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Abstract

With the rapid growth of remote sensing data and multimodal information, foundation models for
Earth observation and vision-language geospatial reasoning models have become key drivers of
intelligent remote sensing analysis. However, the specific roles and applications of reasoning models
in remote sensing remain insufficiently explored. This survey defines RS-Reasoning operationally as
task-dependent, multi-step inference whose conclusions are supported by traceable visual, temporal,
spatial, or tool-derived evidence and are evaluated beyond final-answer accuracy. We organize
the literature into three non-exclusive paradigms according to the dominant mechanism by which
reasoning is acquired and executed: supervised reasoning, reinforcement learning—driven reasoning,
and agentic or tool-augmented reasoning. We further distinguish reasoning-specific methods from
vision-language models that provide semantic alignment, generation, or grounding foundations but
do not themselves demonstrate multi-step inference. Across urban analysis, disaster assessment,
environmental monitoring, and spatiotemporal question answering, we identify the conditions under
which reasoning may add value while separating benchmark capability from validated operational
deployment. Our synthesis exposes four persistent limitations: frequent use of synthetic supervision
with unevenly reported provenance, outcome-dominant evaluation, weak verification of cross-modal
evidence, and fragile long-horizon tool use. We therefore outline a research agenda centered on
geography-aware process supervision, multimodal constraint checking, calibrated uncertainty, expert
feedback, and robustness tests across sensors, regions, and time. For convenient reference and further
research, we maintain a curated collection of related resources at Awesome-RS-Reasoning-Models.

Keywords: remote sensing; earth observation; vision-language models; multimodal reasoning; geospa-
tial intelligence; reinforcement learning; tool-augmented agents

1. Introduction

Remote sensing now combines expanding satellite archives [1-5], flexible high-resolution ob-
servations [6] from aircraft and unmanned aerial vehicles [7-9], and complementary ground-based
sensors [10]. These platforms provide different spatial scales, revisit patterns, and measurement
conditions. In parallel, foundation and vision-language models have expanded semantic alignment,
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open-ended interaction, and transfer across Earth observation tasks [11,12]. Together, these devel-
opments make cross-source analysis increasingly feasible, but they do not by themselves establish
evidence-dependent reasoning.

Figure 1 provides an indicative view of this convergence: approximately two-thirds of the Google
Scholar title records matching both “remote sensing” and “reasoning” since 2020 appeared in 2025-
2026. These records measure terminology uptake rather than the number of studies satisfying our
operational RS-Reasoning criteria; that gap motivates a scope-controlled synthesis of what current
methods actually reason over, expose, and verify.
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Figure 1. Approximate cumulative number of Google Scholar records whose titles contain both “remote sensing”
and “reasoning,” obtained by summing single-year searches from 2020 onward. Patents and citation-only records
are excluded; 2026* is year-to-date through August, 2026. These records are not the survey’s screened inclusion
count.

Most existing remote sensing intelligence is evaluated on perception-centric tasks such as land-
cover classification [13-15], object detection [16-21], and semantic segmentation [22-24]. These systems
estimate what is present and where, but they do not by themselves establish how observations, spatial
constraints, temporal records, or external data support a task-dependent conclusion. Urban analysis,
disaster assessment, and environmental monitoring may additionally require comparison across
dates and modalities, explicit geographic operations, competing-hypothesis checks, or executable GIS
steps [25-28]. We therefore treat reasoning as an evidence-integrating layer over perception, not as a
replacement for perception or, by itself, evidence of causality or operational decision quality.

Adjacent surveys provide three important foundations. Remote sensing language and vision—
language surveys organize tasks, datasets, architectures, training strategies, and temporal capabili-
ties [11,29-31]; broader foundation-model surveys map the Earth observation model landscape [12];
and general multimodal-reasoning surveys synthesize reasoning methods and evaluation beyond the
geospatial domain [32]. Ma et al. [33] further compare domain-specific and general-purpose MLLMs
and discuss spatial reasoning, reliable evaluation, and tool-augmented agents. This survey occupies the
intersection of these lines: it specifies operational criteria for evidence-dependent inference, organizes
methods by acquisition or execution mechanism and observable granularity, and evaluates grounding,
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geographic validity, and tool execution under remote sensing constraints. Table 1 summarizes this
positioning.
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Figure 2. Conceptual scope of the survey. Multisensor Earth observation data support perception and vision—
language modeling, which provide enabling representations and task interfaces. The upper layer shows three
non-exclusive mechanisms through which reasoning behavior is acquired or executed: supervised, reinforcement
learning—driven, and agentic/tool-augmented reasoning. Geographic knowledge and feedback are cross-cutting
signals rather than separate stages. The right panel distinguishes perception tasks from application settings in
which relational, temporal, or executable analysis may be required. Vertical placement denotes analytical scope,
not a chronological or maturity progression, and vision-language modeling alone is not evidence of reasoning.

We use the operational criteria formalized in Section II to distinguish reasoning-specific systems
from enabling vision-language foundations. We then analyze the former through three non-exclusive
paradigms, classified by the dominant mechanism through which behavior is acquired or executed:
supervised reasoning, reward-based post-training that optimizes task outcomes or process proxies,
and agentic/tool-augmented reasoning that plans or executes external operations. A method may span
more than one paradigm; these labels identify its principal mechanism rather than a chronological
stage. A second axis records where evidence, predictions, or actions become observable, allowing
mechanism and output granularity to be compared separately.

Our contributions are fourfold:

*  We provide an operational definition and explicit inclusion criteria for RS-Reasoning, distinguish-
ing multi-step, evidence-dependent inference from perception, semantic alignment, grounding
alone, and fluent rationale generation.

*  We separate general-purpose multimodal datasets from task-oriented benchmarks, preserve
heterogeneous supervision units without invalid aggregation, and organize reasoning meth-
ods through a two-axis taxonomy of acquisition/execution mechanism and observable evi-
dence/output granularity.

e  We provide an evidence-calibrated synthesis of urban analysis, disaster assessment, environmental
monitoring, and spatiotemporal question answering, separating demonstrated benchmark or
workflow capabilities from unsupported causal, operational, or autonomous-decision claims.

Distributed under a Creative Comm CC BY license.
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e  We introduce a capability-to-evidence evaluation matrix and a falsifiable research roadmap that

pair claimed advances with required evidence, diagnostic interventions, invalid shortcuts, and

predefined success criteria.

Table 1. Positioning relative to adjacent surveys. Only the axes needed to distinguish scope, organizing principle,

and reasoning-process coverage are retained.

Survey Scope Primary organizing axis Reasoning-process coverage
Bashmal et al. [29] Language integra- Tasks, datasets, and open Covers language-conditioned interpretation
tionin RS challenges broadly; reasoning mechanisms and executable

Lietal. [11]

Weng et al. [30]

Liu et al. [31]

Xiao et al. [12]
Wang et al. [32]

Ma et al. [33]

RS vision-language
models

RS vision-language
models

Spatiotemporal RS
VLMs

RS and EO founda-
tion models

General multimodal
reasoning

RS MLLM image un-
derstanding

Model architectures and

downstream tasks

Contrastive learning, in-
struction  tuning, and
text-conditioned generation
Temporal tasks, datasets,
methods, and metrics

Broad foundation-model
landscape
Reasoning methods
evaluation

and

Domain-specific versus
general-purpose models

workflows are not central.

Reasoning appears as an enabling capability; no
reasoning-specific taxonomy or agent-execution
analysis.

Discusses model capability and explanation-driven
reliability, while reasoning mechanisms and exe-
cutable agents are not the primary organizing axes.
Centers temporal interpretation, but not a gen-
eral taxonomy of reasoning acquisition or tool-
augmented execution.

Comprehensive task coverage, but reasoning and
execution are not the organizing axes.

Reasoning is central, but sensor, scale, and geospa-
tial constraints are outside its scope.

Diagnoses grounding, spatial reasoning, and re-
liable evaluation, and discusses tool-augmented
agents; reasoning acquisition and execution are not
the organizing axes.

This survey

RS reasoning

Acquisition/execution
mechanism X observable
evidence/output granular-
ity

Operational definition, two-axis taxonomy,
evidence-calibrated applications, capability-
to-evidence evaluation, and verifier/execution
requirements.

We classify a study as reasoning-specific only when (1) at least one conclusion depends on
combining multiple evidence items or inference steps; (2) intermediate claims or actions can be
linked to observations, constraints, or tool outputs; and (3) evaluation probes more than final-answer
correctness, such as grounding, process validity, calibration, or trajectory execution. Studies that
provide alignment, generation, detection, or grounding without satisfying these criteria are treated as
enabling foundations.

The remainder of this paper is organized as follows. Section II formalizes the scope and operational
criteria of RS-Reasoning, and Section III motivates evidence-integrating analysis under remote sensing
constraints. Section IV reviews multimodal datasets and benchmarks, remote sensing vision-language
models, and post-training foundations. Section V introduces the unified two-axis taxonomy and
examines the three complementary mechanisms. Section VI evaluates four application settings through
demonstrated evidence and unsupported decision boundaries. Section VII analyzes data, model
design, scientific validity, training objectives and verifiers, reproducibility, efficiency, and governance.
Section VIII concludes with a falsifiable research roadmap.

2. Definition and Scope: What Is Remote Sensing Reasoning?

We define remote sensing reasoning (RS-Reasoning) as task-dependent, multi-step inference in
which a system combines Earth observation evidence with geographic, temporal, or domain constraints
to derive a conclusion that is not available from a single perception output. The conclusion must
be accompanied by an auditable support structure, such as grounded regions, cited observations,
intermediate spatial relations, executed tool calls, or calibrated uncertainty. Cross-modal semantic
integration [34-36] is therefore necessary but not sufficient: aligning imagery and text becomes
reasoning only when the aligned evidence is used in a query-dependent inference process.

r(s). Distributed under a Creative Commons CC BY license.
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This definition separates three levels of capability. Perception extracts observable elements
such as classes, objects, regions, or changes. Understanding aggregates those elements into scene-
level semantics. Reasoning additionally tests relations or hypotheses under explicit constraints and
produces conclusions whose validity depends on the evidence chain. The relevant capabilities include
relational and compositional inference, temporal ordering, cross-modal evidence reconciliation, and
causal hypothesis assessment. We use causal hypothesis assessment deliberately: observational imagery
alone rarely identifies a causal effect, so causal claims should be conditioned on assumptions and
corroborated with temporal records, physical models, interventions, or external data. Typical tasks
include evidence-grounded visual question answering, multi-temporal event interpretation, cross-
image hypothesis testing, and joint visual-language—GIS analysis [27,28,37].

Consider a post-flood observation of a river basin. A perception model delineates water and
damaged vegetation; an understanding model labels the scene as a flood. A reasoning system compares
pre- and post-event imagery, queries a digital elevation model and river-network topology, and checks
whether discharge records support a dam-release hypothesis against alternatives such as extreme
rainfall or levee failure. It then reports downstream exposure by elevation and road accessibility
together with the evidence and uncertainty for each inference. The added value is not a longer textual
explanation, but a conclusion that can be inspected, challenged, and recomputed when evidence or
assumptions change.

