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Abstract—High-performance remote sensing analytics workflows require ingesting and querying massive image archives to
support real-time spatio-temporal applications. While modern systems utilize window-based I/O reading to reduce data transfer,
they face a dual bottleneck: the prohibitive overhead of runtime geospatial computations caused by the decoupling of logical
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pixel mappings to completely eliminate runtime geometric calculations. Furthermore, we design a hybrid concurrency-aware I/O
coordination protocol that adaptively integrates Calvin-style deterministic ordering with optimistic execution, effectively converting
I/O contention into request merging opportunities. To handle fluctuating workloads, we incorporate a Surrogate-Assisted Genetic
Multi-Armed Bandit mechanism for automatic parameter tuning. Evaluated on a distributed cluster with Sentinel-2 datasets, our
approach reduces end-to-end latency by an order of magnitude compared to standard window-based reading, achieves linear
throughput scaling under high concurrency, and demonstrates superior convergence speed in automatic tuning.
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1 INTRODUCTION

AMassive amount of remote sensing (RS) data, character-
ized by high spatial, temporal, and spectral resolutions,

is being generated at an unprecedented speed due to the
rapid advancement of Earth observation missions [1]. For
instance, NASAs AVIRIS-NG acquires nearly 9 GB of data
per hour, while the EO-1 Hyperion sensor generates over
1.6 TB daily [2]. Beyond the sheer volume of data, these
datasets are increasingly subjected to intensive concurrent
access from global research communities and real-time
emergency response systems (e.g., multi-departmental co-
ordination during natural disasters). Consequently, modern
RS platforms are required to provide not only massive
storage capacity but also high-throughput query capabilities
to satisfy the simultaneous demands of numerous spatio-
temporal analysis tasks.

Existing RS data management systems [3], [4], [5] typ-
ically decompose a spatio-temporal range query into a
decoupled two-phase execution model. The first phase is
the metadata filtering phase, which utilizes spatio-temporal
metadata (e.g., footprints, timestamps) to identify candidate
image files that intersect the query predicate. Recent ad-
vancements have transitioned from traditional tree-based
indexes [6], [7] to scalable distributed schemes based on
grid encodings and space-filling curves, such as GeoHash
[8], GeoSOT [4], and GeoMesa [9]. By leveraging these high-
dimensional indexing structures, the search complexity of
the first phase has been effectively reduced to O(logN) or
even O(1), making metadata discovery extremely efficient
even for billion-scale datasets.
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The second phase is the data extraction phase, where
the system reads the actual pixel data from the identified
raw image files stored in distributed file systems or object
stores. A critical observation in modern high-performance
RS analytics is that the primary system bottleneck has fun-
damentally shifted from the first phase to the second. While
the metadata search completes in milliseconds, the end-to-
end query latency is now dominated by the massive I/O
overhead required to fetch, decompress, and process large-
scale raw images. Traditional systems attempted to reduce
I/O overhead by pre-slicing tiles and building pyramids
(e.g., approaches used in Google Earth Engine [10] that store
metadata in HBase and serve pre-tiled image pyramids),
but aggressive tiling increases management complexity and
produces many small files. More recent Cloud-Optimized
GeoTIFF (COG) formats and COG-aware frameworks [3],
[11] exploit internal overviews and window-based I/O to
read only the portions of files that spatially intersect a query.

While window-based I/O effectively reduces raw data
transfer, it introduces a new "computation wall" due to
the decoupling of logical indexing from physical storage.
Current state-of-the-art systems operate on a "Search-then-
Compute-then-Read" model: after identifying candidate
files, they must perform fine-grained, per-image geospa-
tial computations at runtime to map query coordinates
to precise file offsets and clip boundaries. This runtime
geometric resolution (Cgeo) becomes computationally pro-
hibitive when processing a large volume of candidate im-
ages, often negating the benefits of I/O reduction. More-
over, under concurrent workloads, the lack of coordination
among these independent read requests leads to severe
I/O contention and storage thrashing, rendering traditional
indexing-centric optimizations insufficient for real-time ap-
plications.

To address the problems above, we propose a novel
"Index-as-an-Execution-Plan" paradigm to strictly bound
the query latency. Unlike conventional approaches that treat
indexing and I/O execution as separate stages, our ap-
proach integrates fine-grained partial querying directly into
the indexing structure. By pre-materializing the mapping
between logical spatial grids and physical pixel windows,
our system enables deterministic I/O planning without run-
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time geometric computation. To further ensure scalability,
we introduce a concurrency control protocol tailored for
spatio-temporal range queries and an automatic I/O tuning
mechanism. The principal contributions of this paper are
summarized as follows:

1) We propose an I/O-aware "Index-as-an-Execution-
Plan" schema. Instead of merely returning candidate
image identifiers, our index directly translates high-
level spatio-temporal predicates into concrete, byte-
level windowed read plans. This design bridges the
semantic gap between logical queries and physical
storage, eliminating expensive runtime geospatial com-
putations and ensuring that I/O cost is proportional
strictly to the query footprint.

2) We propose a hybrid concurrency-aware I/O coordina-
tion protocol. This protocol adapts transaction process-
ing principles by integrating Calvin-style deterministic
ordering [12] with optimistic execution [13]. It shifts
the focus from protecting database rows to coordinating
shared I/O flows. This protocol dynamically switches
strategies based on spatial contention, effectively con-
verting "I/O contention" into "request merging oppor-
tunities."

3) We proposed an automatic I/O tuning method to im-
prove the I/O performance of spatio-temporal range
queries over remote sensing data. The method extends
an existing AI-powered I/O tuning framework [14]
based on a surrogate-assisted genetic multi-armed ban-
dits algorithm [15].

The remainder of this paper is organized as follows:
Section 2 presents the related work. Section 3 proposes
the definition concerning the spatio-temporal range query
problem. Section 4 proposes the indexing structre. Section 5
proposes the hybrid concurrency control protocol. Section 6
proposes the method of I/O stack tuning. Section 7 presents
the experiments and results. Section 8 concludes this paper
with a summary.

2 RELATED WORK

This section describes the most salient studies of I/O-
efficient spatio-temporal query processing, concurrency con-
trol and I/O Performance Tuning.

2.1 I/O-Efficient Spatio-Temporal Query Processing
Efficient spatio-temporal query processing for remote sens-
ing data has been extensively studied, with early efforts
primarily focusing on metadata organization and index-
level pruning in relational database systems. Traditional ap-
proaches typically extend tree-based spatial indexes, such as
R-tree [6], quadtree [16], and their spatio-temporal variants
[7], to organize image footprints together with temporal
attributes, and are commonly implemented on relational
backends (e.g., MySQL and PostgreSQL). These methods
provide efficient range filtering for moderate-scale datasets,
but their reliance on balanced tree structures often leads to
high maintenance overhead and limited scalability as the
volume of remote sensing metadata grows rapidly. With
the continuous increase in data volume and ingestion rate,
recent systems have gradually shifted toward grid-based
spatio-temporal indexing schemes deployed on distributed
NoSQL stores. By encoding spatial footprints into uniform
spatial grids using GeoHash [8], GeoSOT [4], or space-
filling curves [9], [5], and combining them with tempo-
ral identifiers, these approaches enable lightweight index
construction and better horizontal scalability on backends
such as HBase and Elasticsearch. Such grid-based indexes
can effectively reduce the candidate search space through
coarse-grained pruning and are more suitable for large-
scale, continuously growing remote sensing archives.

