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Abstract
Zonal Statistics (ZS) is a fundamental operation in Earth Obser-
vation workflows. It aggregates raster pixel values within regions
defined by vector geometries, such as computing average vegeta-
tion indices across farmland parcels. Unlike traditional database
operations, which operate within a single data model, ZS requires
joining two fundamentally different spatial data models: raster and
vector. This data heterogeneity introduces unique benchmarking
challenges that existing spatial benchmarks, which focus on one
data model in isolation, do not address. In this paper, we present an
experimental study of spatial operations over raster and vector data,
using ZS as a representative case. Evaluating three architecturally
diverse systems—PostGIS (relational), Beast (dataflow), and Ras-
DaMan (array-based)—across 25 queries over 17 real-world datasets,
we find that the interaction between data characteristics (geome-
try type, raster-to-vector size ratio, coordinate reference systems)
and system internals causes performance differences of up to 22×
between competitive systems, while parameter tuning alone can
yield over 55× speedup within a single system.

CCS Concepts
• Information systems→ Spatial-temporal systems;Database
performance evaluation.

Keywords
zonal statistics; raster-vector; spatial benchmark; remote sensing

1 Introduction
The rapid growth of satellite imagery and open geospatial datasets [6,
11] has made Zonal Statistics (ZS) a critical operation in Earth Ob-
servation (EO) pipelines [7]. ZS combines raster data (e.g., satellite
imagery) with vector data (e.g., administrative boundaries) by ag-
gregating pixel values within vector-defined zones—for example,
computing average vegetation indices for farmland parcels [25] or
tracking wildfire spread across defined regions [30].
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What makes ZS particularly interesting for benchmarking is
that it operates on heterogeneous spatial data. Unlike traditional
databases that work only within the relational model, ZS requires
combining two fundamentally different data models: raster data
(regular grids of pixel values) and vector data (geometric features on
a continuous coordinate space). This heterogeneity introduces chal-
lenges that have no direct parallel in standard database benchmarks:
coordinate reference system alignment across datasets, model-specific
preprocessing requirements, and tuning parameters sensitive to
interactions between the data characteristics of both models.

Several spatial data systems support ZS, including PostGIS [1],
Beast [16], RasDaMan [3], and Apache Sedona [2]. However, ex-
isting spatial benchmarks either focus on one data model in isola-
tion [22, 28], or, in the case of combined workloads [32], evaluate
systems only as-is, leaving out tuning parameters, and cross-format
interactions that, as we show, dominate performance.

In this paper, we present an experimental study of spatial oper-
ations over heterogeneous data, using ZS as a representative and
practically important case.We leverage Raven [15], our open-source
ZSmiddleware, to ensure that each system executes the same logical
query with consistent preprocessing. Our contributions are:
(1) We highlight and analyze several challenges that arise when

benchmarking spatial operations over heterogeneous raster
and vector data, which are not captured by existing single-data-
model spatial benchmarks (Section 3).

(2) We present experimental results across relational, dataflow,
and array-based spatial systems using 17 real-world datasets
and 25 queries. Our results reveal performance gaps of up to
22× between competitive systems, and over 100× for less com-
petitive ones, driven by workload characteristics. Notably, the
often overlooked CRS alignment strategy is the most impactful
tuning parameter for ZS workloads (Section 4).

2 Background
This section introduces the raster and vector data models, Zonal
Statistics, spatial data alignment, and the systems under test.

2.1 Raster and Vector Data
Geospatial data comes in two fundamentally different data mod-
els. Raster data represents spatial information as a regular grid of
cells (pixels), where each cell corresponds to a fixed geographic
area and stores a numeric value such as temperature, elevation,
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Figure 1: Zonal Statistics: vector features ➀ define zones over
a raster image ➁. After a spatial join ➂➃, pixel values are
aggregated per zone ➄ to produce a statistics table ➅.

or a vegetation index. Satellite images, digital elevation models,
and climate datasets are typically captured in raster format (e.g.,
GeoTIFF files). Vector data represents geographic features using geo-
metric primitives—points, LineStrings, and polygons—along with
associated attributes. Examples include administrative boundaries,
coastlines, and wildfire perimeters.

The two data models have different strengths: raster data effi-
ciently represents continuous spatial phenomena at uniform res-
olution, while vector data precisely describes discrete geographic
features with arbitrary shapes and boundaries. Many Earth Obser-
vation applications require combining both data models, which is
the core challenge underlying Zonal Statistics.