Operationally, we classify a system as reasoning-specific when: (1) at least one conclusion depends
on combining multiple evidence items or inference steps; (2) intermediate claims can be linked to
observations, constraints, or tool outputs; and (3) the system is evaluated for more than final-answer
correctness, for example through grounding, process validity, counterfactual consistency, calibration,
or trajectory execution. A fluent chain of thought without these properties is not sufficient evidence
of reasoning, and a deterministic GIS workflow may still implement reasoning if its task-dependent
choices and intermediate conclusions satisfy these criteria.
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Figure 3. Timeline of representative remote sensing vision-language and reasoning work (2023-June 2026). The
lower strip adds papers first posted from April through June 2026 and lists companion resources under the
paper that introduced them [38—48]. The figure traces the expansion from perception-oriented methods toward
reasoning-specific and agentic paradigms, with datasets, models, and benchmarks grouped by their primary role.
Placement on the timeline indicates publication chronology rather than a claim that later systems necessarily
provide stronger or more faithful reasoning.
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3. Motivation: Why Do We Need Reasoning in Remote Sensing?
3.1. Why Perception Is Not Enough

The remote sensing community has achieved substantial progress in perception-centric tasks such
as land-cover classification [13-15], object detection [18,20,21,49-52], and semantic segmentation [22—
24]. These capabilities provide the indispensable observational layer of Earth intelligence: they identify
what is present, locate relevant objects and regions, and measure visible changes. Yet many scientific
and operational questions begin only after these outputs have been produced. A land-cover map
does not determine whether an urban expansion pattern is compatible with transport accessibility; a
change mask does not identify whether a damaged region reflects flooding, fire, structural collapse,
or recovery; and a spectral anomaly does not establish which environmental process produced it.
Such questions require models to relate observations across locations, times, modalities, and external
sources rather than interpret each prediction in isolation.

Reasoning is therefore not a replacement for perception, but a mechanism for converting per-
ception outputs into task-dependent conclusions. It connects detected evidence with contextual
knowledge, compares competing interpretations, applies spatial or temporal constraints, and identifies
what additional information is needed before a conclusion can be supported. This distinction is
especially important for application-driven remote sensing, where analysts commonly ask relational,
explanatory, and decision-support questions: which communities are exposed after a hazard, which
observations support a proposed change mechanism, or which candidate regions satisfy several geo-
graphic conditions simultaneously. The importance of RS-Reasoning lies in enabling this transition
from isolated predictions to evidence-integrating analysis.

3.2. Why Remote Sensing Reasoning Is Distinctive

Remote sensing reasoning is not simply generic visual reasoning applied to overhead imagery.
Earth observations are indirect, scale-dependent measurements acquired by heterogeneous sensors
under changing atmospheric, seasonal, and geometric conditions. Relevant evidence may be dis-
tributed across optical, SAR, hyperspectral, thermal, elevation, and time-series data, and the same
phenomenon may appear differently across spatial resolutions or acquisition times. Consequently, a
plausible conclusion often depends on reconciling incomplete or conflicting modalities, preserving
spatial correspondence across scales, and distinguishing genuine temporal change from sensor or
acquisition effects. These properties make evidence integration itself a central difficulty rather than a
secondary modeling choice.

Geographic structure further distinguishes RS-Reasoning from conventional image understanding.
Many conclusions depend on topology, distance, direction, containment, upstream—downstream
relations, administrative boundaries, or physical constraints that are only partly visible in the imagery.
An environmental analyst may need to combine spectral evidence with river-network connectivity
and land-use records; an urban analyst may combine land cover with roads, population, and points
of interest; and a disaster analyst may compare multi-temporal observations with elevation and
infrastructure data [25-27]. Reasoning provides a framework for composing these heterogeneous
sources while keeping their assumptions and dependencies explicit. It also clarifies the limits of
inference: observational remote sensing can support and challenge hypotheses, but causal or policy
conclusions generally require corroborating records, domain models, or expert judgment.

3.3. Why Reasoning Matters Now

Recent advances make this transition technically plausible. Remote sensing vision-language
models provide increasingly strong semantic alignment, open-ended interaction, and spatial ground-
ing [11,12]. Reasoning-oriented post-training and reinforcement learning begin to optimize multi-step
task behavior, evidence seeking, and process consistency rather than language generation alone [53,54].
In parallel, tool-augmented agents can connect foundation models [55] with GIS operators, remote
sensing algorithms, spatial databases, and domain-specific products, allowing natural-language re-
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quests to be translated into inspectable analytical workflows [27,28,37]. The convergence of these
developments creates an opportunity to move from models that describe remote sensing images
toward systems that organize evidence and execute geospatial analyses.

The resulting value should be understood in scientific and operational terms. A useful reasoning
system can make a conclusion easier to inspect by exposing supporting observations, spatial relations,
intermediate products, and tool outputs; it can make an analysis easier to revise when evidence or
assumptions change; and it can reduce the gap between an analyst’s question and a reproducible
sequence of geospatial operations. These benefits are particularly relevant to disaster response, environ-
mental monitoring, infrastructure analysis, and policy support, where unsupported but fluent answers
may carry substantial consequences. The objective is therefore not to generate longer rationales or to
claim autonomous decision making, but to develop remote sensing systems that help experts formulate
hypotheses, integrate heterogeneous evidence, test constraints, and produce more transparent and
reproducible analyses. This emerging role motivates a dedicated review of how RS-Reasoning is
learned, executed, evaluated, and connected to real Earth observation applications.

4. Foundation: Remote Sensing Vision-Language Modeling and General
Vision-Language Reasoning Models

4.1. Remote Sensing Multimodal Datasets and Benchmarks

Multimodal resources play two related but distinct roles in remote sensing vision-language
research. General-purpose datasets supply supervision for representation learning, pre-training, and
transfer, whereas task-oriented benchmarks define the inputs, outputs, and evaluation protocols used
to test particular capabilities. We discuss these roles separately because corpus scale alone does not
determine benchmark quality, and strong performance on a narrowly defined benchmark does not
necessarily imply a broadly useful training resource.

General-Purpose Multimodal Datasets

As summarized in Table 2, the development of general-purpose datasets has progressed along
three main dimensions: scale, semantic richness, and sensor diversity. BigEarthNet-MM [56] estab-
lished a large paired Sentinel-1/Sentinel-2 archive with multilabel land-cover supervision, providing a
multisensor basis for classification and retrieval. RS5M [57] and SkyScript [58] subsequently expanded
image—text pre-training to millions of pairs by combining large remote sensing image collections
with natural-language or map-derived descriptions. More recent datasets place greater emphasis
on annotation depth. ChatEarthNet [59] provides detailed descriptions with manual verification,
LuoJiaHOG [60] organizes geo-aware captions hierarchically, and VRSBench [61] combines captions,
object references, and question-answer pairs to support several vision-language tasks within one
resource.

The modality coverage is also broadening beyond conventional optical image—text pairs.
Landsat30-AU [62] targets long-term Landsat understanding, GAIA [63] combines multiple sensors
and spatial scales, and SAR-TEXT [64] and SARLANG-1M [65] introduce language supervision for SAR
imagery. Text2Earth [66], in contrast, uses resolution-aware descriptions to support text-conditioned
image generation [67]. MMRS-OneVision extends this trend to roughly 34 million question—answer
instructions spanning six sensor modalities, cross-sensor fusion, nine task categories, and 25 sub-
tasks [47]. Its scale largely reflects collection, format conversion, and synthesis over public resources,
however, and should not be read as 34 million independent observations. These resources expose
an important trade-off: automatic caption generation enables scale, whereas manual verification,
object-level grounding, and expert annotation improve semantic reliability but are considerably more
expensive. Accordingly, the sample counts in Table 2 are not directly comparable, since they refer
to different units and may contain overlapping image sources. Dataset size and nominal modality
coverage should therefore be interpreted as properties of the supervision resource rather than direct
evidence of cross-modal reasoning ability.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Table 2. Representative general-purpose multimodal remote sensing datasets. Years and venues follow the cited
paper versions; arXiv denotes that no formal publication venue was confirmed. Heterogeneous units and possible
source overlap prevent direct scale comparisons.

Name Year Venue #Samples Modality Annotation / Supervision Main Usage

BigEarthNet-MM [56] 2021 IEEE GRSM 590K pairs S1/S2 Multi-label LULC labels Classification, retrieval

RS5M [57] 2024 IEEE TGRS 5.0M pairs Image/Text English descriptions Pre-training, retrieval, ZSC

SkyScript [58] 2024 AAAI 2.6M pairs Image/Text OSM-grounded semantic text General VLM pre-training

ChatEarthNet [59] 2025 ESSD 163K /10K pairs S2/Text GPT-generated captions with manual verifi- Geo-foundation pre-training

cation

LuoJiaHOG [60] 2025 ISPRS]JPRS - Image/Text Geo-aware hierarchical captions Image-text retrieval

VRSBench [61] 2024  NeurIPS 30K img; 123K QA Image/Text Captions, object refs, QA pairs Captioning, grounding, VQA

BigEarthNet.txt [68] 2026 arXiv 464K pairs; 9.6M texts  S1/52/Text Captions, VQA, referring expressions Instruction tuning, multi-task
VLM

Landsat30-AU [62] 2026 AAAI 96K pairs; 18K VQA  Landsat/Text Captions + human-verified VQA Long-term VL understanding

GAIA [63] 2026 IEEE GRSM 201K pairs Multi-sensor/ Text Curated text + synthetic captions Classification, retrieval, caption-
in;

MMRS-OneVision [47] 2026 arXiv ~34M QA Six sensors + fu- Collected, converted, and synthesized in- Milti-sensor and cross-sensor in-

sion/Text structions struction tuning

SAR-TEXT [64] 2025 arXiv >130K pairs SAR/Text Generated SAR descriptions Retrieval, captioning, VQA

SARLANG-1M [65] 2026 IEEE TGRS >1.0M pairs SAR/Text Fine-grained captions + QA SAR VLM pre-training

Text2Earth (Git-10M) [66] 2025 IEEE GRSM 10.5M pairs Image/Text Resolution-aware captions Text-to-image generation

Task-Oriented Multimodal Benchmarks

Task-oriented benchmarks, summarized in Table 3, convert broad multimodal capability claims
into explicit evaluation problems. Early resources such as RSICap in RSGPT [69] and FIT-RS in Sky-
SenseGPT [36] emphasize captioning and instruction following. Subsequent benchmarks move toward
settings in which an answer must depend on temporal, spectral, spatial, or operational evidence.
SECOND-CC [70] evaluates bi-temporal change captioning, while DisasterM3 [71] and DisasterIn-
sight [72] assess multimodal disaster understanding. HM-Bench [73] targets hyperspectral question
answering, and VLRS-Bench [74] and OmniEarth [75] broaden evaluation toward complex reason-
ing and robustness. GroundSet [76] introduces vector-grounded spatial understanding, whereas
NeSy-Route [77], RSRCC [78], and GTPBD-MM [79] test constrained planning, regional change com-
prehension, and multimodal parcel extraction, respectively.