However, index pruning alone is insufficient to guarantee
end-to-end query efficiency for remote sensing workloads,
where individual images are usually large and query results
require further pixel-level processing. To reduce the amount
of raw I/O, Google Earth system [10] rely on tiling and
multi-resolution pyramids that physically split images into
small blocks. While more recent solutions leverage COG and
window-based I/O to enable partial reads from monolithic
image files. Frameworks such as OpenDataCube [3] exploit
these features to read only the image regions intersecting a
query window, thereby reducing unnecessary data transfer.
Nevertheless, after candidate images are identified, most
systems still perform fine-grained geospatial computations
for each image, including coordinate transformations and
precise pixel-window derivation, which may incur substan-
tial overhead when many images are involved.

2.2 Concurrency Control
Concurrency control has long been studied to provide
correctness and high throughput in multi-user database
and storage systems, with two broad paradigms dominat-
ing the literature: deterministic scheduling [12] and non-
deterministic schemes [17], [18]. Hybrid approaches [19],
[20] that adaptively combine these paradigms seek to ex-
ploit the low-conflict efficiency of deterministic execution
while retaining the flexibility of optimistic techniques. More
recent proposals such as OOCC target read-heavy, disag-
gregated settings by reducing validation and round-trips
for read-only transactions, achieving low latency under
OLTP-like workloads [21]. These CC families are primarily
optimized for record- or key-level access patterns: their
metrics and designs emphasize transaction latency, abort
rates, and throughput under workloads with small, well-
defined read/write sets.

Overall, existing concurrency control mechanisms are
largely designed around transaction-level correctness and
throughput, assuming record- or key-based access patterns
and treating storage I/O as a black box. Their optimization
objectives rarely account for I/O amplification or fine-
grained storage contention induced by concurrent range
queries. Consequently, these approaches are ill-suited for
data-intensive spatio-temporal workloads, where coordinat-
ing overlapping window reads and mitigating storage-level
interference are critical to achieving scalable performance
under multi-user access.

2.3 I/O Performance Tuning in Storage Systems
I/O performance tuning has been extensively studied in the
context of HPC and data-intensive storage systems, where
complex multi-layer I/O stacks expose a large number of
tunable parameters. These parameters span different layers,
including application-level I/O libraries, middleware, and
underlying storage systems, and their interactions often lead
to highly non-linear performance behaviors. As a result,
manual tuning is time-consuming and error-prone, motivat-
ing a wide range of auto-tuning approaches.

Several studies focus on improving the efficiency of the
tuning pipeline itself by reformulating the search space or
optimization objectives. Chen et al. [22] proposed a meta
multi-objectivization (MMO) model that introduces auxil-
iary performance objectives to mitigate premature conver-
gence to local optima. While such techniques can improve
optimization robustness, they are largely domain-agnostic
and do not explicitly account for the characteristics of I/O-
intensive workloads. Other works, such as the contextual
bandit-based approach by Bez et al. [23], optimize specific
layers of the I/O stack (e.g., I/O forwarding) by exploit-
ing observed access patterns. However, these methods are
primarily designed for administrator-level tuning and target
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isolated components rather than end-to-end application I/O
behavior.

User-level I/O tuning has also been explored, most no-
tably by H5Tuner [24], which employs genetic algorithms
to optimize the configuration of the HDF5 I/O library.
Although effective for single-layer tuning, H5Tuner does not
consider cross-layer interactions and lacks mechanisms for
reducing tuning cost, such as configuration prioritization or
early stopping.

More recently, TunIO [14] proposed an AI-powered I/O
tuning framework that explicitly targets the growing con-
figuration spaces of modern I/O stacks. TunIO integrates
several advanced techniques, including I/O kernel extrac-
tion, smart selection of high-impact parameters, and rein-
forcement learningdriven early stopping, to balance tuning
cost and performance gain across multiple layers. Despite
its effectiveness, TunIO and related frameworks primarily
focus on single-application or isolated workloads, assum-
ing stable access patterns during tuning. Query-level I/O
behaviors, such as fine-grained window access induced
by spatio-temporal range queries, as well as interference
among concurrent users, are generally outside the scope of
existing I/O tuning approaches.

3 DEFINITION

This section formalizes the spatio-temporal range query
problem and establishes the cost models for query execu-
tion. We assume a distributed storage environment where
large-scale remote sensing images are stored as objects or
files.

Definition 1 (Spatio-temporal Remote Sensing Image). A
remote sensing image R is defined as a tuple:

R = ⟨id,Ω,D, t⟩, (1)

where id is the unique identifier; Ω = [0,W ] × [0, H]
denotes the pixel coordinate space; D represents the raw
pixel data; and t is the temporal validity interval. The image
is associated with a spatial footprint MBR(R) in the global
coordinate reference system.

Definition 2 (Spatio-temporal Range Query). Given a
dataset R, a query Q is defined by a spatio-temporal predi-
cate Q = ⟨S, T ⟩, where S is the spatial bounding box and T
is the time interval. The query result set RQ is defined as:

RQ = R ∈ R |MBR (R) ∩ S ̸= ∅ ∧R.t ∩ T ̸= ∅. (2)

For each R ∈ RQ, the system must return the pixel matrix
corresponding to the intersection region MBR(R) ∩ S.

Definition 3 (Query Execution Cost Model). The execution
latency of a query Q, denoted as Cost(Q), is composed of
two phases: metadata filtering and data extraction.

Cost (Q) = Cmeta (Q) +
∑

R∈RQ

(Cgeo (R,Q) + Cio (R,Q)).

(3)
Here, Cmeta(Q) is the cost of identifying candidate images
RQ using indices. The data extraction cost for each image
consists of two components: geospatial computation cost
(Cgeo) and I/O access cost (Cio). Cgeo is the CPU time
required to calculate the pixel-to-geographic mapping, de-
termine the exact read windows (offsets and lengths), and
handle boundary clipping. In window-based partial reading
schemes, this cost is non-negligible due to the complexity
of coordinate transformations. Cio is the latency to fetch the
actual binary data from storage.

Definition 4 (Concurrent Spatio-temporal Queries). Let
Q = {Q1, Q2, . . . , QN} denote a set of spatio-temporal
range queries issued concurrently by multiple users. Each
query Qi independently specifies a spatio-temporal win-
dow ⟨Si, Ti⟩ and may overlap with others in both spatial
and temporal dimensions. Concurrent execution of Q may
induce overlapping partial reads over the same images or

image regions, leading to redundant I/O and storage-level
contention if queries are processed independently.

Problem Statement (Latency-Optimized Concurrent
Query Processing). Given a dataset R and a concurrent
workload Q, the objective is to minimize the total execution
latency:

min
∑

Qi∈Q

Cmeta (Qi) +
∑

R∈RQi

(Cgeo (R,Qi) + Cio (R,Qi))

,

(4)
subject to:

1) Correctness: The returned data must strictly match the
spatio-temporal predicate defined in Eq. (2).

2) Isolation: Concurrent reads must effectively share I/O
bandwidth without causing starvation or excessive
thrashing.

4 I/O-AWARE INDEXING STUCTURE

This section introduces the details of indexing structre for
spatio-temporal range query over remote sensing image
data.

4.1 Index schema design
To enable I/O-efficient spatio-temporal query processing,
we first decompose the global spatial domain into a uniform
grid that serves as the basic unit for query pruning and
data access coordination. Specifically, we adopt a fixed-
resolution global tiling scheme based on the Web Mercator
(or EPSG:4326) coordinate system, using zoom level 14
to partition the Earths surface into fine-grained grid cells
(experiments show that the 14-level grid has the highest
indexing efficiency which can be referred to Section 7.2.3).
This resolution strikes a practical balance between spatial
selectivity and index size: finer levels would significantly
increase metadata volume and maintenance cost, while
coarser levels would reduce pruning effectiveness and lead
to unnecessary image I/O. At this scale, each grid cell typi-
cally corresponds to a spatial extent comparable to common
query footprints and to the internal tiling granularity used
by modern raster formats, making it well suited for partial
data access.

