instance conversion.
The system supports various ML applications, including traffic flow prediction, urban anomaly detection, travel
recommendation, and air quality forecasting. ST4AML integrates and optimizes existing methods to enable scalable
processing of large-scale spatio-temporal data. The system utilizes a partition-based on-disk indexing approach, where
data is partitioned using the novel T-STR partitioner. T-STR first segments the data along the temporal dimension into
n; partitions, and then splits each temporal partition into n, spatial partitions, i.e., segmenting into n; X ng partitions
using the STR algorithm, effectively extending STR to be spatio-temporally aware. A metadata file is maintained to index
the partitions, recording the boundaries of all indexing dimensions, such as the Minimum Bounding Rectangle (MBR)
for spatial dimensions and endpoints for temporal dimensions. During data loading, only partitions that overlap the
query range are selected and loaded into memory, reducing memory consumption and improving query performance
by pruning irrelevant partitions. For efficient conversion of singular spatio-temporal instances (e.g., events, trajectories)
to collective instances (e.g., time series, spatial maps, rasters), STAML employs in-memory R-tree [117] indexing. This
indexing scheme particularly benefits ML applications such as trajectory classification, where stay points need to
be extracted, and traffic speed prediction, which requires efficient aggregation of vehicle trajectories into grid-based
features. The cells of the collective structure are indexed using R-trees of different dimensions: 1-d for time series
(supporting demand prediction), 2-d for spatial maps (enabling site selection and tourism planning), and 3-d for rasters
(facilitating traffic forecasting and pollution prediction). The R-tree is constructed on the master node and is broadcast
to all worker nodes to avoid duplicate computations. Each singular instance then traverses the R-tree to find the
intersecting cells for allocation, reducing the average time complexity from O(mn) to O(mlog(n)), where m is the
number of singular instances and n is the number of cells.

TrajEdge [124]: TrajEdge introduces a spatiotemporal trie-based peer-to-peer (P2P) index designed for distributed
trajectory data analysis in edge computing environments, where trajectory data is stored across multiple edge servers,
requiring efficient cross-device querying. The index uses a dual encoding scheme that combines XZ2 [38] for spatial en-
coding and XZT [132] for temporal encoding, transforming multi-dimensional spatiotemporal data into one-dimensional
keys that preserve ordering and locality. For spatial encoding, the system identifies the minimum bounding rectan-

gle (MBR) of a trajectory t, locates the spatial region containing the trajectory’s start point, expands this region
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to twice its original size, and assigns the resulting region code as the S-key. Temporal encoding uses the formula
BinNum(ts) = L%J to segment the timeline into bins, then iteratively performs binary search on a line segment
L = [tls, tle] within each bin, appending ‘0’ if the relative start time ¢/ falls in the left half of L or ‘1’ if in the right
half, continuing until the extended region [tls, 2tl, — tls] cannot contain the interval [, t,]. The complete index key
concatenates these components as T-key = S-key | BinNum | eCode | 1.id, where eCode represents the element code
from temporal encoding and t.id denotes the trajectory identifier. The trie structure comprises three node types: external
nodes forming the P2P overlay network, each maintaining a routing label w, a routing table Z tracking the parent, child,
and neighboring nodes, and segmented bloom filters for query pruning; internal nodes within local tries holding T-keys;
and leaf nodes that store trajectory identifiers. The index construction optimizes the mapping f : O — B from external
nodes O to edge servers B by minimizing 3, df («(O;), o(f(O;i))) subject to capacity constraints C;, where dy denotes
shortest-path hops between the trie labels, ensuring spatially proximate data resides on physically adjacent servers to
minimize query latency g;(P) o« lel |[locg, — locg,,, ||2 across routing paths. Ry = [locmin, locmax] for spatial query
ranges, Ry = [ts, te] for temporal ranges, and E(7), D(%), T(7) representing edge sequences, distance sequences, and
timestamp sequences of road-constrained trajectories respectively. The index supports four query types: ID temporal
queries, spatial range queries, spatio-temporal range queries, and k-NN queries. An ID temporal query retrieves all
trajectories whose moving object identifier matches a given id and contains at least one point whose timestamp falls
within a specified time range R; = [t;, t], formally returning R € D; where V7 € R, t.id=id & 3p € 7, p.t € R;.
Because such queries carry no spatial component, they constitute an index-mismatch scenario in which the trie’s
spatial routing key cannot be used to navigate directly to the relevant external node; instead, segmented bloom filters
maintained at each external node encode both T-keys from internal nodes and 7.id values from leaf nodes prune the
broadcast space and route the query only to candidate nodes, avoiding a full network-wide broadcast. The index achieves
O(log N) complexity for spatial queries through trie traversal and O(%) for index-mismatch scenarios using bloom