The April-June 2026 resources add three more evaluation targets. Delta-QA couples bi- and
tri-temporal questions with point, box, text, and change-mask supervision, while UHR-Micro and
RSME-Bench test whether models use small native-resolution evidence and remain visually anchored
under degradation or misleading text [40,43,45]. VagueEO evaluates vague-intent interpretation and
capability-aware routing, GeoMMBench contributes 1,053 expert-written questions across remote
sensing, photogrammetry, GIS, and GNSS, and TerraBench exposes executable Earth-system tasks with
reference tool steps and tolerance-aware numerical outcomes [38,39,48]. Their scales count different
units and must not be pooled.

Unlike a pre-training corpus, the value of a benchmark depends less on its raw size than on the
validity of its task formulation and evaluation protocol. Reliable assessment requires geographic and
sensor-disjoint splits, controls for source overlap and instruction leakage, and metrics that separate
perception errors from reasoning errors. For grounding and planning tasks, final-answer accuracy
should be complemented by localization quality, constraint satisfaction, intermediate-decision validity,
and robustness to missing or conflicting modalities. The progression in Table 3 therefore reflects
more than an increase in task variety: it marks a transition from evaluating language generation
about remote sensing imagery to evaluating whether model outputs are supported by spatially and
physically relevant evidence.
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Table 3. Task-oriented multimodal remote sensing benchmarks grouped by evaluation focus. Scale is reported

in the native units of each source and is not directly comparable across rows. Formal venues are used when

confirmed; otherwise arXiv is shown.

Benchmark Year Venue Scale Inputs Evaluated capability
Language supervision and generation
RSGPT (RSICap) [69] 2025 ISPRS]JPRS 2.6K captions Image + text Captioning

SkySenseGPT (FIT-RS) [36]

2024 arXiv

Temporal and disaster understanding

SECOND-CC [70]
DisasterM3 [71]
DisasterInsight [72]

RSRCC [78]
Delta-QA [40]

2025 IEEE JSTARS

2025 NeurIPS
2026
2026
2026

arXiv
arXiv
arXiv

General multimodal reasoning

HM-Bench [73]
VLRS-Bench [74]
OmniEarth [75]

RSME-Bench [45]

2026
2026
2026

arXiv
arXiv
arXiv

2026 arXiv

Spatial grounding and planning

GroundSet [76]

NeSy-Route [77]
GTPBD-MM [79]

2026 arXiv

2026
2026

arXiv
arXiv

Evidence acquisition and agentic execution

VagueEO [39]
GeoMMBench [38]
UHR-Micro [43]

TerraBench [48]

2026 arXiv

2026 CVPR

2026 arXiv

2026 arXiv

1.8M instructions

6K pairs; 30K
captions

27K image pairs;
123K instructions
112K instances
126K questions
180,876 QA

19K QA pairs
2K QA pairs

9K images; 44K
instructions

291 degradation
images; 2,648
misleading-text

QA

510K images;
3.8M objects
11K samples

5K train; 1K test
pairs
1,053 MCQs

1,212 images;
11,253 instructions
403 tasks; ~24.5K
steps

Image + text

Bi-temporal + text
Multi-sensor + text

Image + text
Bi-temporal + text
Bi-/tri-temporal +
prompts

HSI + text
Image + text
Multi-source + text

Image + text

Image + vector + text

Image + mask + text
Image + text + DEM

Image + vague text

Multi-sensor
images/maps + text
UHR image + text

EO + grids + GIS +
simulation

Instruction following
Change captioning
Disaster assessment

Grounded disaster analysis
Change question answering
Change QA and dense masks

Hyperspectral reasoning
Complex reasoning
Perception, reasoning, and
robustness

Visual-reliance stress tests

Spatial grounding

Constrained route planning
Parcel and boundary extraction

Intent interpretation and tool routing
Expert geoscience multimodal QA

Micro-evidence grounding and
reasoning

Executable workflow and numeric
grounding

Table 4. Summary of Vision-Language Models in Remote Sensing. Task Type abbreviations: ZSC (Zero-Shot

Classification), ITR (Image-Text Retrieval), GeoLoc (Geolocation), RepL (Representation Learning), IC (Image
Captioning), VQA (Visual Question Answering), GC (Grounded Captioning), CD (Change Detection), Gen-VL
(General Vision-Language Tasks), OVD (Open-Vocabulary Detection), VG (Visual Grounding), RES (Referring
Expression Segmentation).

Category Model Modality Task Type
RemoteCLIP [80], GeoRSCLIP [57] RGB, Text ZSC, ITR

Contrastive VI.Ms DGTRS-CLIP [81], PriorCLIP [82,83] RGB, Text . ZSC, ITR
SatCLIP [84] RGB, Geo-coordinates GeoLoc, RepLl
TimeSenCLIP [85] Time-Series, Text RepL
RSGPT [69], SkyEyeGPT [86], LHRS-Bot [87] RGB, Text IC, VQA
GeoChat [35], EarthMarker [88], SkySenseGPT [36] RGB, Prompts VG, GC, VQA

34 9], Ri 9 i a

Generative Large VLMs Eartht?}PT [34], TEOChat [89], RingMoGPT [90] Optlsal, SAR, IR, Temporal CD, IC, VQA
RSUniVLM [91], Falcon [92] Multi-Modal Gen-VL
SkyNative [45], Earth-OneVision [47] Multi-sensor, Temporal Gen-VL, CD, VG, RES
Delta-LLaVA [40] Bi-/tri-temporal CD, VQA, RES
CastDet [93], Cross-View OVD [94] Aerial/Ground RGB OVD
LAE-DINO [20], OpenRSD [95], LLaMA-Unidetector [96], FASE [97] RGB OVD

Task-Specific VLMs GeoGround [98], RSVG-ZeroOV [99] RGB VG
RemoteSAM [100], UniGeoSeg [101], GeoMag [102], InstructSAM [103] RGB RES
EarthMind [104] Optical, SAR RES

4.2. Remote Sensing Vision-Language Models

Contrastive Vision-Language Models

The adaptation of CLIP [105] to remote sensing (RS) aims to leverage its zero-shot transfer

capabilities but faces inherent challenges posed by data scarcity and domain divergence. Recent

literature primarily addresses these bottlenecks through data scaling, semantic refinement, and the
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integration of RS-specific priors. To mitigate data scarcity, methods such as RemoteCLIP [80] and
GeoRSCLIP [57] establish large-scale pre-training benchmarks (e.g., RS5M) by unifying heterogeneous
annotations and leveraging VLM-generated descriptions, thereby bridging the visual-linguistic gap.
Complementing data-driven approaches, DGTRS-CLIP [81] enhances semantic granularity via a
dual-branch framework that aligns visual features with multi-grained captions. Furthermore, recent
works extend the contrastive paradigm beyond standard RGB-text pairs by incorporating intrinsic
RS characteristics [106]; for instance, SatCLIP [84] encodes global geolocation embeddings, while
TimeSenCLIP [85] exploits temporal and spectral consistency in satellite time-series to reduce reliance
on textual supervision.

Generative Large Vision-Language Models

Whereas CLIP-based models primarily support representation alignment, large vision-language
models (LVLMs) add open-ended generation and instruction-conditioned interaction. Early remote
sensing adaptations, including RSGPT [69], SkyEyeGPT [86], and LHRS-Bot [87], use domain-specific
instruction data and alignment modules to improve scene description. GeoChat [35], EarthMarker [88],
and SkySenseGPT [36] further introduce visual prompting and region-level grounding for finer spatial
interaction. Multi-sensor and temporal coverage is represented by EarthGPT [34], which accepts opti-
cal, synthetic aperture radar (SAR), and infrared inputs, and by TEOChat [89] and RingMoGPT [90],
which address time-series interpretation and change analysis. RSUniVLM [91] and Falcon [92] broaden
multi-granularity and general-purpose interpretation. Recent work extends the foundation in different
directions. SkyNative maps native image patches into a shared autoregressive backbone and uses
degradation and misleading-text tests to probe visual reliance; Earth-OneVision unifies six sensor
modalities and cross-sensor fusion through multilevel feature injection and tokenized spatial out-
puts [45,47]. Delta-LLaVA is more reasoning-specific: it combines adjacent-frame difference features,
change-guided attention, and a mask decoder under supervised bi- and tri-temporal QA, exposing both
textual conclusions and dense change evidence [40]. These advances establish stronger prerequisites
for reasoning, but generative fluency, region grounding, or temporal task performance should not be
treated as evidence of faithful multi-step reasoning unless the intermediate evidence and process are
also evaluated.

Task-Specific Vision-Language Models

Beyond general representation alignment, a subset of RSVLM research focuses on dense predic-
tion that can physically ground later reasoning steps. In open-vocabulary object detection (OVD),
CastDet [93] and Cross-View OVD [94] transfer knowledge from frozen CLIP teachers or ground-view
representations to aerial imagery. LAE-DINO [20] and OpenRSD [95] introduce dynamic vocabulary
construction and open-prompt frameworks, while LLaMA-Unidetector [96] and FASE [97] separate
localization from recognition or incorporate scene context. For visual grounding, GeoGround [98]
supports horizontal boxes, oriented boxes, and masks, whereas RSVG-ZeroOV [99] explores training-
free diffusion-based refinement. For referring-expression segmentation, RemoteSAM [100] and Uni-
GeoSeg [101] provide unified perception baselines; GeoMag [102], InstructSAM [103], and Earth-
Mind [104] address resolution adaptation, training-free segmentation, and optical-SAR segmentation,
respectively. These methods contribute localization evidence, but dense prediction alone remains a
perception or grounding capability unless it participates in an evaluated inference chain.

Collectively, these models provide essential ingredients for RS-Reasoning: semantic alignment,
open-ended generation, and spatial grounding. We nevertheless treat them as reasoning-enabling rather
than automatically reasoning-demonstrating. Open-vocabulary recognition, captioning, visual question
answering, or chain-of-thought generation does not by itself establish multi-step inference. Under the
criteria in Section II, a reasoning-specific claim additionally requires evidence-dependent intermediate
decisions and evaluation of grounding, process validity, calibration, or execution. This distinction
prevents improvements in linguistic fluency from being conflated with improvements in geospatial
reasoning.
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4.3. Post-Training Foundations for Vision-Language Reasoning
Scope and Training Routes

Reasoning-oriented post-training usually starts from a pretrained vision-language policy, with
supervised fine-tuning (SFT) supplying domain knowledge, output conventions, or an initial reasoning
scaffold. The classical alignment pipeline combines SFT, a learned preference model, and online policy
optimization such as proximal policy optimization (PPO) [107,108]. Current multimodal systems,
however, need not follow this entire sequence. Two routes should be distinguished: offline preference
optimization, which learns from a fixed set of ranked responses, and online reinforcement learning, which
samples new trajectories and scores them during training. This distinction is important because the
presence of a policy-shaped loss does not by itself imply online exploration or verifiable reasoning.

a Supervised reasoning b RL-driven reasoning ¢ Agentic reasoning

ANNOTATED SUPERVISION REWARD OPTIMIZATION EXTERNAL TOOL EXECUTION

trajectory sampling reward / process signals

Ij b
EO data

EO ima Anngfated target

ground + encode
@ % search ¥~ , data
E e —

policy update geo / map code
base VLM + SFT warm-up

tool execution « observation
prediction * mask « explanation

instruction + spatial reasoning
sample - evaluate - optimize

final synthesis + answer

Figure 4. Representative reasoning paradigms for Earth observation. a, Supervised reasoning learns visual
grounding and spatial inference from annotated remote-sensing data to generate predictions, segmentation masks,
or textual explanations. b, Reinforcement-learning-driven reasoning iteratively samples reasoning trajectories,
evaluates reward or process signals, and updates the policy (e.g., through GRPO or related RL algorithms)
following supervised fine-tuning. ¢, Agentic or tool-augmented reasoning decomposes a user query, selects
and executes external tools—including search, geospatial processing, code execution, and data access—and
incorporates observations through an iterative planning—feedback loop before synthesizing the final answer. Solid
arrows indicate forward information flow, whereas dashed arrows denote iterative optimization or observation—
planning feedback. The three paradigms are organized according to their dominant reasoning mechanism rather
than model maturity.