Grid-to-Image Mapping (G2I). Based on the grid de-
composition, we construct a grid-centric inverted index to
associate spatial units with covering images. In our system,
each grid cell is assigned a unique GridKey, encoded as a
64-bit Z-order value to preserve spatial locality and enable
efficient range scans in key-value stores such as HBase. The
G2I table stores one row per grid cell, where the row key
is the GridKey and the value maintains the list of image
identifiers (ImageKeys) whose spatial footprints intersect
the corresponding cell, as illustrated in Fig. 1(a).

This grid-to-image mapping allows query processing to
begin with a lightweight enumeration of grid cells covered
by a query region, followed by direct lookups of candidate
images via exact GridKey matches. By treating each grid cell
as an independent spatial bucket, the G2I table provides ef-
ficient metadata-level pruning and avoids costly geometric
intersection tests over large image footprints.

However, the G2I table alone is insufficient for I/O-
efficient query execution. While it identifies which images
are relevant to a given grid cell, it does not capture how
the grid cell maps to pixel regions within each image. As
a result, a grid-only representation cannot directly guide
partial reads and would still require per-image geospatial
computations at query time. Therefore, the G2I table func-
tions as a coarse spatial filter and must be complemented
by an image-centric structure that materializes the corre-
spondence between grid cells and pixel windows, enabling
fine-grained, window-based I/O.
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Fig. 1. Index schema design.

Image-to-Grid Mapping (I2G). To complement the grid-
centric G2I table and enable fine-grained, I/O-efficient data
access, we introduce an image-centric inverted structure,
referred to as the Image-to-Grid mapping (I2G). In contrast
to G2I, which organizes metadata by spatial grids, the I2G
table stores all grid-level access information of a remote
sensing image in a single row. Each image therefore occu-
pies exactly one row in the table, significantly improving
locality during query execution.

As illustrated in Fig. 1(b), the row key of the I2G table is
the ImageKey, i.e., the unique identifier of a remote sensing
image. The row value is organized into three column fami-
lies, each serving a distinct role in query-time pruning and
I/O coordination:

GridWindow Mapping. This column family records the
list of grid cells intersected by the image together with
their corresponding pixel windows in the image coordinate
space. Each entry has the form

⟨GridKey,WImageKey_GridKey⟩,

where GridKey identifies a grid cell at the chosen global
resolution, and WImageKey_GridKey denotes the minimal
pixel bounding rectangle within the image that exactly
covers that grid cell.

These precomputed window offsets allow the query ex-
ecutor to directly issue windowed reads on large raster files
without loading entire images into memory or recomputing
geographic-to-pixel transformations at query time. As a
result, grid cells become the smallest unit of coordinated
I/O, enabling precise partial reads and effective elimination
of redundant disk accesses.

Temporal Metadata. To support spatio-temporal range
queries, each image row includes a lightweight temporal
column family that stores its acquisition time information,
such as the sensing timestamp or time interval. This meta-
data enables efficient temporal filtering to be performed
jointly with spatial grid matching, without consulting ex-
ternal catalogs or secondary indexes.

Storage Pointer. This column family contains the informa-
tion required to retrieve image data from the underlying
storage system. It stores a stable file identifier, such as an
object key in an object store (e.g., MinIO/S3) or an absolute
path in a POSIX-compatible file system. By decoupling
logical image identifiers from physical storage locations, this
design supports flexible deployment across heterogeneous
storage backends while allowing the query engine to di-
rectly access image files once relevant pixel windows have
been identified.

The I2G table offers several advantages. First, all grid-
level access information for the same image is colocated in
a single row, avoiding repeated random lookups and im-
proving cache locality during query execution. Second, by
materializing grid-to-window correspondences at ingestion
time, the system completely avoids expensive per-query ge-
ometric computations and directly translates spatial overlap
into byte-range I/O requests. Third, the number of rows in
the I2G table scales with the number of images rather than

Fig. 2. Query-time Execution

the number of grid cells, substantially reducing metadata
volume and maintenance overhead.

During data ingestion, the gridwindow mappings are
generated by projecting grid boundaries into the image
coordinate system using the images georeferencing param-
eters. This process requires only lightweight affine or RPC
transformations and does not involve storing explicit ge-
ometries or performing polygon clipping. As a result, the
I2G structure enables efficient partial reads while keeping
metadata compact and ingestion costs manageable.

4.2 Query-time Execution
The I/O-aware index enables efficient spatio-temporal
range queries by directly translating query predicates
into windowed read plans, while avoiding both full-
image loading and expensive geometric computations.
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Given a user-specified spatio-temporal query q =
⟨[xmin, ymin, xmax, ymax], [ts, te]⟩, the system resolves the
query through three consecutive stages: Grid Enumeration,
Candidate Image Retrieval with Temporal Pruning, and Win-
dowed Read Plan Generation. As illustrated in Fig. 2, this
execution pipeline bridges high-level query predicates and
low-level I/O operations in a fully deterministic manner.

Grid Enumeration. As shown in Step 1 and Step 2 of
Fig. 2, the query execution starts by rasterizing the spatial
footprint of q into the fixed global grid at zoom level
14. Instead of performing recursive space decomposition
as in quadtrees or hierarchical spatial indexes, our system
enumerates the minimal set of grid cells {g1, . . . , gk} whose
footprints intersect the query bounding box.

Each grid cell corresponds to a unique 64-bit GridKey,
which directly matches the primary key of the G2I table.
This design has important implications: grid enumeration
has constant depth and low computational cost and the
resulting GridKeys can be directly used as lookup keys
without any geometric refinement. Consequently, spatial
key generation is reduced to simple arithmetic operations
on integer grid coordinates.

Candidate Image Retrieval with Temporal Pruning.
Given the enumerated grid set {g1, . . . , gk}, the query pro-
cessor performs a batched multi-get on the G2I table. Each
G2I row corresponds to a single grid cell and stores the
identifiers of all images whose spatial footprints intersect
that cell. For each grid gi, the lookup returns:

G2I[gi] = {imgKey1, . . . , imgKeym}.

All retrieved image identifiers are unioned to form the
spatial candidate set Cs =

∪k
i=1 G2I[gi]. This step eliminates

the need for per-image polygon intersection tests that are
commonly required in spatial databases and data cube
systems.

To incorporate the temporal constraint [ts, te], each can-
didate image in Cs is further filtered using the temporal
column family of the Image-to-Grid (I2G) table. Images
whose acquisition time does not intersect the query interval
are discarded early, yielding the final candidate set C. This
lightweight temporal pruning is performed without access-
ing any image data and introduces negligible overhead.

Windowed Read Plan Generation. As shown in Step 3
of Fig. 2, the final stage translates the candidate image
set into a concrete I/O plan. For each image I ∈ C, the
query executor issues a selective range-get on the I2G table
to retrieve only the gridwindow mappings relevant to the
query grids:

I2G [I, {g1, ..., gk}] = {WI_gi | gi ∩ I ̸= ∅} . (5)

Each WI_gi specifies the exact pixel window in the orig-
inal raster file that corresponds to grid cell gi. Since these
window offsets are precomputed during ingestion, query
execution requires only key-based lookups and arithmetic
filtering. No geographic coordinate transformation, polygon
clipping, or rastervector intersection is performed at query
time.

The resulting collection of pixel windows constitutes a
windowed read plan, which can be directly translated into
byte-range I/O requests against the storage backend. This
approach avoids loading entire scenes and ensures that
the total I/O volume is proportional to the queried spatial
extent rather than the image size.