filter optimization, where r represents the false positive rate.

7.1 Distributed Contact Tracing

This subsection presents distributed indexing methods specifically designed for contact-tracing applications, where the
scale of population-level mobility data demands parallel processing. These systems must efficiently identify proximity
events between moving objects while meeting real-time latency requirements for public health response. The methods
use GPU acceleration, distributed memory architectures, and hierarchical spatial partitioning to process millions of
trajectories with sub-second query response times.

STS-index [51]: This paper presents a privacy-aware distributed spatio-temporal indexing structure designed for
efficient sub-trajectory similarity joins, utilizing a two-tier architecture that separates data storage between clients and
a central server. At the client level, the original trajectories are stored and indexed by local IDs, where the trajectories
undergo a modified Douglas-Peucker [91] algorithm that maintains the accuracy of the points within a threshold 0;,
followed by a bounded Laplace mechanism that adds controlled noise (bounded by the 8, obfuscated shifting distance)
for the preservation of privacy. The server tier implements a hierarchical hybrid structure that combines temporal and
spatial indexing components. The temporal component is organized as a B-tree [30] structure indexing time intervals
hierarchically, where leaf entries point to spatial indices covering 3-minute intervals. The spatial component uses a
quasi-Quadtree structure that maintains non-overlapping minimum bounding rectangles (MBRs), built by recursively
partitioning the space into quadrants when a node’s capacity is exceeded. A distinctive feature is the addition of bitmap

tables in leaf nodes, corresponding to disjoint time intervals, where each bit indicates whether a segment overlaps
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the interval. This enhances query efficiency for densely populated nodes. The index supports dynamic updates via
insertion and deletion operations, in which new segments traverse the temporal B-tree to locate appropriate time
intervals, then are inserted into the corresponding quasi-Quadtrees. For query processing, the index uses a sophisticated
backtracking-based algorithm that expands query segment MBRs by 84 + 05 + 0, to guarantee no false dismissals,
utilizing pivot points (vertices of expanded MBRs) to efficiently locate adjacent segments. The structure achieves
efficient pruning through both its non-overlapping MBR property and a Close-distance Duration Similarity (CDDS)
upper-bound computation, significantly reducing the number of candidate pairs sent to clients for final verification.