Offline Preference Optimization

Direct Preference Optimization (DPO) [109] is a representative offline method. For a prompt x,
preferred response vy, rejected response y;, and reference policy 7t..¢, define sg(x,y) = Blog[g(y |
x)/ et(y | x)]. DPO minimizes

Lppo = _E(x,yw,yl)prref log o(sg(x, yw) — so(x, 1)), 1)

which, under the Bradley—Terry preference model, corresponds to a KL-regularized reward objective
without an explicit reward model or on-policy rollout. DPO is therefore useful when pairwise judg-
ments of answer quality, response style, or routing behavior are available, but it should be treated as a
neighboring alignment technique rather than evidence that a model has learned to seek and verify
new geospatial evidence online.
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Online RL with Verifiable Rewards

Online RL instead repeatedly samples candidate outputs, evaluates them, and updates the policy.
PPO uses a learned value function as a variance-reducing baseline, whereas Group Relative Policy
Optimization (GRPO) [110] replaces the critic with relative rewards among responses to the same
query. For G sampled trajectories and task reward R;, a useful remote-sensing abstraction and the core
group-relative advantage are

R; = AyRans + /\fRfmt + )\gRgrd
R;—R (2)

+ )\pRproc + AtRiools A\i =

where the active terms depend on the task, R and sy are the group mean and standard deviation, and
€ prevents numerical instability. The resulting loop is compact: sample G trajectories — compute task
rewards — normalize within the group — apply a clipped policy update with reference-policy regularization —
resample. Under outcome supervision, the same sequence-level advantage is normally broadcast to
every token; group normalization therefore reduces the need for a critic but does not by itself solve
step-level credit assignment. General multimodal methods illustrate complementary reward interfaces:
Visual-RFT [111] uses verifiable visual-task rewards, while R1-VL [112] adds dense rule-based rewards
for key-step accuracy and reasoning validity.

where the active terms depend on the task, R and sy are the group mean and standard deviation,
and e prevents numerical instability. The resulting loop is compact: sample G trajectories — compute task
rewards — normalize within the group — apply a clipped policy update with reference-policy reqularization —
resample. Under outcome supervision, the same sequence-level advantage is normally broadcast to
every token; group normalization therefore reduces the need for a critic but does not by itself solve
step-level credit assignment. General multimodal methods illustrate complementary reward interfaces:
Visual-RFT [111] uses verifiable visual-task rewards, while R1-VL [112] adds dense rule-based rewards
for key-step accuracy and reasoning validity. Concrete remote-sensing methods and their verifier
scopes are compared in Section 5.2; Section 7.4 examines how these signals should be audited.

5. Taxonomy: Representative Paradigms of Remote Sensing Reasoning Models

We use one taxonomy with two orthogonal axes. Axis A records the dominant mechanism respon-
sible for reasoning behavior: annotated demonstrations for supervised methods, reward-based policy
updates for RL-driven methods, and task decomposition plus external execution for agentic methods.
Axis B records where the behavior is made observable: text or reasoning trajectories, object/region
grounding, pixel/dense prediction, or executable workflows. Terms such as “grounding-enhanced”
and “multi-granularity” therefore describe positions on Axis B or cross-cutting design choices; they
are not additional model families competing with the three paradigms. Hybrid systems receive multi-
ple descriptors but are placed in Table 5 by their primary reported contribution. This two-axis rule
makes RemoteReasoner and RemoteAgent comparable in granularity while still distinguishing policy
optimization from external tool execution, and it avoids implying a universal maturity progression
among the paradigms.
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Table 5. Unified two-axis taxonomy of representative remote sensing reasoning methods. Axis A identifies
the dominant mechanism by which reasoning is acquired or executed; Axis B records the granularity at which
evidence, predictions, or actions are expressed.

Axis A: dominant rea- Reasoning signal / execution Axis B: output or execution granularity =~ Representative methods

soning mechanism pattern

Supervised reasoning ~ Annotated answers, masks, Text / QA; object or region grounding; EarthVL [113], SegEarth-R1 [114], SegEarth-
grounding traces, or structured pixel or dense prediction; multi-temporal R2 [115], TerraScope [26], Delta-LLaVA [40],
demonstrations explanation GeoChrono [116]

RL-driven reasoning

Answer-, process-, or verifier-
based rewards optimize a reason-
ing policy

Textual trajectory; object or region output;
pixel or dense output; multi-granularity
interface

GeoReason [53], GeoVLM-R1 [117], GeoZero [118],
Geo-R1 [119], TinyRS-R1 [120], RSThinker [121],
GeoSolver [54], RS-EoT [122], RemoteRea-
soner [123], RemoteAgent [39], RS-HyRe-R1 [41],
RemoteZero [42], GeoVista [44], GeoX [46]

Agentic /
augmented reasoning

tool- Task decomposition, retrieval,
tool invocation, feedback, and ex-

ecutable planning

Executable workflow; tool-call sequence
and arguments; multimodal evidence syn-
thesis; final decision artifact

Earth AI [27], Earth-Agent [28], OpenEarthA-
gent [37], GeoMMAgent [38], EarthAgent [124],
MAP-Agent [43], TerraAgent [48]

RL-Driven Reasoning

reward optimization

Agentic / Tool-Augmented Reasoning

Supervised Reasoning
external execution

annotated acquisition

Answer- and verifier-

Annotated answers and traces
based rewards

Planning, retrieval, and tool use }

Arguments, order, and feedback }
dense supervision

Grounding and
policy learning

Process-supervised {

- Multimodal evidence synthesis
Cross-granularity

output interfaces

Representative methods:

EarthVL; SegEarth-R1/R2; TerraScope;
Delta-LLaVA; GeoChrono

Output / execution granularity:

text and trajectory; object/region;
pixel/dense

Representative methods:

Earth-Al; Earth-Agent; EarthAgent;
OpenEarthAgent; GeoMMAgent; MAP-Agent;
TerraAgent

Output / execution granularity:

executable workflow; tool trajectory; decision
artifact

Representative methods:

GeoReason; GeoZero; GeoVLM-R1;
TinyRS-R1;

Geo-R1; RSThinker; GeoSolver; RS-EoT;
RemoteReasoner; RemoteAgent; RS-
HyRe-R1; RemoteZero; GeoVista; GeoX
Output / execution granularity:
textual trajectory; object/region;
pixel/dense

Orthogonal output / execution axis shared across paradigms:
text or trajectory | object or region | pixel or dense output | executable workflow

Figure 5. Unified two-axis view of remote sensing reasoning. The three columns encode the dominant acquisition
or execution mechanism (Axis A), while the shared horizontal annotation records output or execution granularity
(Axis B). The columns are analytical coordinates, not a maturity ranking or a mandatory progression.

5.1. Supervised Reasoning

Supervised reasoning is the most direct mechanism considered here: models learn to produce
answers, masks, or structured outputs from annotated examples, instruction-response pairs, or pixel-
grounded traces. The supervision can induce reasoning-like behavior without directly optimizing
process validity. EarthVL [113], for example, connects semantic segmentation with visual question
answering through object-level land-cover semantics. Under the operational definition in Section II,
the contribution of such supervision should be assessed through the dependence of conclusions on
grounded intermediate evidence, not solely through the presence of an explanatory output.

Subsequent studies extend supervised reasoning toward more explicit grounding and finer-
grained spatial understanding. SegEarth-R1 [114] introduces geospatial pixel reasoning, where the
model must interpret implicit spatial language and directly output the mask of the target region,
thereby expanding reasoning from textual answering to dense spatial prediction in Figure 6a. SegEarth-
R2 [115] generalizes this setting by emphasizing comprehensive language-guided segmentation under
hierarchical granularity, target multiplicity, implicit intent, and linguistic variability, making the super-
vision signal substantially closer to real geospatial communication. In a broader Earth observation
setting, TerraScope [26] advances supervised reasoning through pixel-grounded, modality-flexible,
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and multi-temporal reasoning, supported by large-scale reasoning traces with embedded masks. By
jointly handling optical imagery, SAR, and temporal sequences, this approach expands supervised
reasoning from static scene understanding to more realistic, multi-source, and change-aware analysis.
Delta-LLaVA adds an explicit temporal mechanism: adjacent-frame feature differences guide attention,
and a mask decoder ties textual change answers to dense bi- or tri-temporal evidence [40]. Its current
evidence is nevertheless confined to benchmarks derived from semantic change labels rather than long-
horizon or causal change analysis. GeoChrono extends supervised temporal reasoning to 4-19-frame
histories through per-location temporal trajectories and prompt-guided token compression [116]. Its
evidence is exact-match QA over NAIP-derived RGB sequences rather than verification of interme-
diate temporal claims or multisensor transfer. Overall, supervised reasoning methods establish the
perceptual and benchmark foundations of the field. Their major strength lies in strong grounding and
controllable training signals; however, their reasoning behavior remains largely imitation-based and is
therefore constrained by annotation coverage, rationale quality, and the diversity of supervised tasks.

5.2. Reinforcement Learning—Driven Reasoning
Outcome- and Process-Aware Reward Optimization

Building on the post-training distinctions in Section 4.3, Table 5 compares RL-driven methods
by reward observability and credit granularity rather than by optimizer name. At the outcome- and
task-aware end, RSThinker applies canonical task metrics after rationale-based SFT, whereas GeoVLM-
R1 combines format constraints with output-specific rewards for heterogeneous Earth observation
tasks [117,121]. Geo-R1 and TinyRS-R1 show how output-level rewards can be specialized to few-shot
geospatial referring (Figure 6b) and compact-model training, respectively [119,120]. Such signals can
rank complete responses across output types, but an answer, overlap, or semantic-similarity score does
not independently validate the intermediate geographic claims. Complementary methods place the
proxy closer to the trajectory: GeoZero uses an answer-modulated heuristic thinking score without
predefined rationale supervision while retaining instruction SFT; GeoReason checks conclusion stability
under option permutation; and GeoSolver learns token-level process scores for tree-structured policy
optimization [53,54,118]. These methods thus span endpoint ranking, controlled consistency testing,
and learned within-trajectory feedback; none of these proxy signals is by itself a ground-truth verifier
of the complete reasoning process.