4.3 Why I/O-aware
The key reason our indexing design is I/O-aware lies in the
fact that the index lookup results are not merely candidate
identifiers, but constitute a concrete I/O access plan. Unlike
traditional spatial indexes, where query processing yields a

set of objects that must still be fetched through opaque stor-
age accesses, our Grid-to-Image and Image-to-Grid lookups
deterministically produce the exact pixel windows to be
read from disk. As a result, the logical query plan and the
physical I/O plan are tightly coupled: resolving a spatio-
temporal predicate directly specifies which byte ranges
should be accessed and which can be skipped.

This tight coupling fundamentally changes the optimiza-
tion objective. Instead of minimizing index traversal cost or
result-set size, the system explicitly minimizes data move-
ment by ensuring that disk I/O is proportional to the querys
spatio-temporal footprint. Consequently, the index serves as
an execution-aware abstraction that bridges query semantics
and storage behavior, enabling predictable, bounded I/O
under both single-query and concurrent workloads.

Theoretical Cost Analysis. To rigorously quantify the
performance advantage, we revisit the query cost model
defined in Eq. (3):

Cost(Q) = Cmeta(Q) +
∑

R∈RQ

(Cgeo(R,Q) + Cio(R,Q)) .

In traditional full-image reading systems, although the
geospatial computation cost is negligible (Cgeo = 0) as no
clipping is performed, the I/O cost Cio is determined by the
full file size. Consequently, the total latency is entirely dom-
inated by massive I/O overhead, rendering Cmeta (typically
milliseconds) irrelevant.

Existing window-based I/O systems (e.g., ODC or COG-
aware libraries) successfully reduce the I/O cost to the
size of the requested window. However, this reduction
comes at the expense of a significant surge in Cgeo. For
every candidate image, the system must perform on-the-
fly coordinate transformations and polygon clipping to
calculate read offsets. When a query involves thousands of
images, the accumulated CPU time (

∑
Cgeo) becomes a new

bottleneck (e.g., hundreds of milliseconds to seconds), often
negating the benefits of I/O reduction (detailed quantitative
comparisons are provided in Sec. 7.2.2).

In contrast, our I/O-aware indexing approach fundamen-
tally alters this trade-off. By materializing the grid-to-pixel
mapping in the I2G table, we effectively shift the computa-
tional burden from query time to ingestion time. Although
the two-phase lookup (G2I and I2G) introduces a slight
overhead compared to simple tree traversals, Cmeta remains
in the order of millisecondsorders of magnitude smaller
than disk I/O latency. Since the precise pixel windows are
pre-calculated and stored, the runtime geospatial compu-
tation is effectively eliminated, i.e., Cgeo = 0. The system
retains the minimal I/O cost characteristic of window-based
approaches, fetching only relevant byte ranges. Therefore,
our design achieves the theoretical minimum for both com-
putation and I/O components within the query execution
critical path.

5 HYBRID CONCURRENCY-AWARE I/O COORDINA-
TION

In this section, we propose a hybrid coordination
mechanism that adaptively employs either lock-free
non-deterministic execution or deterministic coordinated
scheduling based on the real-time contention level of spatio-
temporal workloads.

5.1 Query Admission and I/O Plan Generation
When a spatio-temporal range query Q arrives, the system
first performs index-driven plan generation. The query foot-
print is rasterized into the global grid to enumerate the
intersecting grid cells. The G2I table is then consulted to
retrieve the set of candidate images, followed by selective
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Fig. 3. Hybrid Concurrency-Aware I/O Coordination.

lookups in the I2G table to obtain the corresponding pixel
windows.

As a result, each query is translated into an explicit I/O
access plan consisting of imagewindow pairs:
Plan (Q) = {(img1, w1) , (img1, w2) , (img3, w5) , ...} , (6)

where each window w denotes a concrete pixel range to be
accessed via byte-range I/O. Upon admission, the system
assigns each query a unique QueryID and records its arrival
timestamp.

5.2 Contention Estimation and Path Selection
To minimize the overhead of global ordering in low-
contention scenarios, the system introduces a Contention-
Aware Switch. Upon the arrival of a query batch Q =
{Q1, Q2, ..., Qn}, the system first estimates the Spatial Over-
lap Ratio (σ) among their generated I/O plans.

Let A(Plan(Qi)) be the aggregate spatial area of all pixel
windows in the I/O plan of query Qi. The overlap ratio σ
for a batch is defined as:

σ = 1−
A(

∪n
i=1 Plan(Qi))∑n

i=1 A(Plan(Qi))
, (7)

where σ ∈ [0, 1]. A high σ indicates that multiple queries
are competing for the same image regions, leading to high
I/O amplification if executed independently.

The system utilizes a rule-based assignment mechanism
similar to HDCC [20] to select the execution path:

1) Path A (Non-deterministic/OCC-style): If σ < τ (where
τ is a configurable threshold), queries proceed directly
to execution to maximize concurrency.

2) Path B (Deterministic/Calvin-style): If σ ≥ τ , queries
are routed to the Global I/O Plan Queue for coordi-
nated merging.

5.3 Deterministic Coordinated and Non-deterministic
Execution
When σ ≥ τ , the system switches to a deterministic path to
mitigate storage-level contention and I/O amplification, as
shown in Fig. 3. To coordinate concurrent access to shared
storage resources, we introduce a Global I/O Plan Queue
that enforces a deterministic ordering over all admitted
I/O plans. Each windowed access (img,w) derived from
incoming queries is inserted into this queue according to
a predefined policy, such as FIFO based on arrival time or
lexicographic ordering by (timestamp,QueryID).

This design is inspired by deterministic scheduling in
systems such as Calvin, but differs fundamentally in its
scope: the ordering is imposed on window-level I/O operations
rather than on transactions. As a result, accesses to the
same image region across different queries follow a globally
consistent order, preventing uncontrolled interleaving of
reads and reducing contention at the storage layer. The
deterministic ordering also provides a stable foundation for
subsequent I/O coordination and sharing.

The core of our approach lies in coordinating concurrent
windowed reads at the image level. Windows originating

from different queries may overlap spatially, be adjacent, or
even be identical. Executing these requests independently
would lead to redundant reads and excessive I/O amplifi-
cation.

To address this, the system performs three coordination
steps within each scheduling interval. Stage 1: Global De-
duplication. The system first extracts all windowed ac-
cess pairs (img,w) from the admitted queries and inserts
them into a global window set (Wtotal). If multiple queries
Q1, Q2, ..., Qn request the same pixel window w from image
img, the system retains only one unique entry in Wtotal.
This stage ensures that any specific byte range is identified
as a single logical requirement, effectively preventing the
redundant retrieval of overlapping spatial grids. Stage 2:
Range Merding. After de-duplication, the system analyzes
the physical disk offsets of all unique windows in Wtotal.
Following the principle of improving access locality, win-
dows that are physically contiguous or separated by a gap
smaller than a threshold θ are merged into a single read.
Stage 3: Dispatching. This stage maintains a mapping be-
tween the physical byte-offsets in the buffer and the logical
window requirements of each active query. Each query Qi

receives only the exact pixel windows w ∈ Plan(Qi) it
originally requested. This is achieved via zero-copy memory
mapping where possible, or by slicing the shared system
buffer into local thread-wise structures. This ensures that
while the physical I/O is shared to reduce amplification,
the logical execution of each query remains independent
and free from irrelevant data interference.

For example, when Q1 requests grids {1, 2} and Q2 re-
quests grids {2, 3}, Stage 1 identifies the unique requirement
set {1, 2, 3}. Stage 2 then merges these into a single contigu-
ous I/O operation covering the entire range [1, 3]. In Stage
3, the dispatcher identifies memory offsets corresponding
to grids 1 and 2 within the buffer and maps these slices to
the private cache of Q1. For Q2, similarly, the dispatcher
extracts and delivers slices for grids 2 and 3 to Q2.