2.2 Zonal Statistics
A Zonal Statistics (ZS) operation computes aggregate statistics over
raster pixel values within zones defined by vector geometries [7].
Figure 1 illustrates the process: given a set of vector features (e.g.,
land parcels) and a raster image (e.g., a vegetation index), the op-
eration first joins the two datasets by determining which pixels
fall within each vector feature. The join produces an intermediate
result where each vector feature is associated with a set of pixel
values. Finally, aggregation functions (e.g., count, mean, min, max)
are applied per feature, producing a statistics table that can serve
as input to a variety of downstream analysis use cases.

From a database perspective, ZS can be understood as a spatial
join between a raster and a vector relation, followed by a group-
by aggregation. However, unlike standard relational joins, the join
predicate operates across heterogeneous data models: pixels occupy
fixed grid cells while vector features are defined on a continuous co-
ordinate space. This mismatch introduces ambiguity in the semantic
meaning of pixels intersecting a feature and creates preprocessing
requirements that do not arise in traditional benchmarks.

2.3 Spatial Data Alignment
Two technical concepts significantly affect ZS performance and are
central to the benchmarking challenges we identify.

Coordinate Reference Systems (CRS). Every geospatial dataset
is defined relative to a CRS, which specifies how geographic co-
ordinates map to locations on Earth. Different datasets may use
different CRSs (e.g., WGS 84 for global data, UTM zones for regional
data). Prior to a spatial join, both datasets must exist in the same
CRS. Otherwise, one dataset has to be reprojected, which is compu-
tationally expensive [23] and can introduce numerical inaccuracies,
making the choice of which dataset to reproject non-trivial.

Clipping. Every spatial dataset has a spatial extent: the axis-aligned
bounding box of its geographic coverage. Since ZS operates only
within the overlapping area of both datasets, irrelevant data can be
discarded early. For vector data, this involves a spatial filter that
discards features outside the common extent. For raster data, the
equivalent operation is clipping, which extracts the overlapping
portion of the grid into a smaller raster. Clipping is more expensive
than vector filtering because it usually requires decoding and rewrit-
ing pixel data, making the decision of when to apply it—during
preprocessing or query time—crucial.

2.4 Spatial Systems Under Test
We select systems that represent three fundamentally different
architectural approaches to resolving raster-vector heterogeneity:
relational spatial databases (PostGIS), distributed dataflow systems
(Beast), and array databases (RasDaMan). We also evaluated Apache
Sedona [2] as an additional dataflow system, but excluded it from
our analysis because its ZS support produced inconsistent results
across configurations and was outperformed by the other systems.
PostGIS [1] is a spatial extension for PostgreSQL. It models both
vector and raster data in relational tables and exposes an SQL-based
query interface. Data must be ingested into internal tables before
querying, incurring upfront cost but enabling efficient repeated
queries through indexing. Raster operations in PostGIS are handled
by GDAL [21], which is accessed via C-language UDFs.
Beast [16] is built on Apache Spark and represents the class of
distributed spatial analytics systems that execute spatial workloads
in dataflow engines. It implements the RaptorJoin algorithm [33] for
native raster-vector joins without format conversion. Beast reads
data directly from source files at query time using a Scala-based
API, avoiding ingestion overhead. Internally, Beast uses the Java
Topology Suite (JTS) library for spatial operations.
RasDaMan [3] is an array-based database optimized for multi-
dimensional raster data. It provides a Web Coverage Processing
Service (WCPS) query interface, requires vector data to be raster-
ized or inlined as Well-Known Text (WKT) coordinates before ZS
queries can execute, and processes one vector feature per request.
We include RasDaMan to represent the array-database paradigm,
which is widely used for large raster archives in Earth Observation
infrastructures. However, as we show in Section 4, its sequential
per-feature processing model makes it unsuitable for ZS workloads
with large vector datasets.