Evidence- and Execution-Aware Optimization

A second distinction concerns where evidence and executable actions become observable. RS-EoT
combines evidence-seeking trace supervision with progressive grounding and VQA reinforcement
learning to train an ask—-ground-answer pattern rather than a one-shot response [122]. At broader
output granularity, RemoteReasoner uses a shared text- and box-generating policy, with region-
and pixel-level products obtained through output transformations and external segmentation. Re-
moteAgent instead applies GRPO to internally handled sparse tasks and routes out-of-capability dense
requests to specialist tools at inference [39,123]. These systems occupy cross-cutting positions on the
survey’s two axes: reward-based policy optimization describes the dominant acquisition mechanism,
whereas textual trajectories, grounded predictions, derived dense outputs, and tool calls describe
where behavior becomes observable. Benchmark gains or successful routing do not by themselves
demonstrate faithful evidence use or robust transfer; those claims require checks of intermediate
statements, tool arguments and returned values, and performance beyond the tasks, sensors, and
reward functions seen during training.

Grounded and Executable Verifier Scopes

Recent methods make the verifier boundary especially visible. RemoteZero scores a candidate
box b through crop—query compatibility and an area penalty,
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r(b,Q) =s(T(I,b,a),Q) /\max(0,||l;|| T), 3)
where T(I,b,a) crops image I around b at expansion scale «, |b|/|I| is the relative box area, and T
is the tolerated area threshold [42]. This replaces target-coordinate supervision with an observable
region score, but it validates the candidate region rather than the intermediate natural-language chain.
GeoVista combines supervised tool-interleaved active-perception traces with GRPO for grounding
and counting using format, accuracy, loU, and state-machine plan signals [44]. GeoX uses executable
geometric programs and an open-vocabulary segmenter to reward proposer—solver self-play over
mask-computable spatial tasks [46], whereas RS-HyRe-R1 combines spatial-activation, perception-
correctness, and visual-semantic-path rewards across grounding, open-vocabulary detection, and
VQA [41]. Together, these methods expose region endpoints, crop calls and evidence-state updates, or
program executions—stronger observables than an unconstrained rationale—but their verifier scopes
remain bounded by crop semantics, state-machine proxies, segmenter-derived masks, or handcrafted
reward components.
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Figure 6. Representative RS reasoning models illustrating the supervised (SegEarth-R1) and RL-driven (Geo-R1)
paradigms. Agentic paradigm examples (Earth Al, OpenEarthAgent) appear in the application case studies
(Figure 7).
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Figure 7. Selected crisis-response and environmental reasoning examples. They are paper demonstrations or
benchmark instances, not evidence of operational deployment, calibrated risk, or autonomous decision authority.
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5.3. Agentic and Tool-Augmented Reasoning

Agentic RS-Reasoning is best compared as an executable workflow rather than as a longer textual
chain. At step ¢, a system may transform a request g into a plan state p;, bind the next step to a tool u;
and arguments 6;, receive an observation o;, and then revise the plan or stop:

q—"pr — (1t,0¢) — 0o —> {pt+1,stop}.

This abstraction is a comparison axis, not a claim that every agent implements every stage. Its value
is to identify which decisions and state transitions—planning, tool choice, arguments, execution,
observation use, and termination—are externally observable and therefore open to verification.

Representative systems impose orchestration structure at different levels. Earth AI combines a
Gemini-powered reasoning agent with specialized foundation models, geospatial data sources, and
tools across imagery, population, and environmental domains [27]. GeoMMAgent adopts a training-
free plan—execute—evaluate pipeline that routes multimodal questions to retrieval, perception, and
reasoning modules, followed by self-evaluation and selective re-execution [38]. EarthAgent takes
a dependency-constrained approach: its hierarchical task abstraction mechanism derives a three-
layer workflow from an expert-defined task-dependency graph to constrain inter-layer ordering [124].
The supporting evidence is complementary rather than directly comparable. Earth Al measures
targeted fact-finding and rubric-based crisis-response cases, GeoMMAgent evaluates modular question
answering on GeoMMBench, whereas EarthAgent evaluates tool-plan quality on GeoPlan-bench
independently of actual tool execution. These results support domain-structured orchestration, but do
not establish equivalent levels of end-to-end autonomy or operational reliability.

MAP-Agent represents a narrowetr, training-free form of visual evidence acquisition. It separates
query-guided region discovery, native-resolution local inspection, and global-local evidence synthesis;
SAM2 is used only to convert boxes to masks for segmentation evaluation [43]. This trajectory makes
selected regions inspectable but does not constitute a general GIS tool environment. GeoMMAgent and
MAP-Agent should likewise not be cited as policy-optimization methods: their reported contribution
is inference-time orchestration, and their evaluations emphasize final task scores rather than learned
long-horizon recovery.

Other systems focus more directly on executable tool binding. Earth-Agent instantiates an inference-
time ReAct-style EO controller over 104 predefined MCP tools spanning index calculation, inversion,
perception, analysis, and statistics; Earth-Bench evaluates multiple off-the-shelf LLM backbones using
both final outcomes and reference tool trajectories [28]. OpenEarthAgent, by contrast, fine-tunes a Qwen3-
4B controller with supervised next-tool prediction over 14,538 replay-validated structured trajectories.
A unified registry and execution controller expose perceptual, GIS, spectral, and raster operations,
validate arguments, execute calls, cache intermediate results, and return observations to the working
context [37]. This is supervised trajectory learning rather than reinforcement learning, and deterministic
replay validation should not be interpreted as deterministic or error-free agent planning.

TerraAgent broadens executable orchestration to heterogeneous Earth-system evidence through
a ReAct scaffold over 77 sub-tools for EO data, environmental grids, GIS, forecasting, simulation,
visualization, and document-grounded verification [48]. It materializes intermediate scientific artifacts
and exposes tool arguments, order, observations, and structured outputs. TerraAgent is an execution
framework rather than a separately trained policy; its evidence comes from TerraBench’s process
metrics and tolerance-aware numerical scores, which show that an apparently valid tool sequence
need not yield a correct numerical conclusion.

Agentic orchestration need not involve executable GIS tools. As a mechanism-boundary case,
VRA uses a training-free think—critique—act loop to coordinate off-the-shelf vision-language models, a
reasoning model, and trajectory memory [125] through follow-up visual queries [126]. Its reported
gains concern accuracy on a 500-question VRSBench subset at substantially higher inference cost,
rather than verified tool execution or general robustness. Evaluation resources should likewise be
distinguished from agent architectures. ThinkGeo is a domain-specific agentic benchmark, not a trained
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agent: its latest version contains 486 tasks, 1,778 expert-verified ReAct steps, and 14 executable tools,
and evaluates instruction following, tool selection, argument correctness, trajectory execution, and final-
answer correctness under step-wise and end-to-end protocols [127]. Together, these distinctions imply
that workflow completion alone is insufficient evidence of reliable geospatial reasoning. Claims should
also be scoped by execution success, observation-grounded revision, failure recovery, geographic and
sensor transfer, tool cost and latency, and comparison with expert-designed GIS pipelines.

Viewed together, the three paradigms describe complementary mechanism layers rather than a
strictly chronological progression. Grounded supervision couples language with visual and spatial
evidence [26,40,113-115]; RL makes selected reasoning behaviors an optimization target [39,41,42,44,46,
53,54,117-123,128]; and agentic systems expose task decomposition and execution through geospatial
tools or active inspection [27,28,37,38,43,48,124]. None of these mechanisms guarantees faithfulness on
its own. Grounding can be incomplete, a reward can be misspecified, and a correct tool can be invoked
with invalid arguments. A credible hybrid system should therefore preserve traceability across the
complete chain from observation and intermediate claim to verifier, tool output, and final conclusion.

6. Application: Case Studies of Remote Sensing Reasoning

Remote sensing reasoning has the potential to transform Earth observation data into decision-
relevant evidence when the target is not directly observable from pixels alone and must instead be
inferred from spatial context, temporal evolution, multimodal observations, or domain knowledge. The
evidence base is nevertheless still dominated by retrospective benchmarks and curated demonstrations.
Accordingly, this section treats urban analysis, disaster assessment, environmental monitoring, and
spatiotemporal question answering as representative capability settings, not as proof that current
models are ready to make autonomous operational decisions.

Table 6. Evidence-calibrated map of four RS reasoning settings. “Demonstrated evidence” records tasks or
workflows actually evaluated in the cited work, whereas “decision boundary” identifies conclusions that remain
unsupported.

Domain Task requirement

Demonstrated evidence

Decision boundary

Urban & Social
Analysis

Combine land-cover semantics,
object relations, and explicit GIS
conditions to screen candidate ar-
eas for expert review.

EarthVL  evaluates  segmentation-guided
relational VQA in a city-planning setting;
OpenEarthAgent demonstrates urban-domain
PO, distance, and area operations in executable
GIS tool chains [37,113].

Current evidence supports candi-
date screening, not transportation-
behavior inference, planning eligibil-
ity, or policy benefit.

TerraScope  evaluates  destroyed-building
counts and rates and damaged-road-area
estimation with pixel masks; DisasterM3 and
DisasterInsight add multi-hazard, damage-
level, and structured-report tasks [26,71,72].

These benchmarks do not estab-
lish causal attribution, resource-
allocation priorities, or reliability in
live emergency operations.

Disaster Assess- Localize, count, and characterize

ment damage from pre- and post-event
observations while retaining spa-
tial evidence.

Environmental Combine spectral indices, tempo-

Monitoring ral differences, and spatial statis-

tics into a reproducible analytical
workflow.

OpenEarthAgent executes NDVI, NBR, and
NDBI workflows; Earth-Agent covers quanti-
tative EO tools; TerraAgent combines EO, en-
vironmental grids, GIS, forecasts, and simula-
tors [28,37,48].

Measurement and spatial association
are supported; pollution-source at-
tribution and policy conclusions re-
main hypotheses requiring external
evidence.

Link dated observations, retain
frame-specific evidence, and re-
construct change histories or event
order.

Spatiotemporal

QA

TEOChat evaluates temporal EO tasks,
TerraScope  and  Delta-LLaVA  ground
multi-temporal change in masks, and
GeoChrono/ChronoBench tests long-term his-

tories and construction ordering [26,40,89,116].

Correct temporal order does not es-
tablish causation, permanence, or
counterfactual explanations.

6.1. Urban and Social-Space Analysis

Urban reasoning is most defensible when framed as candidate screening rather than as direct
inference of social behavior or planning suitability. A perception model first supplies land-cover masks
or object inventories; the reasoning layer must then combine explicit relations and measurements,
such as adjacency, distance, area, density, or POI context, while preserving the evidence used for
each filter. EarthVL provides the most direct model-level evidence in this setting: its city-planning-
oriented data and evaluations connect land-cover segmentation with relational multiple-choice and
open-ended VQA [113]. SegEarth-R1/R2 and RemoteReasoner contribute useful implicit-language
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localization and multi-granularity outputs, but their benchmarks do not evaluate an end-to-end
planning workflow [114,115,123].

Executable GIS operations add a different kind of evidence. OpenEarthAgent includes urban-
domain trajectories that call POI, distance, area, and related spatial tools, making the derived quantities
and tool arguments inspectable [37]. The supported claim is therefore that current systems can translate
some analyst-defined spatial criteria into reproducible screening outputs with provenance. They have
not yet shown that inferred accessibility, transportation behavior, planning eligibility, or policy impact
agrees with human planners or improves real decisions; those claims require strong GIS baselines,
blinded expert review, and deployment-centered evaluation.