Through these mechanisms, concurrent queries collab-
oratively share I/O, and the execution unit becomes a
coordinated window read rather than an isolated request.
Importantly, this coordination operates entirely at the I/O
planning level and does not require any form of locking or
transaction-level synchronization.

When contention remains below the threshold (σ < τ ),
the system prioritizes low latency over merging efficiency
by adopting an optimistic dispatch mechanism, as shown
in Fig. 3. Instead of undergoing heavy-weight sorting, I/O
plans are immediately offloaded to the execution engine.
By utilizing thread-local sublists, each thread independently
handles its byte-range requests.

5.4 Optimistic Read Execution and Completion
Once a coordinated window read is scheduled, the system
issues the corresponding byte-range I/O request immedi-
ately. Read execution is fully optimistic: there is no val-
idation phase, no abort, and no rollback. This is enabled
by the immutability of remote-sensing imagery and by the
deterministic ordering of I/O plans, which together ensure
consistent and repeatable read behavior.

A query is considered complete when all windows in
its I/O plan have been served and the associated local
processing (e.g., reprojection or mosaicking) has finished. By
eliminating validation overhead and allowing read execu-
tion to proceed independently once scheduled, the system
achieves low-latency query completion while maintaining
predictable I/O behavior under concurrency.

Overall, this concurrency-aware I/O coordination mech-
anism reinterprets concurrency control as a problem of
coordinating shared I/O flows. By operating at the granularity
of windowed reads and leveraging deterministic ordering
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and optimistic execution, it effectively reduces redundant
I/O and improves scalability for multi-user spatio-temporal
query workloads.

6 I/O STACK TUNING

We first describe an I/O stack tuning problem and then the
surrogate-assisted GMAB algorithm is proposed to solve the
problem.

6.1 Formulation of Online I/O Tuning
We study a concurrency spatio-temporal query engine that
processes many range queries at the same time. The system
works on large remote sensing images stored in shared
storage. Different from traditional HPC jobs or single-
application I/O workloads, the system does not run one
fixed job. Instead, it keeps receiving a stream of user queries.
Each query is turned into many small I/O operations that
often touch overlapping regions in large raster files.

Let Q = {Q1, Q2, . . . , QN} denote a stream of spatio-
temporal range queries submitted by multiple users. Each
query q is decomposed by the I/O-aware index into a set of
grid-aligned spatial windows based on a predefined global
grid system. These windows are further mapped to sub-
regions of one or more large remote sensing images. In
this way, every query produces an I/O execution context
c = ⟨W,M,S⟩, where W describes the set of image win-
dows to be accessed, including their sizes, spatial over-
lap, and distribution across images. M captures window-
level coordination opportunities, such as window merging,
deduplication, or shared reads across concurrent queries.
S represents system-level execution decisions, including
batching strategies, I/O scheduling order, and concurrency
limits. Importantly, the I/O behavior of the system is not
determined solely by static application code, but emerges
dynamically from the interaction between query workloads,
execution plans, and system policies.

The goal of I/O tuning in this system is to optimize
the performance of query-induced I/O execution under
continuous, concurrent workloads. We focus on minimizing
the observed I/O cost per query, which may be measured
by metrics such as average query latency, effective I/O
throughput, or amortized disk read time. Let θ ∈ Θ
denote a tuning configuration, where each configuration
specifies a combination of system-level I/O control param-
eters, including window batching size, merge thresholds,
queue depth, concurrency limits, and selected storage-level
parameters exposed to the engine. Unlike traditional I/O
tuning frameworks, the decision variables θ are applied at
the query execution level, rather than at application startup
or compilation time.

For a given tuning configuration θ and execution context
c, the observed I/O performance is inherently stochastic
due to: interference among concurrent queries; shared stor-
age contention; variability in window overlap and access
locality. We model the observed performance outcome as a
random variable:

Y (θ, c) = f (θ, c) + ϵ, (8)
where f (·) is an unknown performance function and ϵ
captures stochastic noise. Moreover, as query workloads
evolve over time, the distribution of execution contexts c
may change, making the tuning problem non-stationary.

Given a stream of queries Q and the resulting sequence of
execution contexts {ct}, the problem is to design an online
tuning strategy that adaptively selects tuning configurations
θt for query execution, so as to minimize the long-term
expected I/O cost:

min
{θt}

E

[
T∑

t=1

Y (θt, ct)

]
, (9)

subject to practical constraints on tuning overhead and
system stability.

6.2 Surrogate-Assisted GMAB for Online I/O Tuning

Algorithm 1: Surrogate-Assisted Genetic Multi-
Armed Bandit (SA-GMAB)

Input : Configuration space Θ, Initial population
size P , Exploration parameter α, Surrogate
update interval ∆

Output: Online selection of I/O coordination
configuration θt

// Initialization
1 Initialize memory table M = ∅;
2 Initialize surrogate model f̃ with empty training

data;
3 Generate an initial population P0 ⊂ Θ;
4 Set tuning step counter t← 0;

// Online Tuning Loop
5 while arrival of query qt with execution context ct do

// Candidate Generation
6 Apply genetic operators (selection, crossover,

mutation) on current population to generate
candidate set Ct ⊂ Θ;
// Surrogate-based Pre-evaluation

7 foreach θ ∈ Ct do
8 r̂θ ← f̃(θ, ct);
9 end

// Candidate Filtering
10 Select top-K configurations C′t ⊂ Ct based on r̂θ

or uncertainty;
// Bandit-based Selection

11 foreach θ ∈ C′t do

12 Score(θ) = µ̂θ + α
√

log(t+1)
nθ+1

;
13 end
14 Select configuration: θt = argmaxθ∈C′

t
Score(θ);

// Query Execution & Reward
Observation

15 Execute query qt using I/O coordination policy
θt;

16 Measure performance outcome and compute
reward rt;
// State Update

17 Update memory entry for θt: nθt ← nθt + 1;
18 µ̂θt ← µ̂θt +

rt−µ̂θt
nθt

;
19 Update population P by inserting θt (optionally

evicting low-performing ones);
20 if t mod ∆ = 0 then
21 Retrain surrogate model f̃ using observations

in M;
22 end
23 t← t+ 1;
24 end

To address the online I/O tuning problem, we use
a Surrogate-Assisted Genetic Multi-Armed Bandit (SA-
GMAB) framework. It combines genetic search, bandit-style
exploration, and a simple performance model. The goal is to
handle workloads where behavior changes over time, where
results are random, and where queries may affect each other.
The main steps of this framework are shown in Algorithm 1.

We first initialize the memory table and the surrogate
model, and then generate an initial population of config-
urations (lines 1-4). In our system, each arm is an I/O
tuning configuration θ ∈ Θ. A configuration is a group of
I/O control parameters, such as merge thresholds, batch
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size, queue depth, and limits on parallel requests. The
space of possible configurations is large and discrete. It
is not possible to list or test all of them. So we do not
fix all arms in advance. Instead, new configurations are
created dynamically by genetic operators during candidate
generation (line 6). Each configuration acts as a policy that
tells the system how to run I/O plans during a scheduling
period.

When a query qt with context ct arrives, the framework
enters the online tuning loop (line 5). For this query, a
set of candidate configurations is created through selection,
crossover, and mutation (line 6). For every candidate con-
figuration, the surrogate model predicts its reward under
the current context (lines 7-9). These predicted rewards
are then used to filter and keep only the top promising
configurations, or those with high uncertainty (line 10).