3 Challenges and Experimental Methodology
We identify four key challenges that arise when benchmarking
operations across heterogeneous spatial data, where inputs do not
share a common data model.
C1: API and Data Model Heterogeneity. The systems under
test do not merely differ in query syntax. They adopt fundamen-
tally different strategies for bridging the raster-vector divide. Post-
GIS normalizes both formats into relational tables, Beast preserves
native formats and joins across them using its RaptorJoin algo-
rithm [33], and RasDaMan requires vector data to be rasterized or
inlined as WKT coordinates before querying. These are not inter-
changeable implementations of the same operation; they represent
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distinct resolution strategies for the underlying data heterogene-
ity, each with different data preparation steps. Even the definition
of the spatial join predicate can differ across systems if not ex-
plicitly controlled. For example, a pixel may belong to a zone if it
intersects the boundary, or only if its center lies within it. A fair
benchmark must therefore ensure that all systems execute seman-
tically equivalent operations over consistently prepared, isolating
system performance from modeling and implementation choices.
C2: Asymmetries Across Evaluation Phases. Operations over
heterogeneous data introduce asymmetries across three distinct
evaluation phases: preprocessing (e.g., format conversion, CRS align-
ment, and clipping), ingestion (loading data into the system’s inter-
nal storage), and query execution (running the ZS query). Not all
systems require all phases: PostGIS incurs upfront ingestion costs
exceeding 50 minutes for large raster datasets, while Beast reads
directly from source files and avoids ingestion entirely. Moreover,
the costs of these phases are not independent: whether CRS repro-
jection is applied during preprocessing or deferred to execution
time affects both preprocessing cost and query latency (cf. C3). A
benchmark must therefore measure all three phases separately, so
that users can interpret results in light of their use case.
C3: Tuning Parameter Sensitivity. ZS performance is highly
sensitive to parameters that are often overlooked in benchmarks.
We identify two critical tuning dimensions: (i) CRS alignment strat-
egy: the choice of which dataset to reproject affects both cost and
accuracy; (ii) early filtering: reducing the data volume before the
join, either spatially (e.g., clipping the raster or discarding vector
features outside the common extent, cf. Section 2) or by apply-
ing attribute-based predicates to the vector dataset. A benchmark
that uses default configurations for all systems may inadvertently
penalize systems whose defaults are suboptimal for the workload.
C4: Workload Sensitivity. Unlike traditional database bench-
marks, where workload dimensions (e.g., table size, selectivity)
belong to a single data model, ZS workloads vary across dimen-
sions from two different data models. For example, geometry type
and feature count are vector properties, while resolution and pixel
count are raster properties. Yet, their interaction governs perfor-
mance: as we show in Section 4, geometry type can reverse which
system performs best because it triggers fundamentally different
indexing behavior depending on the system’s join strategy. This
cross-model interaction means that varying one dimension at a
time, as single-model benchmarks typically do, fails to capture the
workload configurations that cause the largest performance gaps.
A benchmark over heterogeneous data must therefore vary dimen-
sions from both models jointly and evaluate enough combinations
to expose these interactions.

We adopt the following methodology to address these challenges:
Unified Query Specification. To address C1, we use Raven [15],
an open-source middleware that translates a single declarative ZS
query specification into native code for each execution platform.
Importantly, Raven operates at query translation time: it generates
native code for each system (SQL for PostGIS, Scala for Beast, WCPS
for RasDaMan), so it introduces no overhead during preprocessing,
ingestion, or query execution. Raven controls for join semantics
and ensures consistent data preparation across systems, so that
observed performance differences reflect system capabilities rather

than differences in how each system bridges the raster-vector divide.
Both Raven [4] and all experiment scripts are publicly available [5],
enabling full reproducibility of our experiments.
Separating Evaluation Phases. To address C2, we measure pre-
processing, ingestion, and query execution separately. End-to-end
measurements would obscure the cost of bridging heterogeneous
data models, making it impossible to distinguish whether a sys-
tem is slow because of expensive preprocessing, high ingestion
overhead, or inefficient query execution. Reporting each phase in-
dependently allows users to interpret the results in light of their
use case—for example, whether ingestion costs can be amortized
across many queries.
Systematic Tuning Exploration. To address C3, we evaluate
each system across multiple tuning configurations, including differ-
ent CRS alignment strategies (e.g., reprojecting vector data to the
raster’s CRS versus the reverse) and filtering approaches (spatial
clipping and attribute-based predicates). We report both default
and tuned performance to quantify the gap between out-of-the-box
and optimized configurations.
Diverse Workloads. To address C4, we design 25 queries (Table 2)
over 10 raster and 7 vector datasets (Table 1). The queries vary
dimensions from both data models jointly: geometry types and
feature counts on the vector side, resolutions on the raster side, and
spatial selectivity (the ratio of overlapping to total extent) across
the two. Crucially, we include query pairs that isolate cross-model
interactions—e.g., the same raster dataset joined with both Polygon
and LineString geometries—so that the performance effects of these
interactions are directly observable.