6.2. Disaster Assessment

Disaster reasoning should be separated into three evidence levels: change localization, damage
characterization, and response-oriented decision support. The first two now have direct benchmark
evidence. In Figure 7b, TerraScope compares pre- and post-event observations and grounds destroyed-
building counting in pixel masks; its benchmark also includes destruction-rate and damaged-road-area
estimation [26]. DisasterM3 broadens the evidence base across hazards, sensors, structural damage,
relational questions, and long-form reports, while DisasterInsight evaluates building function, damage
level, disaster type, counting, and structured reporting [71,72]. These resources justify claims about
measured benchmark capabilities, not about the correctness of downstream emergency decisions.

The Earth Al case in Figure 7a intersects predicted hurricane-force winds with county geome-
try and population data, but remains a targeted demonstration rather than an operational impact
study [27]. RS-EoT improves evidence seeking on grounding and VQA benchmarks without validating
disaster severity or response reliability [122]. Causal explanation or resource priority additionally
requires calibrated uncertainty, independent sensor or field confirmation, and comparison with expert
emergency workflows.

RemoteAgent additionally demonstrates single-step routing of vague damage-assessment re-
quests to a specialist change-detection tool on xBD [39]. This supports intent-to-tool translation, but
output quality inherits the specialist tool and the experiment does not evaluate emergency prioritiza-
tion, multi-step recovery, or live operations.

6.3. Environmental Monitoring

For environmental monitoring, the strongest current evidence concerns measurement and spatial
association rather than causal source attribution [129,130]. For examples, this capability is particularly
important for marine and climate protection [131,132], where large-scale observations are needed to
track environmental change and ecosystem degradation. A defensible workflow is index computation —
temporal differencing — spatial intersection or statistics — provenance-preserving artifact. OpenEarthAgent
directly instantiates this pattern with NDVI, NBR, and NDBI operations plus raster and GIS tools; Fig-
ure 7c¢, for example, shows an NBR difference workflow in which the area boundary, dated index layers,
returned statistics, and preview artifact remain visible [37]. Earth-Agent similarly expands executable
EO analysis across index calculation, inversion, spectral products, and quantitative spatiotemporal
operations [28].

This evidence supports reproducible derived layers, spatial associations, and auditable tool traces.
It does not show that an agent can identify why an anomaly occurred. Pollution-source attribution
may additionally require hydrological flow, weather, discharge records, field samples, and alternatives
such as agricultural runoff or natural blooms; vegetation-stress attribution may require climate and
management records. Until those variables and competing hypotheses are evaluated, the appropriate
output is a ranked, uncertainty-aware set of hypotheses linked to source data, with abstention when
evidence is insufficient, rather than a single policy-grade causal conclusion.

TerraBench broadens this setting to executable workflows that combine EO imagery, gridded envi-
ronmental variables, GIS operations, forecasts, and deterministic simulators while retaining numerical
outputs and supporting artifacts [48]. The reported gap between process-oriented tool-use scores and

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202608.1840.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 August 2026

19 of 34

tolerance-aware numerical scores is an important boundary: a plausible sequence of scientific tools is not
sufficient evidence that the resulting environmental conclusion is numerically correct.

6.4. Spatiotemporal Narratives and Question Answering

Spatiotemporal reasoning is not a single capability. Temporal recognition asks what differs
between dated observations; grounded change analysis additionally localizes the evidence; long-term
reasoning must retain a history across many acquisitions and answer ordering questions. TEOChat
establishes a temporal vision-language baseline across building change, damage assessment, semantic
change detection, and temporal scene classification [89]. TerraScope adds frame-specific pixel grounding
for multi-temporal change analysis [26]. Delta-LLaVA couples adjacent-frame feature differencing
with supervised bi- and tri-temporal QA and dense change masks, providing a direct link between a
textual change answer and localized evidence [40]. Its evaluation does not extend beyond three frames
or establish why a change occurred. Most directly, GeoChrono and its ChronoBench evaluate land-cover
perception, temporal recognition, long-term memory, and spatiotemporal reasoning across 12 subtasks
and 17,689 validated QA pairs, including reconstruction of land-cover histories and object-construction
ordering [116].

These results support a narrower and testable claim than the previous generic event-narrative
framing: models can be evaluated on whether they recover dated changes and ordering relations from
image sequences. A correct order does not by itself establish why an event occurred, whether a change
is permanent, or what counterfactual intervention would alter it. Credible temporal answers should
expose the acquisition date and localized evidence for each step, distinguish “not observed” from “did
not occur,” and reserve causal language for cases supported by external process knowledge.

Across these case studies, RS-Reasoning offers three testable hypotheses: it should improve per-
formance on relational and evidence-composition queries, make conclusions more auditable through
grounded evidence or execution traces, and reduce the effort required to translate analyst intent
into reproducible geospatial workflows. These benefits should not be inferred from fluent rationales
alone. They require prospective comparison with strong perception-plus-GIS baselines, blinded expert
assessment, calibration analysis, and measurement of failure recovery, latency, and human work-
load. In high-stakes settings, the appropriate role of current systems is decision support with explicit
provenance and abstention, not autonomous decision authority.

7. Challenge: Open Problems of Remote Sensing Reasoning

Remote sensing reasoning remains an early and methodologically heterogeneous research area.
Reported benchmark gains coexist with unresolved limitations in data construction, model design, eval-
uation, and optimization. These limitations are amplified by ultra-high spatial resolution, geographic
heterogeneity, incomplete modalities, temporal inconsistency, and the requirement for scientifically
defensible inference. Progress therefore depends not only on model or instruction-data scale, but
also on how geospatial evidence is represented, supervised, verified, and aligned with task-specific
constraints.

7.1. Data

Data remains the primary bottleneck for remote sensing reasoning. Unlike conventional percep-
tion tasks, reasoning requires complex supervision that goes beyond final answers, including question
construction, spatial grounding, logical evidence, and intermediate signals such as masks or temporal
relations. Recent works have introduced increasingly rich resources, such as segmentation-aware VQA
in EarthVL [113], pixel-level reasoning in SegEarth-R1 [114], language-guided segmentation in SegEarth-
R2 [115], and multi-modal reasoning traces in TerraScope [26], as well as reasoning-oriented corpora in
GeoReason [53], RSThinker [121], and GeoSolver [54]. The 2026 Q2 additions make scale interpretation
more important: Delta-QA derives many prompts from annotated change observations, APE-GRO
filters synthetic tool-interleaved trajectories, GeoX generates executable programs over unlabeled
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image pools, and MMRS-OneVision converts or synthesizes a very large instruction collection from
public resources [40,44,46,47].

This reliance leads to several structural limitations. First, synthetic reasoning often fails to reflect
expert-level geospatial analysis, especially in long-horizon or uncertain scenarios. Second, annotations
are typically constructed per image or task, lacking consistent alignment across multi-temporal and
multi-source data. Third, high-quality annotation is inherently expensive because it requires domain
expertise in areas such as urban analysis, ecology, and disaster science. As discussed in GeoZero [118],
even carefully designed reasoning traces may introduce bias and constrain reasoning diversity.

We therefore report scale by supervision unit rather than computing a single aggregate. Four unit
families recur in the literature: (1) underlying observations and dense annotations, such as images
and masks; (2) language-level supervision, such as question—answer, instruction, or text pairs; (3)
process or optimization supervision, such as trajectories, reasoning steps, and reward samples; and (4)
agentic evaluation units, such as tasks or episodes. Counts from different families are not additive:
a single image may generate many correlated prompts, one task may contain many tool steps, and
a process-reward sample is not equivalent to an independently acquired observation. Even counts
within the same family should not be pooled when dataset overlap, generation pipelines, geographic
coverage, or train/test reuse are undisclosed. Table 7 consequently preserves the terminology and unit
reported by each paper, with no cross-paper total or percentage.

Table 7. Reasoning-related data scales reported by representative papers, separated by the unit named in each
source. SFT denotes supervised fine-tuning and RL denotes reinforcement learning. K/M values are approximate.
No cross-unit or cross-paper aggregate is computed.

Work Dataset / corpus Reported scale, separated by unit Counted unit family / role

Supervised reasoning

EarthVL [113] EarthVLSet Images: 10.9K; text pairs: 761.6K Observations; language supervision

SegEarth-R1 [114] EarthReason Image-mask pairs: 5.4K; implicit QA pairs: >30K Dense annotations; language supervision

SegEarth-R2 [115] LaSeRS Masks: 40K; QA pairs: 31K Dense annotations; language supervision

TerraScope [26] Terra-CoT / TerraScope-Bench Training samples: 1.0M; benchmark samples: 3.8K Paper-defined training and evaluation in-
stances

Delta-LLaVA [40] Delta-QA QA pairs: 180,876; bi- and tri-temporal source tasks Language and dense temporal supervision

RL-driven reasoning

RS-EoT [122] RS-EoT-4K SFT traces: 4.3K; two subsequent RL stages: source datasets reported, Language/process supervision
comparable instance count not reported

Geo-R [128] MP16-Rand-500K / MP16-Hard-200K  Supervised samples: 500K; reward-based samples: 200K Language supervision; optimization supervi-

sion
Geo-R1[119] Few-shot splits Task-specific examples: 26/130/260; 20/40; 24/120/240 Few-shot training examples across separate
tasks

GeoReason [53] GeoReason-Bench Trajectories: 4K (1K supervised; 3K reward-based) Process trajectories; optimization supervision

GeoVLM-R1 [117] Aggregated EO QA pairs QA pairs: 702K Language supervision

GeoZero [118] GeoZero-Raw / Instruct / Hard Raw examples: 755K; supervised instructions: 610K; reward-based sam- Raw pool; language supervision; optimization
ples: 20K supervision

RSThinker [121] Geo-CoT380k Structured SFT rationales: 384,591; additional RL inputs: 110,790; GRPO  Language/process supervision; optimization
also reuses rationale-free Geo-CoT inputs supervision

GeoSolver [54] Geo-PRM-2M Process-supervision samples: 2.0M Process / reward-model supervision

RemoteAgent [39] VagueEO Train pairs: 5,000 (five intrinsic tasks); test pairs: 1,000 (ten tasks, includ- Sparse-task RL pairs; task-routing evaluation
ing five task types unseen during RL)

RemoteReasoner [123] EarthReason-derived prompts Training images: 2.4K; prompts: 14.2K (six questions per image) Observations; correlated language supervision

TinyRS-R1 [120] VHM-based pipeline Pretraining samples: 1M; instruction samples: 100K; reward-based sam- Pretraining; language supervision; optimiza-
ples: 10K tion supervision

GeoVista [44] APE-GRO Raw trajectories: 142,125; validated trajectories: 33,445; RL restricted to  Process trajectories; optimization subset
grounding and counting

GeoX [46] SAMRS-FAST / Globe230k Source images: 64,147 / 232,819; self-play programs: ~6.5K Unlabeled image pools; executable programs

Agentic / tool-augmented reasoning

Earth-Agent [28] Earth-Bench Tasks: 248; images: 13.7K Agentic tasks; supporting observations

EarthAgent [124] GeoPlan-bench Planning tasks: 1,244 Agentic planning tasks

OpenEarthAgent [37] OpenEarthAgent dataset Train/evaluation instances: 14,538/1,169; train/evaluation reasoning Task instances; process steps, separated by split
steps: 100,656/7,064

ThinkGeo [127] ThinkGeo benchmark Tasks: 486; expert-verified steps: 1,778; executable tools: 14 Agentic tasks; process steps

GeoMMAgent [38] GeoMMBench Expert multiple-choice questions: 1,053 Evaluation questions

MAP-Agent [43] UHR-Micro Images: 1,212; instructions: 11,253; tasks: 16 Observations; agentic evaluation instructions

TerraAgent [48] TerraBench Tasks: 403; verified steps: ~24.5K; sub-tools: 77 Agentic tasks; process steps; tool environment

Accordingly, the strongest supported conclusion is a diversity, provenance, and validity gap
rather than a universal shortage of nominal samples. Future datasets should disclose unique source
observations, geographic and temporal coverage, sensor composition, generation and filtering proce-
dures, annotator expertise, and correlations between derived instructions. Authentic multi-temporal
and uncertainty-aware supervision remains especially important for measuring generalization beyond
synthetic reasoning traces.