When a configuration θ is used to process a query qt
with context ct, the system observes a random performance
result Yt = Y (θ, ct). We define the reward as a simple
transformation of I/O cost so that a higher reward means
better performance. A common form is the negative latency
of the query, or the negative I/O time per unit work.
Because other queries run at the same time, the reward
may change even for the same configuration. Thus, many
samples are needed to estimate the expected reward.

For the remaining candidates, the framework computes a
bandit score using both historical average reward and explo-
ration term (lines 11–13), and then selects the configuration
with the highest score (line 14). In this way, the method
prefers configurations that have performed well before, but
it also tries configurations that have been used only a few
times.

The selected configuration is then applied to execute the
query (line 15). After execution, the system observes the
performance result and converts it into a reward value
(line 16). For each configuration θ, the system keeps a
memory entry that records how many times it has been
used and its average reward. These values are updated
after each execution (lines 17-18). This keeps all historical
observations instead of discarding older ones, so estimates
become more accurate over time, and poor configurations
are not repeatedly tried.

The selected configuration may also be added into the
population, while poor ones may be removed (line 19).
The surrogate model is retrained periodically using data
stored in memory (lines 20-22), so that its predictions follow
the most recent workload. The tuning step counter is then
increased (line 23), and the framework continues with the
next query (line 24).

7 PERFORMANCE EVALUATION

First, we introduce the experimental setup, covering the
dataset characteristics, query workload generation, and the
distributed cluster environment. Then, we present the ex-
perimental results evaluating the proposed I/O-aware in-
dexing structure, the hybrid concurrency-aware I/O coordi-
nation mechanism, and the online I/O tuning framework,
respectively.

7.1 Experimental Setup
7.1.1 Dataset
We employed a large-scale real-world remote sensing
dataset derived from the Sentinel-2 mission 1, specifi-
cally the Level-2A atmospherically corrected products. The
dataset comprises multi-spectral images covering global
land surfaces from 2019 to 2023. To simulate a cloud-
native storage environment, all images are converted into

1. https://sentinel.esa.int/web/sentinel/missions/sentinel-2

TABLE 1
Dataset Statistics

Dataset Resolution Time Span Total Volume

Sentinel-2 10m - 60m 2019–2023 15.4 TB
Landsat-8 30m 2020–2022 4.2 TB

TABLE 2
Cluster Configurations

Hardware Configuration (Per Node)

CPU Dual Intel Xeon Gold 6248 (20 cores,
2.50GHz)

Memory 128GB DDR4 ECC
Storage 4TB NVMe SSD (Data) + 500GB SSD (OS)

Network 10 Gigabit Ethernet (10GbE)

Software Stack
OS Ubuntu 20.04 LTS

Storage Hadoop 3.3.1, HBase 2.4.5, Lustre
Framework OpenJDK 11, Spark 3.2.1

Cloud-Optimized GeoTIFF (COG) format and stored in a
distributed object store. The statistics of the dataset are
summarized in Table 1.

7.1.2 Query Workload
To evaluate the system performance under diverse sce-
narios, we developed a synthetic workload generator that
simulates concurrent spatio-temporal range queries. The
query parameters are configured as follows:

• Spatial Extent: The spatial range of queries follows a
log-uniform distribution, ranging from small tile-level
access (0.001% of the scene) to large-scale regional
mosaics (1% to 100% of the scene).

• Temporal Range: Each query specifies a time interval
randomly chosen between 1 day and 1 month.

• Concurrency & Contention: The number of concurrent
clients N varies from 1 to 64. To test the coordina-
tion mechanism, we control the Spatial Overlap Ratio
σ ∈ [0, 0.9] to simulate workloads ranging from disjoint
access to highly concentrated hotspots.

7.1.3 Experimental Environment
All experiments are conducted on a cluster with 9 homoge-
nous nodes (1 master node and 8 worker nodes). The cluster
is connected via a 10Gbps high-speed Ethernet to ensure
that network bandwidth is not the primary bottleneck com-
pared to storage I/O. Table 2 lists the detailed hardware and
software configurations. The I/O-aware index (G2I/I2G) is
deployed on HBase, while the raw image data is served by
a MinIO distributed object storage cluster.

7.2 Evaluating the data indexing structure
In the following experiments, we measured the indexing
on a single node in the cluster, bacause each nodes needs
to the indexing for spatial query. We investigated of query
performance of the indexing for remote sensing images.

7.2.1 I/O Selectivity Analysis
First, we evaluated the effectiveness of data reduction by
measuring the I/O selectivity, defined as the ratio of the re-
trieved data volume to the total file size. Fig. 4 compares our
method against Baseline 1 (full-file retrieval) and Baseline
2 (exact window-based reading, e.g., OpenDataCube). As
illustrated in Fig. 4(a), Baseline 1 exhibits a linear increase
in I/O volume proportional to the file size, resulting in poor
selectivity regardless of the query footprint. In contrast,
both Baseline 2 and Ours significantly reduce I/O traffic by
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Fig. 5. End-to-End Query Latency

enabling partial reads. It is worth noting that our method in-
curs slightly higher I/O volume (approximately 16%−23%
of the file size for small queries) compared to the theoret-
ically optimal Baseline 2 (10% − 20%). This marginal data
redundancy is attributed to the grid alignment effect: our
index retrieves pixel blocks based on fixed grid boundaries,
whereas Baseline 2 performs precise geospatial clipping.
Fig. 4(b) further presents the distribution of unnecessary
data fraction. While our method introduces a small amount
of "over-reading" due to grid padding, it successfully avoids
the massive data waste observed in Baseline 1. As we will
demonstrate in the next section, this slight compromise
in I/O precision is a strategic trade-off that eliminates
expensive runtime computations.

7.2.2 End-to-End Query Latency
We next measured the end-to-end query latency to verify
whether the I/O reduction translates into time efficiency.
Fig. 5(a) reports the mean and 95th percentile (P95) latency
across varying query footprint ratios (log scale).The re-
sults reveal three distinct performance behaviors:Baseline 1
shows a high and flat latency curve (≈ 4500 ms), dominated
by the cost of transferring entire images.Baseline 2, despite
its optimal I/O selectivity, exhibits a significant latency floor
(≈ 380 ms for small queries). This overhead stems from
the on-the-fly geospatial computations required to calculate
precise read windows.Ours achieves the lowest latency,
ranging from 34 ms to 59 ms for typical tile-level queries
(10−4 coverage).Crucially, for small-to-medium queries, our
method outperforms Baseline 2 by an order of magnitude.
The gap between the two curves highlights the advantage of
our deterministic indexing approach: by pre-materializing
grid-to-window mappings, we eliminate runtime coordinate
transformations. Although our I/O volume is slightly larger
(as shown in Sec. 7.2.1), the time saved by avoiding com-
putational overhead far outweighs the cost of transferring
a few extra kilobytes of padding data.

To empirically validate the cost model proposed in Eq. 3,
we further decomposed the query latency into three com-
ponents: metadata lookup (Cmeta), geospatial computation
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(Cgeo), and I/O access (Cio). Fig. 5(b) presents the time
consumption breakdown for a representative medium-scale
query (involving approx. 50 image tiles). As expected, the
latency of Baseline 1 is entirely dominated by Cio (> 99%),
rendering Cmeta and Cgeo negligible. The massive data
transfer masks all other overheads. While Cio of Baseline 2 is
successfully reduced to the window size, a new bottleneck
emerges in Cgeo. The runtime coordinate transformations
and polygon clipping consume nearly 70% of the total
execution time (approx. 350 ms). This observation confirms
our theoretical analysis that window-based I/O shifts the
bottleneck from storage to CPU. The proposed method ex-
hibits a balanced profile. Although Cmeta increases slightly
(approx. 60 ms) due to the two-phase index lookup (G2I +
I2G), this cost is well-amortized. Crucially, Cgeo is effectively
eliminated (< 1 ms) thanks to the pre-computed grid-
window mappings. Consequently, our approach achieves a
total latency of approx. 150 ms, providing a 3× speedup
over Baseline 2 by removing the computational bottleneck
without regressing on I/O performance.

