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Highlights

What are the main findings?

* We propose a crop-tool-augmented active perception framework for high-resolution
remote sensing visual question answering, enabling the model to actively deter-
mine whether local evidence is needed and select question-relevant regions for fine-
grained reasoning.

* We introduce a GRPO-based reinforcement learning strategy with a region-aware re-
ward design that combines output-format constraints, reference-region coverage, an-
swer semantic consistency, and cropping penalties to improve cropping decisions and
answer generation.

What are the implications of the main finding?

¢ The findings indicate that active region selection is an effective strategy for addressing
detail loss, background redundancy, and scale variation in ultra-high-resolution remote
sensing imagery.

¢ This study provides an interpretable and trainable framework for developing remote
sensing vision-language models with adaptive perception, dynamic tool use, and more
reliable question answering capability.

Abstract

High-resolution remote sensing visual question answering (RS-VQA) requires models to
identify question-relevant regions and reason over fine-grained visual evidence. How-
ever, existing vision-language models usually rely on fixed global image inputs, which
may lose critical local details in ultra-high-resolution imagery and struggle with sparse
informative regions, large object-scale variations, and complex spatial layouts. To address
these challenges, this paper proposes a crop-tool-augmented active perception framework
with reinforcement learning. The framework introduces structured tokens to explicitly
organize the reasoning process into question understanding, cropping decision-making,
local evidence acquisition and final answer generation. Based on this design, the model can
actively determine whether a cropping operation is needed and select task-relevant regions
for further inspection. To enable stable tool-use and multi-turn reasoning in a compact
vision-language model, we construct teacher-guided cropping reasoning trajectories from
high-resolution images, question-answer pairs, and annotated regions in the LRS-GRO
dataset, and use them for cold-start supervised fine-tuning of Qwen2.5-VL-3B. Furthermore,
we introduce Group Relative Policy Optimization to refine the model’s active perception
policy. A region-aware reward function is designed by integrating output-format con-
straints, reference-region coverage, answer semantic consistency, and cropping penalties,
which encourages compact and informative region selection while reducing redundant
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tool invocations. Experiments on VRSBench, MME-RealWorld-RS, XLRS-Bench, and LRS-
VQA demonstrate that the proposed method achieves competitive overall performance
compared with closed-source, open-source, and remote-sensing-specific vision-language
models, and obtains the best or comparable results on most benchmarks. Ablation studies
further verify the effectiveness of structured supervised fine-tuning, reinforcement learning
optimization, and the proposed reward design.

Keywords: remote sensing visual question answering; high-resolution remote sensing
imagery; vision-language model; Group Relative Policy Optimization

1. Introduction

Remote sensing imagery contains rich spectral, spatial, and temporal information,
providing essential data support for a wide range of Earth observation applications, such as
land-use classification, target recognition, environmental monitoring, disaster assessment,
and urban planning [1,2]. In recent years, deep learning-based computer vision methods
have achieved substantial progress in predefined remote sensing tasks, including object de-
tection and scene classification [3]. However, these methods are usually designed for fixed
task settings and closed output spaces, which limits their ability to respond to open-ended
user queries. Such queries often require the joint understanding of visual content, natural
language semantics, and spatial relationships. For example, answering the question “How
many buildings in this region were damaged after the flood?” requires region localization,
fine-grained object recognition, spatial reasoning, and free-form answer generation.

Visual Question Answering (VQA) provides a natural human—computer interaction
paradigm by allowing users to query image content through natural language and obtain
corresponding answers [4]. In the remote sensing domain, Remote Sensing Visual Question
Answering (RS-VQA) is particularly valuable for disaster response, urban governance,
environmental assessment, and land resource monitoring [5]. Early RS-VQA methods
mainly adopted classification-based formulations, where answers were selected from
a predefined candidate set [6,7]. Although these methods demonstrate the feasibility
of RS-VQA, their closed-vocabulary design restricts free-form answer generation and
makes it difficult to handle questions involving multi-step reasoning or fine-grained spatial
understanding [8].