Sextant [328]: Sextant introduces a distributed spatial indexing approach to efficiently handle real-time K-nearest
neighbor (KNN) queries on moving objects. The system supports KNN queries of the form (loc, ts, k), where loc is
the query location coordinate, ts is the timestamp, and k is the number of nearest neighbors to return. It also handles
frequent location update operations in the form of data tuples (id, loc, ts, metadata), where id uniquely identifies an
object, loc is its current location, ¢s is the timestamp, and metadata specifies object status (e.g., car driver vs. motorcycle
driver). The system partitions the 2D geographical space into fixed-size grid cells called shards, which are further
subdivided into smaller cells. This two-level hierarchical partitioning technique forms the basis of the Sextant spatial
indexing strategy. Objects (e.g., drivers) are dynamically assigned to cells based on their current location using the
indexing function index (lat, lon) = (Llo"+180J, |_lat+goj), where [ is the size of the grid and (—180, —90) serves as the
origin. All data is stored in memory for rapid updates and queries. The indexing technique uses a hybrid distribution
method that combines consistent hashing with a custom "ShardTable" for load balancing across nodes. ShardTable
allows dedicated nodes for high-demand areas, addressing the challenge of the uneven spatial distribution of objects and
queries. For KNN queries, Sextant uses a breadth-first search (BFS) algorithm that starts from the cell that contains the
query point and expands outward. To optimize performance in the distributed setting, the system aggregates queries at
the shard level, reducing the number of remote calls and enabling parallelization across shards and cells. This approach
enables Sextant to efficiently handle millions of objects and billions of daily queries. The indexing technique supports
dynamic updates, necessary for tracking moving objects, and uses a TTL (Time To Live) mechanism to manage object
expiration. To ensure fault tolerance, Sextant implements replica sets and periodically takes snapshots of the in-memory
data to external storage.

GLINT [279]: GLINT (GPU-based ReaL-tIme CoNtact Tracing) implements a hierarchical space-partitioning index
utilizing a Quadtree [100] structure optimized for GPU-accelerated processing of moving objects in contact tracing
scenarios. The index supports "within queries" (spatial proximity queries with temporal constraints) to identify all
objects within a specified contact distance from query objects, with additional validation requiring contacts to persist for
a minimum contact time to be considered valid. The core indexing mechanism uses a recursive spatial decomposition in
which each internal node represents a spatial region that subdivides into four quadrants when the number of contained
objects exceeds the partition granularity threshold part_gran, while leaf nodes maintain partition buffers that store
object identifiers within their spatial boundaries. The system uses pre-allocated memory structures, including node_Ist
(tree nodes), part_Ist (partition buffers), node_stk, and part_stk (free-space management stacks), to eliminate dynamic
memory allocation overhead during GPU execution. Object indexing is performed via parallel tree traversal, where each
GPU thread traverses from the root node to the appropriate leaf partition, collecting filtering information to optimize
subsequent range queries for boundary objects whose contact regions span multiple partitions. The filtering phase uses
a block-shared stack mechanism enabling up to 1,024 threads per block to collaboratively perform depth-first traversal
while maintaining filter_root nodes that minimize search space for objects requiring multi-partition queries. Refinement

processing implements distance calculations between object pairs using an unrolling technique parameterized by
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refinement granularity to maximize GPU utilization by decomposing variable-sized partition evaluations into fixed-size
computational units. Spatial-temporal contact evaluation uses a GPU-based hash table with Cantor pairing [175]
functions to map object pairs to unique keys, while maintaining contact start/end timestamps and pruning contacts
that fail to meet temporal duration requirements. Dynamic index maintenance operates at the leaf level through split
operations when partitions exceed capacity and merge operations when sibling partitions collectively fall below the
granularity threshold, avoiding expensive full-tree reconstruction while adapting to evolving object distributions via
overflow buffers that handle exceptional cases where spatial constraints prevent further subdivision.

DISTIL* [199]: DISTIL* presents a distributed in-memory spatio-temporal indexing technique designed for high
throughput location updates and many concurrent spatio-temporal range queries (STRQ) and kNN queries (STKNNQ).
The index uses a multilevel hierarchical structure comprising three levels: a global Quadtree [100] index for spatial
partitioning, a per-node local spatial index, and a per-tile partial temporal index (PTI). The spatial domain is discretized
into a grid of tiles, each of which maintains a PTI for discrete time intervals. The PTI uses a bit vector to efficiently
track object presence within a tile during specific time intervals, complemented by a hash table that maps object
IDs to record ID lists for full location information. Index construction begins with tile assignment to nodes using
placement policies, e.g., Row-wise Round-Robin partitioning (RRR) and Multi-Dimensional Range partitioning (MDR).
As location updates arrive, they are batched and routed to appropriate nodes based on tile ID. At each node, updates are
inserted into an in-memory table, a local persistent store, and the spatio-temporal index, updating the bit vector and
hash table for the relevant tile and time interval. Query processing leverages this structure to efficiently prune and
parallelize execution. Range queries use the global index to identify overlapping tiles, then process fully contained tiles
using bitwise OR operations on bit-vectors, while partial tiles require precise location checks. kNN queries start at
the query point’s tile, expand the search area using the global index, and process tiles in parallel across nodes. The
index supports dynamic updates through its multi-level structure and batching approach, balancing memory usage
with query performance. DISTIL" extends concepts from grid-based [213] spatial indexing and bitmap-based temporal
indexing, implementing them in a distributed, in-memory framework using the APGAS model (asynchronous partitioned
global address space) [248]. This solution enables high-throughput location updates and concurrent query processing,
addressing scalability challenges in location-based services and large-scale spatio-temporal data management.