7.2.3 Ablation Study
To quantify the individual contributions of the G2I (coarse
filtering) and I2G (fine-grained access) components, we
decomposed the system into four variants. Fig. 6 breaks
down the performance in terms of I/O volume and latency
components (Metadata Lookup vs. Storage I/O). Fig. 6(a)
confirms that removing either component leads to sub-
optimal I/O behavior. The "No Index" and "G2I Only"
variants result in 100% I/O volume (full-file reads), as they
lack the window information required for partial access.
Conversely, "I2G Only" and "Full" (Ours) achieve minimal
I/O volume (≈ 10%).However, I/O volume alone does not
tell the full story. Fig. 6(b) reveals the latency breakdown:No
Index: Suffers from both high metadata scanning cost (full
table scan) and high storage I/O cost.G2I Only: Efficiently
reduces metadata lookup time (≈ 50 ms) but fails to reduce
storage I/O (≈ 8000 ms).I2G Only: Although it minimizes
storage I/O (≈ 100 ms), it incurs prohibitive metadata
lookup overhead (≈ 1500 ms) because the system must
scan the entire I2G table to identify relevant images without
spatial pruning.G2I + I2G (Ours): Achieves the "best of both
worlds," maintaining low metadata latency (≈ 60 ms) via
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G2I pruning while ensuring minimal storage I/O (≈ 100
ms) via I2G windowing.

Moreover, the choice of grid resolution (Zoom Level)
is a critical parameter that dictates the trade-off between
metadata management overhead (Cmeta) and I/O precision
(Cio). To justify our selection of Zoom Level 14, we con-
ducted a sensitivity analysis by varying the grid resolution
from Level 12 to Level 16 under a fixed workload of
medium-scale range queries. Fig. 7 illustrates the latency
breakdown across different resolutions. The results reveal
a clear convex trajectory in total query latency, driven by
two opposing forces. For coarse-grained grids (Level ≤ 13),
while metadata lookup is extremely fast (Cmeta < 30 ms)
due to the small number of grid keys, the I/O cost (Cio)
is prohibitively high. Large grid cells force the system to
read significant amounts of irrelevant pixel data outside the
actual query boundary (high read amplification), serving
as the dominant bottleneck. Conversely, finer grids (Level
15, 16) maximize I/O precision, reducing Cio to its theo-
retical minimum. However, this comes at the cost of an
explosion in metadata volume. A single query may intersect
thousands of Level 16 micro-grids, causing Cmeta to surge
drastically (> 280 ms) due to the overhead of scanning
and processing massive key lists in the G2I/I2G tables.
As evidenced by the trough in the total latency curve,
Zoom Level 14 represents the optimal "sweet spot" for our
dataset. At this resolution, the grid cell size (approx. 20×20
meters at the equator) roughly matches the typical internal
tile size of remote sensing images, keeping I/O waste low
while maintaining a manageable number of index keys.
Consequently, our system adopts Level 14 as the default
global configuration.

7.2.4 Index Construction and Storage Overhead
Finally, we evaluated the scalability and cost of maintaining
the index. Fig. 8 compares our method against PostGIS
(R-tree) and GeoMesa (Z-order) during the ingestion of
106 images.Fig. 8(a) illustrates the ingestion throughput.
PostGIS exhibits a degrading trend as the dataset grows,
bottlenecked by the logarithmic cost of R-tree rebalancing.
In contrast, Ours maintains a stable throughput (≈ 2100
img/sec). Although slightly lower than the lightweight
GeoMesa (≈ 2500 img/sec) due to the dual-table write
overhead, our method demonstrates linear scalability suit-
able for high-velocity streaming data.Regarding storage cost
(Fig. 8(b)), our index occupies approximately 0.83% of the
raw data size. While this is higher than GeoMesa (0.15%)
and PostGIS (0.51%) due to the storage of grid-window
mappings, it remains strictly below the 1% threshold. This
result validates that the proposed method achieves signifi-
cant performance gains with a negligible storage penalty.

7.3 Evaluating the Concurrency Control
In this section, we evaluate the proposed hybrid coordina-
tion mechanism on a distributed storage cluster to assess its
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scalability, robustness under contention, and internal stor-
age efficiency. We investigated end-to-end latency, through-
put, tail latency, and I/O amplification under varying de-
grees of concurrency and spatial contention.

To systematically control the workload characteristics, we
developed a synthetic workload generator. We define the
Spatial Overlap Ratio (σ) to quantify the extent of shared data
regions among concurrent queries, ranging from σ = 0 (dis-
joint) to σ = 0.9 (highly concentrated hotspots). The number
of concurrent clients varies from N = 1 to N = 64. For
comparison, we evaluate the following execution schemes:

1) Baseline A (Naive): Queries function as isolated
threads with independent I/O execution.

2) Baseline B (Shared Index): Metadata access is shared,
but data retrieval remains uncoordinated, representing
the state-of-the-practice in systems like GeoMesa.

3) Ours: The proposed mechanism featuring contention-
aware switching, global I/O plan ordering, and win-
dow merging.

7.3.1 Concurrency Scalability
First, we investigated the system scalability by increasing
the number of concurrent clients from 1 to 64 under a high-
overlap scenario (σ ≈ 0.8). Fig. 9 reports the mean latency,
P95 tail latency, and aggregate throughput. Note that the
latency axes in Fig. 9(a) are plotted on a log scale to visualize
the orders-of-magnitude difference.

As shown in Fig. 9(a), both Baseline A and Baseline B
exhibit exponential latency degradation. At 64 clients, the
mean latency of Baseline A spikes to 12,000 ms, indicating
severe storage saturation. This bottleneck arises from the
“I/O blender effect,” where randomized concurrent reads
trigger severe disk seek thrashing. In contrast, Ours main-
tains a stable latency profile, increasing only marginally to
110 ms at 64 clients.

Fig. 9(b) further demonstrates the throughput advantage.
While Baselines saturate at approximately 16–32 clients,
Ours demonstrates super-linear throughput scaling relative
to logical requests. This is attributed to the request collapse
mechanism, where higher concurrency increases the prob-
ability of window merging, thereby reducing the physical
I/O cost per query.

7.3.2 Tail Latency and Contention Sensitivity
Next, we fixed the concurrency at N = 32 and swept
the Spatial Overlap Ratio σ from 0 to 0.9 to evaluate the
system’s resilience to hotspots. Fig. 10 depicts the P95
latency and fairness index.

Intuitively, higher contention typically degrades perfor-
mance. However, Fig. 10(a) reveals a counter-intuitive phe-
nomenon for our system: the P95 latency remains flat (≈ 48
ms) even as σ approaches 0.9. This indicates that our
coordination mechanism successfully converts contention”
into optimization opportunities” via window merging. Con-
versely, both Baselines exhibit a sharp “performance cliff”
when σ > 0.5, with Baseline A reaching 8,500 ms at σ = 0.9.
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Fig. 11. Storage-Level Effects and Request Collapse

Furthermore, Fig. 10(b) shows that our system maintains
a Jains Fairness Index near 1.0, whereas Baselines drop to
0.25–0.35. This confirms that the deterministic plan queue
effectively prevents the starvation of queries accessing con-
tended regions.

7.3.3 Storage-Level Effects and Request Collapse

To explain the performance gains observed above, we an-
alyzed the internal I/O behavior. Fig. 11 compares the
physical data movement against logical query demands.
Note that in this experiment, Baseline A and Baseline B
are grouped as a single baseline, as neither implements
window-level coordination.