The rapid development of multimodal large language models has provided new
opportunities for overcoming these limitations. Vision-language models (VLMs) extend
large language models with visual perception modules, enabling image understanding and
natural language interaction in a unified architecture [9]. These models have shown strong
performance on general-domain VQA benchmarks [10]. With their introduction into remote
sensing scenarios, recent studies have begun to explore natural language-based interpreta-
tion and analysis of geospatial data [8]. For example, GeoChat [11] and SkyEyeGPT [12]
employ instruction tuning on remote sensing datasets to support conversational tasks such
as image captioning, visual grounding, and visual question answering. SkySenseGPT [13]
adopts a typical vision-language architecture by combining a Contrastive Language-Image
Pre-training (CLIP) visual encoder with a large language model, and applies Low-Rank
Adaptation (LoRA) fine-tuning on a large-scale instruction dataset covering classification,
VQA, and object detection tasks.

Despite these advances, both general-domain VLMs and remote sensing VLMs still
face notable challenges in RS-VQA, especially for ultra-high-resolution imagery [14,15].
This limitation mainly stems from two factors. First, remote sensing images often contain
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thousands of pixels in height and width. When such images are resized to meet the fixed
input resolution of VLMs, many small objects and local visual clues may be compressed
or lost [10,16]. Second, remote sensing scenes exhibit substantial scale variation. A single
image may contain both large geographic structures and tiny objects, which places high
demands on multi-scale visual perception [17,18]. Many existing remote sensing VLMs
still follow a passive perception paradigm, where the whole image is processed in a single
forward pass. This strategy may overlook question-relevant local details in ultra-high-
resolution images, thereby limiting reasoning and answer generation in complex RS-VQA
tasks [19].

To enhance reasoning in remote sensing scenarios, recent studies have investigated
reasoning-enhanced VLMs. Chain-of-Thought (CoT) prompting encourages models to
generate intermediate reasoning steps and has been shown to improve multimodal prob-
lem solving [20]. In RS-VQA, RS-EoT [21] proposes a language-driven multi-turn image
interaction strategy to reduce premature conclusions. CoT-GeoReason [22] guides models
to sequentially perform feature detection, spatial analysis, and answer synthesis, achieving
favorable results on the EarthVQA benchmark [23]. These studies indicate that explicit
reasoning mechanisms can improve the understanding of complex geospatial questions.

Building upon this direction, tool-use mechanisms have been introduced to enable
models to actively acquire local visual evidence rather than relying only on a single global
image input. In the active perception paradigm, a model can dynamically invoke cropping
or zooming tools according to the question, progressively shifting from global observa-
tion to local inspection. This process is better suited to fine-grained evidence acquisi-
tion in ultra-high-resolution imagery. In addition to studies on tool use and multimodal
reasoning [24-26], recent works have further explored active visual perception for high-
resolution or geospatial vision-language tasks. For example, VisionThink [27] enables
models to request higher-resolution regions when necessary; DeepEyes [28] studies itera-
tive “thinking with images”; ZoomEarth [29] introduces an adaptive cropping—zooming
framework based on GRPO; RSThinker [30] constructs perception-grounded geospatial
reasoning trajectories; and GeoEyes [31] analyzes tool-invocation homogenization and
evidence-based reward design. Different from ZoomEarth, which mainly focuses on adap-
tive cropping and zooming, our method treats cropping as an explicit tool-use action
for VHR RS-VQA and combines structured prompting, teacher-guided SFT, GRPO-based
policy optimization, and region-aware reward design to optimize both crop selection and
answer generation. These studies provide useful references for active perception in re-
mote sensing scenarios, but challenges remain in stable crop-tool invocation, fine-grained
evidence localization, and efficient reasoning under ultra-high-resolution inputs.

Although RS-VQA has gradually evolved from passive perception to active percep-
tion, several challenges remain unresolved. First, question-relevant evidence in ultra-high-
resolution remote sensing images is often distributed in local regions, requiring models
to identify fine-grained visual clues under global semantic guidance. Second, active per-
ception requires not only accurate answer generation but also stable and executable tool
invocation; otherwise, multi-turn perception and reasoning cannot be reliably maintained.
Third, although human-annotated crop boxes provide useful supervision, directly training
small-scale VLMs to perform multi-turn crop-based reasoning remains difficult. Fourth,
during reinforcement learning, traditional Intersection over Union (IoU)-based rewards
may suffer from sparsity, while insufficient constraints on tool-use cost can lead to redun-
dant cropping and reduced inference efficiency.