GAT (87, 327]: The GAT framework introduces GTIDX, a GPU-optimized indexing scheme for efficient batch
trajectory query processing. GTIDX uses a three-part structure: a cell-based trajectory table (S), a trajectory index
(I7), and a Quadtree-like [100] spatial index (Ip). The spatial region is partitioned into 4" cells using a Quadtree-like
approach, with trajectory points mapped to these cells and stored in S. This cell-based organization facilitates rapid
pruning for both range and similarity queries [261, 262]. IT enables efficient trajectory reconstruction by mapping
trajectory IDs to vectors of (cell;q, of fset, length) triplets, representing trajectory subsequences within cells. I groups
cells into balanced blocks, each containing a similar number of trajectory points, which is necessary for load-balancing
during GPU processing. The index construction process involves splitting the trajectories into cell-based subsequences,
updating S and It accordingly, building a complete Quadtree, and then recursively pruning them to form Ip. A key
idea is the use of Morton-based encoding [204] for cell identifiers, ensuring that cells in the same block are stored
contiguously in memory and enabling coalesced data access on the GPU. For query processing, range queries employ
CPU-based filtering by traversing Ip to identify overlapping blocks, followed by parallel point verification on the GPU.
Similarity queries utilize a frequency distance (FD) lower-bound computed on the CPU, iteratively selecting candidates
with the smallest FD for parallel Edit Distance on Real sequence (EDR) [63] computation on the GPU. The framework

incorporates several optimizations, including a Memory Allocated Table (MAT) to prevent redundant data transfers
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and a dynamic batch query partitioning strategy to balance workloads across GPU resources. This indexing approach
effectively leverages the massive parallelism of GPUs while addressing challenges such as limited global memory
bandwidth and load-balancing, resulting in significant performance improvements over CPU-based methods and other

GPU-accelerated approaches.

8 CONCLUSION

This survey is Part 4 of a series of surveys [192, 202, 211] that collectively cover the spatio-temporal access methods
developed from the earliest approaches through 2025. In the years 2017 to 2025, several transformative categories of
spatio-temporal access methods have emerged and matured, namely: (1) Machine Learning enhanced indexing structures
that learn from data distributions and query patterns, (2) specialized contact tracing methods developed in response to
the COVID-19 pandemic, (3) advanced spatio-temporal-textual indexes that seamlessly integrate semantic information,
(4) GPU-accelerated and distributed indexing techniques that leverage massive parallelism, (5) privacy-preserving
indexing methods that support encrypted queries, and (6) trajectory-oriented methods that exploit road network
topology and enable efficient similarity search at scale.

Trajectory data management has seen significant advances through methods that exploit the road network structure.
PATHFINDER [104] repurposes Contraction Hierarchies for trajectory compression and indexing, while the SNT-
index [151, 152] applies string-processing techniques for efficient path matching. The RP-tree [297] leverages road
network topology for range query processing, and TD-H2H [161] extends hierarchical decomposition to time-dependent
networks. Trajectory similarity search has matured using methods such as tSTAT [146] using locality-sensitive hashing,
HST [112, 113] employing hierarchical simplification, and WR-tree [141, 142] supporting trajectory-based entity linking.
Hybrid indexing techniques that combine multiple structures, e.g., the IR-tree in REST [335] and BAR [312], demonstrate
the value of integrating spatial indexes with inverted files for multi-attribute trajectories.