This gap should be tested with source-observation-disjoint, geography-disjoint, and time-disjoint
splits rather than random prompt splits alone. A useful data audit should report the number of
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prompts derived from each observation, compare synthetic and expert-authored traces under blinded
review, and measure performance separately across geography, sensor, season, and task composition.
Progress is then an improvement under controlled evidence coverage, not merely an increase in the
number of correlated instructions.

7.2. Model

To avoid a second, competing taxonomy, we retain the two axes in Section 5 and treat evidence
representation, policy optimization, output granularity, and execution as cross-cutting diagnostic
dimensions. For each dimension, the important question is not which method family a system
resembles, but which observable failure it exhibits, which intervention exposes that failure, and what
result would constitute progress.

vidence representation Policy optimization

* EXAMPLES

EXAMPLES
SegEarth-R1 - ; GeoZero -
/ TerraScope GeoSolver
BOTTLENECK BOTTLENECK

High-resolution evidence is compressed, Reward and verifier gains may not improve
cropped, or routed through o, < geographic grounding or
task-specific heads. > visual faithfulness.

Unified
two-axis
framework

Output granularity”

@ EXAMPLES @ @ EXAMPLES
RemoteReasoner - Earth-Agent -
@ RemoteAgent @ OpenEarthAgent

4 Execution layer

BOTTLENECK BOTTLENECK
Text, region, pixel and workflow outputs Tool interfaces, coordinate handling and
are often unified only at long-horizon plans
the interface level. remain brittle.

Figure 8. Cross-cutting model-design bottlenecks under the unified two-axis framework. The four illustrated
dimensions characterize evidence representation, policy optimization, output granularity, and the execution layer.
Representative systems are shown for each dimension, together with their primary bottlenecks. These dimensions
provide complementary diagnostic perspectives rather than defining an alternative four-family taxonomy.

Evidence Representation: Preserving Decisive Observations

SegEarth-R1 and TerraScope show the value of making regions or masks observable, while RS-EoT
identifies a narrower failure mode in which a model constructs a long rationale after one coarse
visual pass [26,114,122]. These results do not establish that a compressed visual token sequence
preserves every small object, boundary, or long-range relation needed by a later conclusion. The
appropriate diagnostic is a controlled degradation study: vary input resolution, remove or occlude
the cited region, drop one modality, or shuffle temporal order, and measure both task performance
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and evidence localization. A model demonstrates stronger evidence preservation only if its decisions
change predictably with decisive evidence and remain stable under irrelevant perturbations.

UHR-Micro isolates this problem by making the decisive target occupy less than one percent—and
often less than 0.01%—of the image, while MAP-Agent selectively revisits candidate regions at native
resolution [43]. SkyNative’s RSME-Bench complements this with progressive visual degradation and
misleading-text tests [45]. These experiments diagnose micro-evidence access and visual reliance,
respectively; they do not by themselves establish multi-step faithfulness. GeoVista exposes a richer but
still bounded trace through plans, crop calls, and an evidence state [44]. A necessary next test is to
perturb the selected region while preserving the question and global scene, then measure whether the
answer and evidence state change for the right reason.

Policy Optimization: Separating Better Outputs from Better Evidence Use

Reward-based post-training can improve a selected behavior without showing that the policy
encodes stronger geographic structure. For example, RSThinker applies outcome-based GRPO after
rationale supervision, GeoReason tests conclusion stability under option permutation, and GeoSolver
learns token-level process scores [53,54,121]. These signals operate at different credit granularities and
should not be treated as equivalent proof of faithful reasoning. A convincing optimization study should
therefore include evidence ablations, verifier-expert agreement, and reward-component ablations, and
should test whether a policy still succeeds when linguistic shortcuts are preserved but the relevant
image, location, or time evidence is altered.

RemoteZero, GeoVista, GeoX, and RS-HyRe-R1 sharpen this distinction through crop-semantic,
state-machine plan, executable-program, and hybrid visual-semantic rewards, respectively [41,42,
44,46]. Each verifier observes a different slice of behavior and can be exploited differently: a crop
score can favor oversized regions, a plan score can reward formal state transitions without evidential
sufficiency, and program execution can inherit segmentation errors. Claims of improved reasoning
should therefore report verifier failures as well as policy gains.

Output Granularity: Interface Unification Versus Shared Representation

RemoteReasoner predicts regions with the MLLM and derives masks and contours through segmenta-
tion and morphological transformations, whereas RemoteAgent resolves image- and sparse-region tasks
internally but routes dense requests to specialist MCP tools [39,123]. They therefore unify task access
and output orchestration rather than learning one shared representation that directly produces every
granularity. This distinction can be tested by holding observations and training data fixed, switching the
required output unit, and checking cross-output consistency: a textual relation, box, mask, and derived
measurement should agree geometrically and semantically without task-specific repair.

Delta-LLaVA directly couples change text and dense masks, whereas Earth-OneVision tokenizes
text, coordinates, and downsampled run-length-encoded masks within a unified autoregressive
interface [40,47]. The former is specialized to short temporal sequences; the latter broadens task and
sensor coverage but its compact mask encoding imposes a spatial-detail ceiling. Output unification
should therefore be tested through cross-output agreement and boundary-sensitive metrics, not
inferred from a common decoder alone.

Execution Layer: Tool Use Under Recoverable Failure

Earth-Agent exposes an inference-time ReAct controller over EO tools, while OpenEarthAgent
learns next-tool behavior from replay-validated trajectories [28,37]. Their success makes planning
and tool state observable, but also creates new failure surfaces in schemas, coordinates, arguments,
returned artifacts, and external service state. Execution reliability should be measured by injecting
coordinate offsets, empty results, stale observations, timeouts, and contradictory tool outputs, then
reporting detection, recovery, and final-task degradation. Completing an unperturbed workflow is not
sufficient evidence of robust long-horizon execution.
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TerraAgent adds gridded environmental retrieval, forecasting, simulation, and provenance-
bearing artifacts to this execution surface, while GeoX uses a much narrower deterministic geometry
library plus one open-vocabulary segmenter [46,48]. These systems should not be compared by
tool count alone. TerraAgent requires fault recovery and numerical validation across heterogeneous
services; GeoX requires sensitivity analysis to the segmenter’s masks and the expressiveness of its
primitive set.

A shared Diagnostic Protocol

The main model-level failures can be reduced to three testable chains: evidence loss can trigger a
hallucination cascade, an invalid tool result can propagate through later actions, and distribution shift
can produce confident errors. These chains should be tested with resolution and evidence interventions,
tool-fault injection, and geography-, sensor-, season-, and time-shifted evaluation. Progress should be
reported through degradation curves, error-recovery rate, calibration or selective risk, and comparison
with a perception-plus-GIS baseline under matched data access.

7.3. Evaluation and Scientific Validity

A reasoning claim should be matched to the evidence layer that can actually support it. Outcome
scores establish task performance, spatial metrics establish output localization, exposed trajectories
establish properties of visible actions, and repeated sampling establishes stability. None of these
measurements alone proves that the complete reasoning chain is faithful. Evaluation should therefore
begin with the capability being claimed and specify the intervention that could falsify that claim.

Outcome, Grounding, and Diagnostic Proxies

Conventional task metrics used by EarthVL, GeoVLM-R1, and TinyRS-R1 measure whether the
requested output is correct [113,117,120]. Region and mask metrics in SegEarth-R1/2, RemoteReasoner,
and TerraScope add spatial evidence, but a correct mask still does not show that the model used it
causally [26,114,115,123]. Similarly, GeoReason’s option-permutation test is a conclusion-stability
proxy, while the Avg@5, Conv@5, and Pass@5 values reported by RS-EoT characterize correctness and
stability across five samples; they are evaluation metrics, not training rewards or verifiers of individual
steps [53,122]. Such diagnostics are useful when their scope is stated explicitly.

Plans, Trajectories, and Live Execution

Agentic evaluation should distinguish a proposed plan from an executed workflow. EarthAgent
reports key-tool recall, precision, and F1, normalized path similarity, and a judge-based score for plan
quality independently of actual tool execution [124]. Earth-Agent evaluates reference trajectories and
final outcomes, while OpenEarthAgent separates step-wise action, tool, and argument quality from
live end-to-end tool-set or order fidelity and final-task accuracy [28,37]. ThinkGeo is an evaluation
benchmark rather than a trained agent; it measures instruction, tool, argument, and summary accuracy
step by step, together with tool-category and final-answer accuracy end to end [127]. These protocols
expose different failure points and should not be collapsed into one generic trajectory score.

The Q2 systems add four distinct evaluation granularities. GeoMMAgent is assessed primarily
through final multiple-choice accuracy; MAP-Agent reports task scores and the cost of repeated visual
calls; RemoteAgent reports intent and downstream task performance without a learned tool-trajectory
metric; and TerraBench separates instruction, tool, argument, order, and execution measures from
tolerance-aware numerical outcomes [38,39,43,48]. Their results are therefore complementary, not
directly rankable. In particular, TerraBench demonstrates that a high process score need not imply a
correct final number.

Transfer, Calibration, and Resource Use

Robustness-oriented evidence is heterogeneous rather than interchangeable. Geo-R supplies
adjacent cross-benchmark geolocation evidence on ground-level imagery, Geo-R1 reports cross-dataset
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few-shot transfer, and RemoteReasoner tests held-out tasks and a small set of categories absent from
its training corpus [119,123,128]. These results probe dataset, task, or category transfer, but do not
constitute controlled robustness across remote-sensing geography, sensor, season, resolution, and
acquisition time. VRA should instead be read as an inference-time accuracy-cost study on a 500-
question VRSBench subset; it does not evaluate those distribution shifts [126].

Minimum Reporting Protocol

A credible RS-Reasoning benchmark should jointly report: (1) task correctness; (2) spatial or
multimodal grounding; (3) process or tool-trajectory validity; (4) calibration and selective prediction,
including performance after abstaining on uncertain cases; (5) robustness across geography, sensor,
season, resolution, and acquisition time; and (6) computational and human-review cost. Splits should
be constructed by geographic region and acquisition time, rather than by random image alone, to
reduce near-duplicate and location leakage. Results should include confidence intervals or repeated-
run variation, and verifier-based scores should be audited against expert judgments on a documented
subset. Table 8 converts these reporting layers into falsifiable evaluation requirements.