Fig. 11(a) and Fig. 11(b) demonstrate the Request Collapse
effect. While 64 concurrent clients generate 12,800 IOPS in
the baseline, our system collapses them into fewer than
600 physical operations. Fig. 12 quantifies this using the
Merging Efficiency. As the overlap ratio σ increases, the I/O
amplification factor of our system drops linearly from 1.0 to
0.15. This mathematically proves that the throughput gains
are derived from a fundamental reduction in physical I/O
volume rather than mere CPU scheduling.
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7.3.4 Deterministic vs Non-Deterministic Modes
We then validated the effectiveness of the hybrid switching
logic by comparing it against static Forced Optimistic” and
Forced Deterministic” policies. As shown in Fig. 13, the
static policies exhibit distinct weaknesses: the Deterministic
mode incurs high coordination overhead (≈ 60 ms) at
low σ, while the Optimistic mode suffers from exponential
thrashing at high σ. The Hybrid curve successfully tracks
the lower performance envelope of the two.

7.3.5 Microbenchmark of Window Merging
Finally, we dissected the efficiency of the three-stage reduc-
tion pipeline. Fig. 14(a) shows that the combination of De-
duplication (Stage 1) and Range Merging (Stage 2) achieves
a cumulative reduction in request count consistent with the
findings in Section 5.3.3.

Fig. 14(b) presents the Run Length Distribution (CDF) of
I/O requests. The proposed mechanism shifts the I/O pat-
tern from small, fragmented reads (typical in baselines) to
larger, sequential chunks, which significantly amortizes disk
seek times.Fig. 14(c) presents the cost-benefit analysis. The
CPU overhead of the dispatcher remains negligible (< 2.5µs
per window) compared to the benefit of achieving a > 90%
zero-copy ratio, verifying that the algorithmic complexity of
coordination yields a high return on investment in terms of
system throughput.

7.4 Evaluating the I/O tuning
In this section, we evaluate the effectiveness of the proposed
SA-GMAB tuning framework. The experiments are de-
signed to verify four key properties: fast convergence speed,
robustness against stochastic noise, adaptability to work-
load shifts, and tangible end-to-end performance gains.

7.4.1 Convergence Speed and Tuning Cost
First, we initiated a cold-start tuning session to evaluate
how efficiently each method identifies high-quality config-
urations. Fig. 15 reports the convergence trajectory, cumu-
lative tuning cost, and search efficiency.

As shown in Fig. 15(a), the Default configuration remains
trapped in a high-latency state (≈ 450 ms). While H5Tuner
and TunIO gradually improve performance, they exhibit
slow decay rates, requiring over 80 steps to stabilize. In
contrast, SA-GMAB achieves a sharp drop in best-observed
latency within the first 15–20 steps. This acceleration is
attributed to the surrogate model, which effectively prunes
unpromising configurations before costly execution.

Fig. 15(b) plots the cumulative tuning overhead (regret).
The steep slope of the GA-based baselines indicates that
they repeatedly explore poor configurations due to their
memory-less nature. Our method exhibits the flattest curve,
minimizing the cumulative performance loss during explo-
ration. Furthermore, Fig. 15(c) confirms the high sample effi-
ciency: SA-GMAB reaches the near-optimal zone (≈ 50 ms)
after evaluating significantly fewer unique configurations
compared to H5Tuner and TunIO.
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7.4.2 Robustness under Stochastic Interference
In concurrent I/O environments, performance measure-
ments are inherently noisy. Fig. 16 evaluates the robustness
of the tuning algorithms under such stochastic interference.

Fig. 16(a) tracks the instantaneous reward over time.
H5Tuner exhibits high variance, frequently dropping to
low-reward regions because it discards good configurations
that perform poorly once due to transient noise. In contrast,
SA-GMAB maintains a stable high-reward trajectory. By
aggregating historical observations in the memory table, our
method “smooths out” the noise and correctly identifies
optimal configurations despite fluctuations. Fig. 16(c) fur-
ther breaks down the decision quality. Our method selects
the Optimal Configuration for 88% of the rounds, whereas
H5Tuner selects it only 35% of the time, wasting the major-
ity of its budget on suboptimal or poor parameters.

7.4.3 Adaptation to Workload Shifts
We then investigated the system’s ability to adapt to non-
stationary environments. We introduced a sudden workload
shift at t = 60, changing the query pattern from sparse
random access to dense sequential scans.

As illustrated in Fig. 17(a), the shift causes an immediate
latency spike (> 300 ms) for all methods. The Default policy
fails to adapt. H5Tuner reacts sluggishly, requiring many
generations to evolve parameters for the new regime. SA-
GMAB, however, detects the context change and leverages
its surrogate model to rapidly propose new candidates,
achieving a full recovery to the new optimal latency (≈ 80
ms) within fewer than 15 batches (Fig. 17(c)).Fig. 17(b)
traces the evolution of the Merge Threshold parameter. While
baselines drift slowly, our method executes a decisive shift
from 0.2 to 0.8, effectively locking onto the new optimal
region required by the sequential workload.

7.4.4 Impact on End-to-End Query Performance
Finally, we measured the steady-state performance of the
fully optimized system. Fig. 18 compares the end-to-end
metrics across different tuning methods.

Fig. 18(a) presents a latency trace during steady-state
operation. While Default suffers from high latency and GA-
based methods exhibit jitter due to unstable exploration,
SA-GMAB maintains a consistently low and smooth latency
profile (≈ 45 ms). This stability is critical for meeting SLA
requirements in real-time analytics. Fig. 18(b) summarizes
the aggregate throughput gain. Our method achieves a
5.6× improvement over the default configuration. Fig. 18(c)
reveals the underlying reason: under high contention, the
tuner automatically selects aggressive batching and merging
parameters, driving the I/O amplification factor down to
0.2. This confirms that SA-GMAB effectively aligns the sys-
tem configuration with real-time workload characteristics to
maximize I/O efficiency.

8 CONCLUSIONS

Modern high-performance remote sensing data manage-
ment systems face a critical bottleneck shift from metadata
discovery to data extraction, driven by prohibitive runtime
geospatial computations (Cgeo) and severe I/O contention
under concurrent access. This paper presents a compre-
hensive I/O-aware query processing framework designed
to strictly bound query latency and maximize throughput
for large-scale spatio-temporal analytics. By introducing
the "Index-as-an-Execution-Plan" paradigm and a dual-layer
inverted structure (G2I and I2G), we bridge the semantic
gap between logical indexing and physical storage, effec-
tively shifting the computational burden from query time to
ingestion time.To address the scalability challenges in multi-
user environments, we developed a hybrid concurrency-
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Fig. 18. Impact on End-to-End Query Performance

aware I/O coordination protocol that adaptively switches
between deterministic ordering and optimistic execution
based on spatial contention. Furthermore, to handle the
complexity of parameter configuration in fluctuating work-
loads, we integrated a Surrogate-Assisted Genetic Multi-
Armed Bandit (SA-GMAB) mechanism for online auto-
matic I/O tuning.Our empirical evaluation on large-scale
Sentinel-2 datasets demonstrates that the proposed I/O-
aware index reduces end-to-end latency by an order of
magnitude compared to standard window-based reading
approaches. The hybrid coordination mechanism effectively
converts I/O contention into request merging opportuni-
ties, achieving linear throughput scaling significantly supe-
rior to traditional isolated execution. Additionally, the SA-
GMAB tuning method exhibits faster convergence speed
and greater robustness against stochastic noise compared to

existing genetic baselines. These findings provide a scalable
and predictable path for next-generation remote sensing
platforms to support real-time, data-intensive concurrent
workloads.
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