To address these challenges, this paper investigates fine-grained evidence acquisition
and active reasoning for ultra-high-resolution RS-VQA. We propose a crop-tool-augmented
active perception framework that integrates structured prompting, teacher-guided cold-
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start supervised fine-tuning (SFT), and GRPO-based reinforcement learning. Specifically,
special tokens are introduced to regulate the model’s thinking, cropping, and answering
behaviors, allowing the reasoning process to be expressed in a structured and executable
form. A teacher model is then used to generate high-quality multi-turn crop-based rea-
soning trajectories for cold-start SFT of a small-scale VLM. Finally, we design a reward
function tailored to the spatial characteristics of remote sensing imagery, further optimiz-
ing region selection, tool-use rationality, and final answer accuracy under GRPO-based
reinforcement learning.
The main contributions of this paper are summarized as follows:

1. We propose a structured active perception framework for ultra-high-resolution
RS-VQA. By introducing special tokens such as <think>, <crop>, and <answer>,
the model’s reasoning process is organized into explicit stages, including reasoning,
crop decision-making, local evidence acquisition, and answer generation. This design
improves the model’s ability to focus on question-relevant fine-grained regions.

2. We design a teacher-guided cold-start SFT strategy for crop-tool-based reasoning.
Based on high-resolution images, question—answer pairs, and human-annotated crop
boxes from the LRS-GRO dataset, Seed 1.6 is used to generate multi-turn crop-based
reasoning trajectories. These trajectories help Qwen2.5-VL-3B learn structured rea-
soning patterns, executable tool invocation formats, and local-evidence-based an-
swer generation.

3. We introduce GRPO-based reinforcement learning to optimize the active perception
policy and design a reward function adapted to remote sensing spatial characteristics.
The reward integrates format constraints, region coverage, answer semantic consis-
tency, and cropping penalties, thereby alleviating IoU reward sparsity and reducing
redundant crop-tool invocations while improving region selection quality and final
RS-VQA performance.

2. Materials and Methods
2.1. Training Dataset

This study uses the LRS-GRO dataset as the primary training resource [29]. LRS-
GRO is designed for active perception-based RS-VQA on ultra-high-resolution imagery,
emphasizing a model’s ability to perform semantic understanding, region localization,
and fine-grained reasoning over large-scale images. Unlike conventional RS-VQA datasets
that focus mainly on global scene comprehension, LRS-GRO encourages models to actively
attend to question-relevant regions, making it well-suited for vision-language models with
tool-use and region-cropping capabilities.

The dataset aggregates images from multiple public remote sensing sources, including
FAIR1M-1.0, GLH-Bridge, and STAR [32-34], covering diverse scenarios such as airports,
bridges, ports, industrial sites, urban regions, and rural areas. In total, LRS-GRO contains
1224 high-resolution images with resolutions ranging from 4000 to 5000 pixels, each encom-
passing extensive geographic coverage and numerous fine-grained objects. The dataset
provides 3592 annotated bounding boxes and 13,245 VQA samples. Bounding boxes are
organized hierarchically into region-level and object-level annotations. Region-level boxes
represent semantically coherent areas composed of multiple objects (e.g., airports or indus-
trial zones), while object-level boxes correspond to individual entities with homogeneous
semantics (e.g., airplanes, ships, buildings, bridges). This hierarchy facilitates learning of
both region selection and multi-scale visual reasoning.

LRS-GRO structures VQA tasks across three spatial levels—global, region, and object—
spanning 17 question types. The global level assesses overall scene comprehension, the re-
gion level emphasizes localized semantic reasoning, and the object level targets fine-grained
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attributes and relationships of individual entities. This multi-level design challenges mod-
els to reason across spatial scales and dynamically identify relevant regions, effectively
evaluating active perception and fine-grained reasoning capabilities.