The integration of Machine Learning into spatio-temporal indexing represents a paradigm shift from static, one-size-
fits-all structures to adaptive systems that optimize themselves based on workload characteristics. Methods like the
CDR index [26, 27] for aircraft conflict detection demonstrate how Hidden Markov Models can be embedded within
indexing structures to provide predictive capabilities. The TRC-index [164, 165] incorporates XGBoost [69] for automatic
parameter tuning in distributed environments. This trend suggests future indexes will increasingly incorporate learned
components, potentially replacing traditional heuristics with data-driven decisions.

Contact tracing methods, while developed under urgent pandemic conditions, have contributed important insights
into privacy-preserving indexing, efficient proximity detection, and temporal aggregation techniques. Structures like
the 6-structure [40] for interactive density map visualization, RICCmeet [269] for reachability queries with transfer
delays, and e-Racoon [15] for temporal aggregation joins have shown how to balance analytical demands with efficiency
concerns, techniques that will likely influence future location-based services beyond pandemic applications.

The evolution of spatio-temporal-textual indexes reflects the reality that modern data is inherently multi-dimensional.
Social media streams and mobile application logs naturally combine location, time, and semantic information. Indexes
such as STILT [22], DLEEL [11], and subscription-based methods SST/RST [64] and Lamps [214, 215] demonstrate
sophisticated approaches to handling this complexity, from interleaved trie structures to parallel processing of continuous
queries. Streaming and real-time workloads have driven innovations in methods like SSQ [12, 14] for geo-social queries,
MR-Cubes [77] for location popularity computation, and SYNOPSIS [43] for high-velocity streaming data summarization.

Update-intensive workloads have motivated new indexing architectures. The LSM RUM-tree [256, 257] adapts

log-structured merge principles to spatial indexing with an in-memory update memo for efficient modifications. The
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Springbok system [115] introduces dual-indexing for cloud-based trajectory management with separate structures for
active and historical data. Methods for indexing geolocated time series, including TSR-tree, BTSR-tree [53, 54], and
SBTSR-tree [55], demonstrate how temporal patterns can be indexed alongside spatial coordinates through minimum
bounding time series.

GPU acceleration and distributed processing have moved from experimental methods to production-ready solutions.
Systems like GLINT [279], GAT [87, 327], and Sextant [328] show how massive parallelism can be harnessed for spatio-
temporal operations, while distributed frameworks like JUST [162], TrajMESA [163], and GeoWave [302] demonstrate
how to scale across clusters. The ST4AML [177] system specifically targets Machine Learning applications, recognizing
that spatio-temporal data increasingly feed AI/ML pipelines. The PASTIS system [238] uniquely addresses past, present,
and future queries within a unified versioned grid structure.

Privacy and security considerations have become first-class concerns in index design, as evidenced by methods such
as PBRQ-T* [284] for encrypted queries combining Quadtree[100] structures with attribute-based encryption, and the
STS-index [51] for privacy-aware similarity joins using trajectory simplification and bounded noise injection. This
trend will likely accelerate as regulations impose stricter requirements on the handling of location data.

Looking ahead, several trends are likely to shape the next generation of spatio-temporal access methods. The
continued integration of learned components into index structures may enable automatic adaptation to changing data
distributions and query patterns. Real-time applications in transportation, including ride-sharing systems, will demand
ever-lower latency for location updates and queries, supported by methods such as GeoPrune [317] and DVTG [271].
Trajectory imputation methods such as GTI [134, 135] and TrImpute [93] suggest a growing interest in reconstructing
complete movement patterns from sparse observations. As spatial computing matures, we anticipate new indexing

challenges for higher-dimensional spatio-temporal data at unprecedented scales and update rates.
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