4 Experimental Results
We organize our evaluation around three key questions that arise
from the challenges identified in Section 3: RQ1: How does system
choice affect performance? RQ2: How sensitive is performance to
tuning? RQ3:What workload characteristics drive performance?

In this section, we first describe our experimental setup, present
the findings for each question, and conclude with implications for
benchmark design.
Experimental Setup. All experiments were conducted on a single
Intel Xeon E-2278G server with 128GiB RAM and 2 TB SSD. This
reflects common practice among domain scientists, who typically
develop and test their analyses in single-node environments be-
fore scaling up. Furthermore, the single-node evaluation allows
us to isolate architectural differences from the effects of the clus-
ter configuration. Distributed systems like Beast may benefit from
multi-node deployments that amortize Spark’s startup overhead.
However, in preliminary tests with up to 4 nodes, only a few queries
saw gains while all incurred higher startup overhead. We evalu-
ate PostGIS v3.3, Beast v0.9.5, and RasDaMan v10.0.5 in isolated
Docker containers with default system-level settings. Each query
is executed once cold, then we report the average of three warm
runs. Both Raven and all experiment scripts, queries, and datasets
are publicly available [4, 5].
Datasets.We use 10 raster and 7 vector real-world datasets (Table 1)
spanning wildfire analysis, vegetation monitoring, elevation mod-
eling, land use classification, and coastal hazard assessment. Vector
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Table 1: Datasets used in the evaluation.

Name Domain Size Features / Pixels Geom / Resolution CRS (EPSG) Source

Vector Datasets (7)
Land Usage (County) Land use 94.8MiB 78,819 feat. Polygon 25833 [26]
Land Usage (State) Land use 1.44GiB 1,245,678 feat. Polygon 25833 [26]
Wildfires EU Wildfire 36.0MiB 12,244 feat. Polygon 3035 [18]
Wildfires USA Wildfire 514.7MiB 29,583 feat. Polygon 4269 [35]
Coastline Coastal hazard 237.6MiB 130,686 feat. LineString 3857 [38]
Train Routes US Transportation 7.41MiB 49 feat. LineString 4326 [27]
Landslides Geology 11.7MiB 49,103 feat. Polygon 32632 [20]

Raster Datasets (10)
NDVI (coarse, sm) Vegetation 115MiB 5,490×5,490 ∼1 km 32633 [19]
NDVI (coarse, lg) Vegetation 432.7MiB 19,411×11,686 ∼1 km 4326 [19]
NDVI (fine, lg) Vegetation 1.69GiB 38,822×23,371 ∼500m 4326 [19]
MERIS LC Land cover 315.5MiB 129,600×64,800 ∼300m 4326 [17]
Air Density Climate 6.99GiB 144,263×55,933 ∼1 km 4326 [10]
Wind Power Density Climate 13.8 GiB 144,263×55,933 ∼1 km 4326 [10]
Wind Speed Climate 13.2 GiB 144,263×55,933 ∼1 km 4326 [10]
US DEM Elevation 4.63GiB 53,101×23,401 1/3 arc-sec 4269 [34]
LU/LC North Italy Land cover 193.1MiB 72,000×36,000 10m 4326 [37]
NLCD Land cover 18.2 GiB 204,254×95,543 30m 4326 [12]

Table 2: Query workload. Selectivity refers to the fraction of vector features retained after filtering (spatial or attribute-based).

Q Vector Dataset Raster Dataset Geom Selectivity Remarks

1 Land Usage (County) NDVI (coarse, sm) Poly 0.15 (attr.) Attribute filtering baseline
2 Land Usage (State) NDVI (coarse, lg) Poly 0.15 (attr.) Effect of scaling vector size (cf. Q1)
3 Land Usage (State) NDVI (fine, lg) Poly 0.15 (attr.) Effect of doubling raster resolution (cf. Q2)