2.2. Structured Reasoning and Tool-Use Framework

Early studies on tool-augmented large language models mainly relied on predefined
triggering rules or externally controlled tool-use strategies. In such settings, the model itself
had limited ability to determine when and how external tools should be invoked [24,25].
Recent reasoning-oriented models have shown that explicitly generating intermediate rea-
soning steps, commonly formulated as Chain-of-Thought (CoT), can improve performance
on complex tasks [26,35,36]. This test-time reasoning paradigm suggests that allocating
additional computation to structured reasoning during inference can benefit multimodal
understanding, particularly in remote sensing scenarios that require spatial analysis and
evidence localization.

Motivated by this idea, we design a structured system prompt for RS-VQA that
integrates crop-tool invocation into the generation process through specialized control
tokens [20,22,29,31]. The prompt constrains the model’s output to follow a stepwise
procedure of “reasoning—decision—execution-answering”. As shown in Figure 1, the model
first analyzes the input image and question, then decides whether local visual evidence is
necessary. If the global image already provides sufficient information, the model directly
produces the final answer. Otherwise, it predicts a region of interest and invokes the
cropping tool to obtain a localized image for further analysis.

Inputs

Remote é <think>

Sensing ' Structured Reasoning

|

Is cropping needed?

Image /, Image : Question interpretation
E Global image analysis
H Initial relecvant-region assessment
—_> VLM YES

<answer>
No —)‘ ’

Final Answer

N2
Structured
System Predict ROl bbox
Prompt and output <crop>

Control tokens
E <think>, <crop>, <answer>
|

| External Crop Tool

Feed back cropped image
+ dialogue history

Parse bbox coordinates
Crop from origin image

l Interrupt generation

Figure 1. Structured reasoning and crop-tool-augmented active perception framework for RS-VQA.

Specifically, we introduce three special tokens, namely <think>, <crop> and <answer>.
The <think> token elicits structured reasoning, including question intent interpretation,
global scene analysis, and preliminary identification of potentially relevant regions [20,26,27].
This stage encourages the model to integrate available information before making a tool-
use decision or generating the final answer, thereby reducing the instability of direct
response generation.

If the model determines during the <think> stage that the current visual input is
insufficient, it predicts a region of interest and outputs the corresponding bounding-box
coordinates within the <crop> token. The <crop> token serves as an executable trigger
for crop-tool invocation [24,25,29,31]. Once this token is detected, the system pauses
generation, parses the enclosed coordinates, and crops the corresponding region from the
original remote sensing image using an external Python-based tool. The cropped image is
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then returned to the model as an updated visual input together with the dialogue history,
forming a multi-turn active perception process.

After receiving the cropped image, the model continues reasoning based on the
localized evidence. This iterative procedure enables fine-grained visual analysis and
progressively refines the answer. When sufficient evidence has been acquired, the model
outputs the final result within the <answer> token. The answer is expressed in concise
natural language for subsequent parsing and evaluation. By parsing the sequence of
special tokens, the system can record the reasoning trajectory, crop-tool behavior, and final
prediction in a unified structured format.

Overall, the proposed prompt design explicitly incorporates active perception into
the generative reasoning process [29-31]. It enables the model to reason before deciding
whether to invoke the cropping tool, thereby improving local evidence acquisition in
complex remote sensing scenes. Moreover, the structured representation of intermediate
reasoning steps and region-selection behavior provides interpretable and verifiable signals,
which are further used for reinforcement learning optimization.

2.3. Cold-Start SFT with Teacher-Generated CoT

We adopt Qwen2.5-VL-3B as the backbone model for training [37]. Qwen2.5-VL
follows a multimodal architecture that integrates a vision encoder with a large language
model, enabling unified modeling of visual and textual inputs. Unlike conventional VLMs
that rely on fixed-resolution preprocessing, Qwen2.5-VL introduces a dynamic-resolution
mechanism that adaptively generates visual tokens according to the original image size.
This design helps preserve fine-grained visual details in high-resolution images while
maintaining computational efficiency. These properties make Qwen2.5-VL-3B suitable for
integration with our crop-tool-augmented active perception framework, where both global
scene understanding and local evidence analysis are required.