Table 8. Capability-to-evidence matrix for remote sensing reasoning. Each claim is paired with a required
intervention and a shortcut that would make the evidence insufficient.

Claimed capability Required evidence Required split or intervention Invalid shortcut

Task competence Outcome metric matched to the task, with uncer- Geography- and time-disjoint test data; source- Random prompt split with near-duplicate
tainty or repeated-run variation observation deduplication imagery

Grounded reasoning Correct answer plus localized visual, spectral, tem- Remove, occlude, or counterfactually replace the ~Plausible rationale or mask overlap with-
poral, or GIS evidence claimed evidence out evidence-use testing

Process or execution valid- Verified consequential steps, tool arguments, re- Inject an invalid step, coordinate, empty result, Correct final answer obtained by luck or
ity turned values, and final output timeout, or contradictory observation an invalid trajectory

Robustness and calibration =~ Degradation and selective-risk curves under docu- Hold out geography, sensor, season, resolution, ~Average in-domain score or a single small

mented shifts category, and acquisition period unseen-category test
Operational utility Latency, memory, token and tool cost, abstention, Compare with a strong perception-plus-GIS Unbounded search or tool budget without
and human-review time pipeline under matched data access a matched baseline

Table 9. Verifier targets for auditable remote sensing reasoning. These are proposed evaluation and optimization
requirements, not capabilities already implemented by every cited system.

Verifier target Auditable signal Exploit or failure test
Evidence and geographic Region overlap; containment, Remove decisive evi-
constraints adjacency, distance, direction, dence, swap time order,
topology; cross-modal or tempo- or introduce a plausible
ral agreement but invalid geographic
relation

Process and tool execution Checkable intermediate claims; Inject a wrong coordinate,
tool schema, argument, returned unsupported step, stale re-
value, and state-transition valid- turn, or silent tool failure

ity
Uncertainty and resource Calibrated correctness, absten- Selective-risk and fixed-
use tion quality, latency, tool calls, budget evaluation against
and human-review cost a matched baseline

7.4. Training Objectives and Verifiers

Current optimization signals differ in what they can observe. RSThinker derives its GRPO
reward from canonical final-output metrics after structured rationale SFT, while GeoVLM-R1 uses
output-specific task rewards; RS-EoT applies separate grounding and VQA rewards, and RemoteAgent
dispatches reward functions by sparse output type [39,117,121,122]. GeoZero adds an answer-anchored
thinking proxy, GeoReason tests conclusion stability under option permutation, and GeoSolver moves
credit inside the trajectory through a learned token-level process scorer [53,54,118]. RemoteZero scores
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crop—query compatibility, GeoVista adds a state-machine plan proxy to endpoint rewards, GeoX uses
program execution for self-play, and RS-HyRe-R1 combines several visual-semantic signals [41,42,44,
46]. GeoMMAgent, MAP-Agent, and TerraAgent are inference-time orchestration frameworks rather
than examples of policy optimization [38,43,48]. These objectives span endpoint scoring, trajectory-
level proxies, and learned within-trajectory feedback; answer accuracy, IoU, semantic similarity, or
output format can verify an observable result without establishing that the intermediate rationale
caused it, so they should not all be described as process verification.

A useful design target is to report a vector of verifier outputs before reducing them to one scalar:

r= (RanS/ Rground/ Reonstraint,
Rprocess/ Rcalibrations _Ctool)/ 4)
R A= /\TI‘.

The components represent final correctness, observable evidence, geographic constraints, checkable
steps, calibrated confidence, and execution cost or failure risk. Scalar aggregation is appropriate only
when the weights and normalization are reported and ablated; otherwise a high answer score can
silently compensate for invalid grounding or execution. Each component also requires a held-out audit
because combining imperfect verifiers can create a more complex but still exploitable objective.

From Proxy Scores to Independently Checkable Claims

Process reward models (PRMs) assign credit to intermediate steps rather than only final out-
comes [133]; GeoSolver applies this idea through learned token-level geospatial process feedback [54].
Such learned feedback can inherit annotation or model bias and is therefore not a ground-truth checker.
RSThinker illustrates the remaining boundary: it supervises structured rationales during SFT, yet its
RL reward is determined by final task metrics. GeoReason’s option-permutation stability is likewise
a trajectory-level diagnostic rather than verification of every geographic statement [53,121]. Remote
sensing therefore needs verifiers matched to claim type: geometric operators for regions, topology for
spatial relations, ordering and persistence tests for temporal claims, cross-sensor checks for multimodal
evidence, and schema plus returned-value validation for tools.

Minimum Verifier Audit

Every reward or verifier component should undergo three tests: agreement with blinded expert
judgment on a documented subset, component ablation to identify which behavior it changes, and
adversarial or distribution-shift testing to expose reward hacking. Expert comparisons can also supply
preference data for evidential sufficiency or operational usefulness, but they should complement rather
than replace reproducible geographic checks. The success criterion is not a longer chain of thought,
but a trajectory whose consequential claims are independently checkable against geographic evidence,
with fewer unsupported claims, better calibrated abstention, and improved task performance under a
fixed evidence and execution budget.

7.5. Reproducibility, Efficiency, and Governance
Reproducibility and System Dependence

Reasoning results can depend on model and data versions, prompt templates, sampling parame-
ters, verifier implementations, tool schemas, external service state, and the order in which geospatial
operations are executed. Reproducible reporting should therefore include versioned prompts and
tool registries, random seeds, geographic split construction, failure and retry policies, and enough
intermediate artifacts to replay representative trajectories. For agentic systems, final-answer accuracy
without executable traces or tool-state records is insufficient to isolate whether an error arose from
perception, planning, arguments, software, or external data.
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Efficiency and Baseline Parity

Reasoning systems should be compared with strong perception-plus-GIS pipelines under matched
data access and output requirements. Reports should separate visual-token cost, generated-token
cost, tool calls, latency, memory, and human correction time, because a higher task score may be
offset by expensive test-time search or repeated tool execution. MAP-Agent, for example, averages
about 3.53 VLM calls per question under its selected protocol, while GeoX uses 32 sampled solutions
and majority voting for evaluation [43,46]. Such budgets must accompany accuracy and cannot be
treated as architecture-independent efficiency. Efficiency is therefore part of validity for operational
EO workflows, not merely an implementation detail.

Governance, Privacy, and Dual Use

Operational deployment also requires explicit treatment of data licensing and provenance,
sensitive-location exposure, privacy risks from linking imagery with auxiliary records, dual-use
analysis, access control for external tools, and the allocation of final decision authority. A comprehen-
sive synthesis of these governance topics requires additional domain-specific references and should
not be inferred from the technical benchmark papers currently reviewed. Until that literature is incor-
porated, the survey should present governance as an identified coverage gap rather than a resolved
design framework.

8. Conclusion and Future Directions
8.1. Conclusion

The evidence reviewed in this survey supports a narrower conclusion than the rhetoric of au-
tonomous geospatial reasoning sometimes suggests. Remote sensing systems are beginning to combine
visual observations, spatial outputs, optimization signals, and external tools, but the resulting capabili-
ties remain uneven and are usually demonstrated on task-specific benchmarks. The three paradigms
reviewed here are therefore best understood as complementary mechanisms for acquiring or exe-
cuting reasoning: supervision supplies explicit evidence structures, reinforcement learning shapes
behavior under verifiers, and agents expose executable decisions. None of these mechanisms, by itself,
guarantees that a conclusion is grounded, calibrated, or operationally reliable.

The field’s central methodological shift should be from evaluating persuasive outputs to testing
falsifiable evidence use. A reasoning claim is strongest when decisive observations can be localized,
intermediate constraints can be checked, tool actions can be replayed, uncertainty supports abstention,
and performance survives geography-, sensor-, and time-disjoint evaluation under a reported resource
budget. This standard connects the survey’s definition, taxonomy, and application evidence: progress
is not a longer rationale or a more elaborate controller, but a geospatial conclusion that an analyst can
inspect, challenge, and recompute.

8.2. Future Directions

Future work should be organized around research questions whose answers can be rejected
empirically. Rather than assigning speculative calendar horizons, Table 10 maps five coupled questions
to an intervention path and a predefined success standard. These directions are not additional model
families; they identify the missing evidence needed to move from benchmark demonstrations toward
dependable geospatial analysis.

The roadmap exposes dependencies rather than a linear sequence: representation and retrieval
determine evidence quality, verifiers shape learned behavior, execution turns claims into actions, and
deployment studies test whether benefits survive human and institutional constraints. A strong future
study should therefore name the failure it targets, implement an intervention specific to that failure,
and state both a success measure and a result that would falsify the claim. This practice would turn
future directions from a list of promising components into a cumulative research program.
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Table 10. A falsifiable roadmap for remote sensing reasoning. Each research question is paired with an intervention

path and evidence that would constitute progress.

Research question

Intervention path

Success standard

Can decisive local evidence and
global spatial structure be preserved
at operational image scales?

Budget-matched multi-scale encoding, region mem-
ory, cross-tile spatial coordinates, and evidence
occlusion or replacement tests. Selective-token
and active-zoom systems provide current starting
points [134-137].

Joint task and grounding gains on geography-
disjoint data; predictable degradation when deci-
sive evidence is removed; stability under irrelevant
perturbations with matched compute.

Can external geospatial knowledge
improve inference without adding
stale or untraceable facts?

Provenance- and time-aware retrieval over raster,
vector, topology, and domain records; explicit
source links; retrieval ablations and outdated-
record tests. OSM-derived supervision and location
embeddings are precedents, while inference-time
graph retrieval remains a proposal [84,87].

Fewer geographic constraint violations and un-
supported claims; gains disappear when relevant
records are withheld; stale or conflicting records
trigger detection, qualification, or abstention.

Can reasoning models execute and
repair GIS workflows rather than only
propose plausible plans?

Typed tool schemas, precondition and postcondi-
tion checks, persistent execution state, replay logs,
and fault injection. Current EO agents establish
tool-orchestration starting points but not robust re-
covery [27,28,37].

Higher executable-trajectory and final-task accu-
racy; better recovery under injected coordinate,
schema, timeout, empty-return, or contradictory—
result faults; lower cost and expert correction time
against a matched workflow baseline.

Can scalable supervision teach
geospatial reasoning without scaling
synthetic shortcuts?

Prospective self- or weakly supervised spatial, tem-
poral, and cross-modal proxy tasks derived from
observable geospatial invariants; programmatic ver-
ifiers; expert-audited subsets; generator and verifier
ablations.

High verifier-expert agreement, transfer to expert-
authored and geography-disjoint tests, and fewer
unsupported consequential claims rather than
gains restricted to synthetic data.

When does an RS-Reasoning system
improve real decisions without in-
creasing high-consequence risk?

Prospective analyst studies with calibrated absten-
tion and escalation, provenance and access controls,
scenario-based safety tests, and fixed evidence and
resource budgets. Published systems remain bench-
mark or scenario-based demonstrations rather than
prospective deployment evidence [27,28,37].

Reduced review or correction time with non-
inferior or better decision quality; calibrated selec-
tive risk; documented failure recovery; no increase
in prespecified severe errors.
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