4–7 Wildfires EU MERIS LC Poly 1.0 Isolates effect of aggregation group size
8–9 Wildfires USA Air Density Poly 0.04 / 1.0 Spatial selectivity pair
10–11 Wildfires USA Wind Power Density Poly 0.04 / 1.0 Spatial selectivity pair; larger raster (cf. Q8–9)
12–13 Wildfires USA Wind Speed Poly 0.04 / 1.0 Spatial selectivity pair; same raster scale as Q10–11
14–16 Wildfires EU Wind Speed / Wind Power / Air Density Poly 1.0 Effect of vector scale on same rasters (cf. Q8–13)
17 Train Routes US US DEM LS 1.0 Sparse and long LineStrings (49 features)
18 Landslides LU/LC North Italy Poly 1.0 Regional-scale raster–vector overlap
19 Wildfires USA MERIS LC Poly 1.0 Cross-reference with Q4–7 (same raster, different vector)
20 Coastline Wind Power Density LS 1.0 Dense LineStrings (130K features); flash index stress test
21 Coastline Wind Speed LS 1.0 Same vector as Q20, different raster
22 Train Routes US NLCD LS 1.0 Sparse LineStrings against largest raster
23 Coastline Air Density LS 1.0 Same vector as Q20–21, different raster
24 Wildfires USA NLCD Poly 1.0 Largest raster–vector combination (Polygon)
25 Wildfires USA US DEM Poly 1.0 CRS alignment sensitivity target (cf. Section 4.2)

datasets range from 49 features (train routes) to over 1.2 million fea-
tures (land use parcels), cover both Polygon and LineString geome-
try types, and are sourced from OpenStreetMap [27], governmental
cadastral data [26], and domain-specific archives [18, 20, 35, 38].
Raster datasets span from 115MiB regional images to 18.2 GiB
global-scale grids and are drawn from satellite programs and global
climate models [10, 12, 17, 19, 34, 37]. This diversity in size, geome-
try type, resolution, and spatial coverage ensures that the workload
is representative of real-world ZS scenarios.

Query Workload. We design 25 queries (Table 2) to systemati-
cally vary dimensions across both data models. On the vector side,
queries vary in geometry type (Polygon vs. LineString), feature
count, and selectivity (both spatial and attribute-based). On the
raster side, queries vary in resolution and spatial coverage. Queries
4–7 incrementally increase aggregation group sizes over the same
datasets to isolate the effect of aggregation complexity. Queries 8–
13 form three selectivity pairs, joining the same large Wildfire USA
polygon dataset with different global rasters at 0.04 and 1.0 spa-
tial selectivity, isolating the effect of early spatial filtering. Queries

14–16 join the same three global rasters with a smaller EU wildfire
vector dataset, enabling a direct comparison of vector-scale effects.
The LineString queries (17, 20–23) pair both sparse (49 features)
and dense (130K features) LineString datasets against large rasters,
directly exposing the cross-model interaction between geometry
type and system join strategy. Due to space constraints, we present
a representative subset of our full experimental evaluation.

4.1 How Does System Choice Affect
Performance?

Figure 2 shows execution times for all 25 queries. PostGIS and Beast
trade the lead depending on workload, with performance gaps of
6–22×, while RasDaMan’s sequential per-feature processing causes
most queries to exceed the 1000-second timeout. PostGIS is gener-
ally faster for smaller datasets andmoderate-complexity geometries,
but Beast outperforms it for large polygon-based vector datasets
(e.g., wildfire polygons with 29K features), where its RaptorJoin
algorithm efficiently handles raster-vector spatial joins. In contrast,
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Figure 2: ZS execution latency across 25 queries. RasDaMan
exceeds the 1000s timeout on multiple queries (✗).

Beast struggles with LineString geometries, exhibiting significantly
higher latency, which we analyze further in Section 4.3.

When ingestion costs are included, the picture changes. Post-
GIS’s ingestion step can exceed 50 minutes for large raster datasets,
whereas Beast avoids ingestion entirely, making Beast faster for
single executions. These loading overheads are consistent with
prior analyses of geospatial data loading, which show that the
choice of file format and system materially affects end-to-end per-
formance [36]. However, PostGIS’s per-query execution cost is
lower for most queries, so it becomes preferred after enough re-
peated executions. The crossover point is workload-dependent: for
most polygon-based queries, PostGIS needs 20–40 executions to
amortize its ingestion cost, while for LineString queries, where
Beast’s per-query cost is disproportionately high (cf. Section 4.3),
PostGIS outperforms it after just 1–3 runs.
Finding 1:Whether a system with upfront ingestion cost outperforms
one that reads directly from files at query time depends on both
data characteristics and expected query frequency. The amortization
crossover point is itself workload-dependent: geometry type alone
shifts it by an order of magnitude (1–3 vs. 20–40 repeated executions).