However, the original Qwen2.5-VL-3B model is not explicitly optimized for structured
reasoning or tool invocation (Appendix A). Due to its limited model scale, it may fail to
consistently follow system prompts that require multi-step reasoning traces, predefined
special tokens, and executable crop-tool instructions. To address this issue, we introduce
a teacher-guided cold-start supervised fine-tuning strategy, as shown in Figure 2 [24-26].
Specifically, we use high-resolution images, manually annotated crop boxes, and ground-
truth answers from the LRS-GRO training set, and employ Seed 1.6 as the teacher model to
generate structured multi-turn reasoning trajectories [29,38]. These trajectories provide ex-
plicit demonstrations of reasoning, crop-tool invocation, and local-evidence-based answer
generation, enabling the student model to acquire preliminary active perception capabilities
during the cold-start stage.

The teacher model is guided by a carefully designed prompt and is required to follow
the predefined output format specified by the system prompt. Given an image-question pair,
the teacher first provides a concise description of the global image context. It then analyzes
the question and determines whether local visual evidence is needed. For region-level and
object-level questions, the teacher generates crop-based reasoning trajectories, including
target localization, justification for cropping, and coordinate prediction. For global-level
questions, the teacher is instructed to complete the reasoning process without invoking the
cropping tool and to directly generate the final answer.

For questions requiring local evidence, the teacher outputs the annotated bounding
box from the training set in the first reasoning round, enclosed within the special token
<crop> [29,37]. Since Qwen2.5-VL uses absolute coordinates to represent spatial regions
during pretraining, we retain this coordinate format to avoid additional normalization and
denormalization operations. This design reduces the learning difficulty associated with
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mapping between tool invocation formats and spatial locations. The original image is then
cropped according to the predicted coordinates, and the resulting local region is fed back to
the teacher as the second-round visual input. Based on this localized evidence, the teacher
continues reasoning and generates the final answer. In this way, the constructed trajectories
teach the student model not only how to answer questions, but also when to invoke the
cropping tool, which region to select, and how to use local visual evidence for reasoning.

® 7 © ]—> ety ~

LRS-GRO Training data

Image J, UserQueryq  Annotated  GroyndTruth
crop bbox

Global-level question

III —

System Prompt ImageJ, User Query q <think>...<\think> <answer>.. <\answer>

Object/Region-level question

Round 1
System Prompt Image I, User Query q <think>...<\think> <crop>[x1, y1,x2, y2]<\crop>:
: Round 2 \L 56 )

m % i : Crop using
e _- annotated bbox

Image Tn Cropped Imagel

crop

4

Cropped Image], <think>...<\think> <answer>...<\answer>

crop

Figure 2. Pipeline for constructing multi-turn crop-based reasoning trajectories.

After constructing the cold-start trajectory dataset, we perform supervised fine-tuning
on Qwen2.5-VL-3B within the proposed active perception framework. Let the teacher-
generated dataset be denoted as

D= {(lo,q, T}y, @)

where Ij represents the original high-resolution image, 4 denotes the user query, and

Ti = {(r1,m), (r2,02),...,(r7,a)} ()

denotes a multi-turn trajectory with T interaction rounds. Here, r; is the reasoning text at
step t, v; represents the visual input at step ¢, and 4 is the final answer.
The SFT objective is defined as the negative log-likelihood loss:

lyl
Lspr = —E(xy)op | Y108 Po(ye | X, y<t) |- )
=1
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Here, x consists of the system prompt, visual tokens generated by the dynamic-resolution
encoder, and the user query, while y denotes the target output sequence containing reason-
ing text, special tokens such as <think> and <crop>, and the final answer. For trajectories
involving cropping, the second-round visual input corresponds to the cropped local image
Ierop- The model is trained to first generate a valid crop instruction, such as <crop>x1, yi,
x2, y2</crop>, and then continue reasoning based on the returned local evidence.

To improve training efficiency while preserving the general capability of the backbone
model, we adopt Low-Rank Adaptation (LoRA) for parameter-efficient fine-tuning [39].
Specifically, low-rank decomposition matrices are inserted into the Transformer attention
modules and multilayer perceptron layers. For a pretrained weight matrix Wy € R**k,
LoRA parameterizes the updated weight as follows:

W =Wy +AW = W, + BA, )

where B € R A € Rk and r <« min(d, k). During fine-tuning, only the low-rank
matrices A and B are optimized, while the original parameters Wy remain frozen.

2.4. Group Relative Policy Optimization

After cold-start SFT, the model acquires basic abilities in structured reasoning and
crop-tool invocation. However, supervised fine-tuning mainly imitates teacher-generated
trajectories and does not directly optimize the model’s decision policy according to task-
level feedback. In complex ultra-high-resolution RS-VQA scenarios, the model may still
select suboptimal regions, invoke the cropping tool unnecessarily, or fail to balance local
evidence acquisition with inference efficiency. To further improve its active perception
strategy, we introduce Group Relative Policy Optimization (GRPO) for reinforcement
learning [35,40].

Compared with conventional supervised learning, reinforcement learning enables
the model to optimize its generation policy through reward feedback. Compared with
Proximal Policy Optimization (PPO), GRPO estimates advantages based on group-relative
rewards and removes the need for an additional value network. This design reduces
computational overhead and improves training stability. Figure 3 illustrates the GRPO
optimization process in our active perception setting.

Annotated
crop bbox

GRPO Rollout

Reward Computation

—> Trajectoryl[ Reasoning] [Crop Tool call] [ Reasoning] [FianlAnswer] — R
1

Reward Computation

R,

> Trajectory2[ Reasoning] [Crop Tool call [ Reasoning] [FianlAnswer] —

Policy Model
Ty

Reward Computation
Ry

~—>| Trajectory K[ Reasoning [CropTool call [Reasoning] [FianlAnswer] —

| Backpropagation
| Model Update

In-Group Relative

— q
Advantage Computation

’% GRPO Loss Computation

Figure 3. Overview of the GRPO optimization framework for active perception-based RS-VQA.

Given an input image Iy and a user query g, the current policy model 7ty generates a
group of K candidate trajectories:

{vi,v2, - yx}- )
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Each trajectory may contain intermediate reasoning steps, crop-tool invocations, and a final
answer. The reward function evaluates each trajectory and produces the corresponding
reward values:

{Ry,Ry,...,Rg}. (6)

The group mean and standard deviation are computed as follows:

1 K
i=1
The normalized advantage for each trajectory is then defined as follows:
Ri—nu
Aj=—=
' oo+te’ ®)

where € is a small constant for numerical stability. The GRPO objective with Kullback-
Leibler (KL) regularization is formulated as follows:

1 K
Lerro = — ¢ Y Ailog o (yi | Io, q) + BDKL(7g || Tret), )
i=1

where 71..¢ denotes the reference policy obtained after SFT, and B controls the strength of the
KL regularization. The KL term constrains the updated policy from deviating excessively
from the SFT model, thereby improving training stability.

2.5. Reward Function Design

An effective reward function is critical for learning a robust active perception strategy.
Traditional IoU-based rewards evaluate only the geometric overlap between the predicted
crop and the reference region [41]. Although suitable for standard localization tasks, they
have several limitations for RS-VQA: early in training, poor localization leads to near-zero
IoU, providing sparse feedback; IoU penalizes partial coverage even when the region
contains sufficient visual evidence; and IoU measures alignment rather than task relevance.

To address this, we define a region reward that combines reference-region coverage

and crop compactness:
|b N b*| |b|

— Aarea 1
|b*|+€ area|10‘/ ( 0)

Rregion =

where b is the predicted crop, b* is the reference region, and Iy is the full image. The cover-
age term ranges in [0, 1] and encourages inclusion of question-relevant evidence; the area
term penalizes overly large crops, with Agreq € [0,1]. In all experiments, we set Agreqs = 0.2.
If the predicted crop is invalid or non-positive, Ryegion is set to 0.

We also define a format reward Ry, which gives a positive score when the output
contains valid special tokens (<think>, <crop>, <answer>) and executable crop coordinates;
otherwise, it is 0. This ensures structural validity of the reasoning trajectory.

The answer reward Rans evaluates semantic correctness using an LLM-as-a-judge

strategy [42]:
Ry — 1, if the predicted answer is semantically consistent with ground truth 1)
0, otherwise
To regulate tool usage, we introduce a multiplicative cropping penalty:
Perop = 1 = Acrop * Lerop, (12)
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where Irop = 1 if the trajectory contains a crop invocation, and 0 otherwise; Acrop € [0,1)
controls the penalty strength. Thus, Perop € (0,1]. When no crop is invoked, Perop = 1;
when cropping occurs, Perop < 1, reducing the effective answer reward. In our experiments,
the crop penalty coefficient Acrop is set to 0.1. This value provides a mild penalty for
unnecessary crop-tool invocations while still allowing necessary cropping, achieving a
reasonable balance between local evidence acquisition and inference efficiency.