4.2 How Sensitive Is Performance to Tuning?
We evaluate three tuning strategies: (1) projection pushdown (PdP),
which applies CRS reprojection during preprocessing rather than at
execution time, (2) vector filter pushdown (FVE), which eliminates
irrelevant vector features before the join, and (3) raster clipping
(CR), which trims the raster to the vector dataset’s spatial extent.
Given RasDaMan’s exclusion from most queries due to timeouts
(cf. Section 4.1), this analysis focuses on PostGIS and Beast.
Tuning strategies compound non-linearly. Figure 3 illustrates
the cumulative benefit of combining tuning strategies for a repre-
sentative subset of queries. Applying all three strategies together
in PostGIS yields speedups of 3-16×, in some cases over 55×, far
more than the sum of the individual improvements would sug-
gest. For example, PostGIS times out on Query 10 under no tuning
(800 seconds preprocess + ingestion, over 1000 seconds execution)
but completes in 32.5 seconds with all three strategies combined,
with the largest single gain already visible when CRS reprojection
is moved from execution time to preprocessing. This is because
the strategies address different bottlenecks that interact: CRS push-
down reduces per-tile computation, while filtering and clipping
reduce the number of features and tiles that need to be loaded. The
interaction is strongest when the raster is much larger than the
vector extent and the vector dataset has highly selective predicates.
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CRS alignment is the dominant tuning factor for PostGIS.
This is perhaps ourmost practically relevant finding. As theQuery 10
example above illustrates, the largest single gain for PostGIS comes
from pushing CRS reprojection into a preprocessing step rather
than deferring it to execution time. This has a far larger impact
on performance than filtering alone, yet it is the parameter least
discussed in existing spatial benchmarking work. The reason is that
PostGIS’s internal raster data structure does not support on-the-fly
CRS transformations efficiently: when reprojection is deferred to
execution time, each tile must be individually reprojected during
the join, which is done by first deserializing, then calculating re-
projection parameters and transforming with a call to GDAL, and
finally serializing the tile again. Preprocessing avoids this overhead
by aligning the CRS once before ingestion, reducing the transfor-
mation calls to one per file instead of thousands of calls for each
tile. Beast, by contrast, shows negligible sensitivity to CRS strategy,
likely because its architecture and Spark’s distributed execution
model absorb the reprojection cost more gracefully.

Finding 2: Tuning sensitivity is system-specific. PostGIS benefits
dramatically from tuning (3-16×, in some cases over 55×). Beast is
relatively robust. Reporting only default-configuration results would
significantly understate PostGIS performance.

Finding 3: CRS alignment strategy has the largest impact on PostGIS
performance, yet it is a dimension that existing benchmarks overlook.

4.3 What Workload Characteristics Drive
Performance?

Geometry type causes order-of-magnitude differences within
the same system. Beast exhibits significantly higher latency when
the vector geometry is of type LineString compared to Polygon,
even at similar data volume. This is an architectural effect: Beast’s
RaptorJoin uses a flash index that creates entries for the start and
end pixels of each geometry edge. LineStrings, being open-ended,
generate proportionally more index entries per unit of spatial extent
than closed Polygons, leading to a larger flash index and more
expensive spatial intersection checks.

We apply the Douglas-Peucker simplification algorithm [13] to
progressively reduce the vertex count and analyze its effect on
latency. As shown in Figure 4, Beast’s behavior depends on both
geometry type and vertex count. For dense LineString datasets
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Figure 4: Latency as vertex count is reduced via simplification.
Top: LineString queries; Bottom: Polygon queries. Beast’s
latency is highly sensitive to LineString complexity, while
PostGIS scales consistently.

(Queries 20 and 23, with over 14M vertices), Beast’s latency re-
mains nearly constant until a reduction factor of 0.33, because
Douglas-Peucker initially removes only vertices whose removal
preserves the edge structure. Beyond this point, edges are elimi-
nated, Beast’s flash index shrinks, and latency drops sharply. For
sparse LineStrings (Query 17, with 456K vertices), the effect is less
pronounced, as reducing the vertex count has a more linear effect
on the flash index size. PostGIS, in contrast, shows near-constant
latency across geometry types, indicating that this sensitivity is
specific to Beast’s indexing strategy. RasDaMan completes only for
Query 17, where it exhibits similar near-constant latency.