The overall reward is then as follows:

R = aRgmt + Rregion + Rans - pcrop/ (13)

where « weights the format reward. In our experiments, we set « = 0.3, and the coefficient
of Ryegion 18 fixed to 1.0 in the composite reward. This formulation clarifies that the crop
penalty modulates the answer reward without introducing unintended positive reward.

Intuition and Example. For a global-level question that does not require cropping,
the model should rely on the full image. If it unnecessarily invokes cropping, Rans is
discounted by Perop, reflecting a minor cost. Conversely, for an object-level question
requiring local evidence, invoking the crop tool can increase Ryegion and help achieve
Rans = 1, so the model is rewarded for selective cropping.

2.6. Evaluation Datasets and Metrics

Evaluation Datasets. Table 1 summarizes the four evaluation datasets used in
this study. To evaluate the proposed method under diverse remote sensing scenar-
ios, we conduct experiments on VRSBench, MME-RealWorld-RS, XLRS-Bench, and
LRS-VQA [10,19,43,44]. These benchmarks cover different image resolutions, scene cate-
gories, and question types, allowing us to assess general RS-VQA performance, fine-grained
visual perception, spatial reasoning, and ultra-high-resolution image analysis.

Table 1. Statistics of the evaluation datasets.

Dataset Avg. Resolution Images VOA Pairs
VRSBench [44] 512 x 512 29,614 123,221
MME-RealWorld-RS [10] 5602 x 4445 1265 3738
XLRS-Bench [19] 8500 x 8500 1400 3080
LRS-VQA [43] 7099 x 6329 1657 7333

VRSBench evaluates general vision-language understanding in remote sensing scenes
and contains a large number of image-question pairs with moderate image resolution.
MME-RealWorld-RS focuses on real-world high-resolution remote sensing imagery and
is used to examine model robustness in complex visual environments. XLRS-Bench is
designed for ultra-high-resolution remote sensing images, where large spatial coverage
and small visual targets pose challenges to region localization and multi-step reasoning.
LRS-VQA further emphasizes question answering over large-scale remote sensing scenes
and is suitable for evaluating fine-grained evidence acquisition in wide-area imagery.
Together, these datasets provide a comprehensive testbed for analyzing the effectiveness
of the proposed active perception framework across both standard and high-resolution
RS-VQA settings.

Evaluation Metrics. We adopt answer accuracy (Acc) as the primary evaluation metric.
For each test sample, the model generates an answer based on the input image and ques-
tion. The prediction is then compared with the ground-truth answer to determine whether
it is correct. However, RS-VQA answers are often expressed in short natural-language
phrases, and many questions allow semantically equivalent answers with different sur-
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face forms. Therefore, exact string matching or token-level overlap may underestimate
model performance.

To obtain a more reliable evaluation for open-ended answers, we employ an LLM-as-a-
judge strategy [42]. Specifically, we use Qwen3-32B as the judging model. For each sample,
the question, predicted answer, and ground-truth answer are provided to the judge model.
The judge is instructed to determine whether the prediction is semantically consistent with
the reference answer and to output a binary decision, i.e., correct or incorrect. The same
judging prompt is used for all datasets to ensure consistency across evaluations. The final
accuracy is computed as follows:

Acc = Ncorrect , (14)
Ntotal

where Neorrect denotes the number of samples judged as correct, and Ny, represents the
total number of evaluated samples. Compared with exact string matching, this semantic-
consistency-based protocol better reflects answer correctness in open-ended RS-VQA tasks.

3. Results
3.1. Comparative Analysis and Discussion

To evaluate the effectiveness of the proposed method, we compare it with represen-
tative VLMs on four RS-VQA benchmarks, including VRSBench, MME-RealWorld-RS,
XLRS-Bench, and LRS-VQA [10,19,43,44]. For compact presentation, MME-RealWorld-RS
is abbreviated as MME-RW-RS in the results’ table. The compared models are grouped
into three categories: proprietary VLMSs, open-source general-purpose VLMs, and remote
sensing-specific VLMs.