Reducing the vector resolution has little impact on the result
values themselves, as due to spatial autocorrelation [8] we expect
nearby pixels to be similar to each other. Additionally, the simpli-
fication step tries to preserve the original shape of the geometry
as best as possible. However, simplification causes the number of
pixels covered to decrease on average to 25 % with LineStrings and
98% with Polygons, increasing the risk of missing or including
outliers, which may be most present at feature boundaries.

The raster-to-vector size ratio influences which tuning strat-
egy is most effective. When the raster extent far exceeds the
vector extent, raster clipping provides the largest gain by reducing
the raster size before the join (e.g., Queries 8 and 10, where global
rasters are joined with regional wildfire polygons). When selective
predicates can reduce the vector dataset, vector filter pushdown is
most effective (e.g., Queries 1–3, where filtering retains only 15% of
features). When neither side can be significantly reduced (e.g., spa-
tial extents are similar and no selective predicates apply), the CRS
alignment strategy becomes a key tuning factor (e.g., Query 25).

Finding 4: Geometry type (Polygon vs. LineString) causes order-
of-magnitude performance differences and determines which system
performs best, making it a first-class workload dimension that bench-
marks over heterogeneous data must account for.

Finding 5: The most effective tuning strategy depends on the ratio of
raster to vector data participating in the join: raster clipping yields
the largest gains when the raster side dominates, vector filter push-
down when selective predicates can reduce the vector side, and CRS
alignment when neither side can be significantly reduced.

4.4 Implications for Benchmark Design
Our results highlight several factors that should be addressed when
designing benchmarks for spatial operations over heterogeneous
data. First, benchmarks should report both default and tuned config-
urations, since tuning yields order-of-magnitude differences that are
highly system-specific (Finding 2). Second, CRS alignment strate-
gies must be treated as a tuning dimension, since reprojection deci-
sions can dominate query performance yet are largely overlooked
by existing spatial benchmarks (Finding 3). Third, workloads should
include different geometry types (e.g., Polygon and LineString), as
the geometry type alone can determine which system performs
best (Finding 4). Fourth, workloads should vary the raster-to-vector
extent ratio and the selectivity of vector predicates, as these factors
influence which tuning strategy is most effective (Finding 5).

5 Related Work
The challenge of efficiently joining raster and vector data has been
recognized since the 1980s [29], yet systematic evaluation of how
spatial systems handle this cross-model operation remains limited.
Raven [15] is an open-source middleware that translates a single
declarative ZS query specification into native code for each execu-
tion platform, ensuring semantically equivalent query execution
across systems. In this paper, we leverage Raven to control for
differences in data preparation and join semantics, and focus our
contribution on the experimental design and the benchmarking
findings derived from it. In this regard, the closest related work is by
Singla et al. [32], who benchmark ZS queries using Beast and Rap-
torJoin and compare seven systems under default configurations.
Their evaluation does not include PostGIS, which we find competi-
tive in single-node setups. More importantly, their study uses only
Polygon geometries and does not vary tuning parameters or CRS
alignment strategy, factors our experiments show can significantly
impact performance. Other spatial benchmarks [9, 22, 24, 28, 31]
focus on either raster or vector operations in isolation, leaving out
cross-model operations. Complementary work has characterized
the cost of geospatial data loading itself [36], which our results
confirm is critical for interpreting end-to-end system performance.

6 Conclusion
We presented an experimental study of spatial operations over het-
erogeneous data, using Zonal Statistics as a representative case.
Evaluating relational, dataflow, and array-based spatial systems
across 25 queries and 17 real-world datasets, we find that PostGIS
and Beast exhibit performance gaps of up to 22× driven by work-
load characteristics, while RasDaMan’s sequential processingmodel
makes it unsuitable for most ZS workloads. Tuning alone yields
over 55× speedup within a single system. Our findings show that
previously largely overlooked factors, namely geometry type, CRS
alignment strategy, and the raster-to-vector size ratio, are among
the strongest determinants of performance. In future work, we plan
to leverage these insights to develop a standardized benchmark
specification for spatial operations over heterogeneous data, build-
ing on the datasets, queries, and methodology presented in this
paper. We also plan to investigate automated tuning and system se-
lection based on workload characteristics, building on our ongoing
work on agent-based automation of EO analytics pipelines [14].
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