For proprietary models, we include GPT-40, GPT-4V, Gemini-2.5-Flash, and Claude 3.5
Sonnet, which have shown strong general visual understanding and reasoning abilities [45—48].
For open-source models, we evaluate InternVL, LLaVA-OV, and several Qwen-VL vari-
ants with different model scales, including Qwen3-VL models with enhanced reasoning
ability [37,49-52]. These models provide strong baselines for assessing general multimodal
understanding. We also compare with remote sensing-specific VLMs, including GeoChat,
GeoLLaVA, ZoomEarth, SkySenseGPT, and GeoVLM-R1 [11,13,16,29,53]. These methods
are designed or adapted for geospatial imagery through domain-specific instruction tuning,
high-resolution input modeling, crop-based interaction, or reasoning-oriented optimization.

As shown in Table 2, the proposed method demonstrates strong performance across the
four RS-VQA benchmarks, achieving accuracies of 49.8, 43.3, 40.9, and 34.7 on VRSBench,
MME-RW-RS, XLRS-Bench, and LRS-VQA, respectively. These values result in a compet-
itive average accuracy of 42.2 across the evaluated benchmarks. Notably, our approach
attains the top performance on VRSBench and LRS-VQA, while remaining competitive on
MME-RW-RS and XLRS-Bench.

When compared to proprietary VLMs, such as GPT-40, GPT-4V, Gemini-2.5-Flash,
and Claude 3.5 Sonnet, the proposed method achieves a higher average score. Although
these models perform well on general-purpose visual understanding tasks, their perfor-
mance is less consistent on remote sensing benchmarks, particularly in high-resolution
scenarios requiring fine-grained region localization. This indicates that incorporating
domain-specific active perception and crop-tool-based reasoning can provide substantial
benefits for RS-VQA.

The improvement over open-source general-purpose VLMs is even more pronounced.
Using Qwen2.5-VL-3B as the backbone, the proposed method increases the average accu-
racy from 23.2 to 42.2. This suggests that the performance gains arise not merely from model
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scale, but from the integrated effect of structured reasoning, teacher-guided cold-start SFT,
and GRPO-based active perception optimization.

Table 2. Accuracy (%) comparison with existing vision-language models on RS-VQA benchmarks.

Model VRSBench MME-RW-RS XLRS-Bench LRS-VQA Avg
GPT-4o [45] 425 28.9 39.8 27.6 34.7
GPT-4V [46] 37.2 32.2 32.1 24.5 31.5
Gemini-2.5-Flash [47] 453 42.0 41.2 329 404
Claude 3.5 Sonnet [48] 40.2 36.5 36.5 19.7 33.2
InternVL2.5-8B [49] 34.5 32.9 32.8 25.2 314
InternVL3-8B [50] 36.9 38.2 34.5 26.5 34.0
Qwen2-VL [54] 32.1 26.9 26.9 25.0 27.7
LLaVA-OV [51] 31.6 26.6 26.5 26.1 27.7
Qwen2.5-VL-3B [37] 28.5 22.1 221 20.1 232
Qwen2.5-VL-7B [37] 33.8 284 28.3 25.8 29.1
Qwen2.5-VL-72B [37] 38.7 36.6 35.2 27.9 34.6
Qwen3-VL-8B [52] 35.2 359 32.5 25.8 324
Qwen3-VL-235B-A22B [52] 41.9 38.9 38.7 29.1 37.2
GeoChat [11] 40.8 28.6 222 25.5 29.3
SIiIME-8B [10] 30.2 29.7 29.7 28.7 29.6
GeoLLaVA-8K [16] 48.9 41.6 39.1 28.8 39.6
ZoomEarth [29] 37.5 441 40.2 30.7 38.1
SkySenseGPT [13] 39.8 33.5 33.5 - 35.6
GeoVLM-R1 [53] - - 36.8 26.8 31.8
Ours 49.8 43.3 40.9 34.7 422

Similarly, compared to remote sensing-specific VLMs, the proposed approach delivers
competitive results. Models such as GeoLLaVA-8K and ZoomEarth achieve strong perfor-
mance on high-resolution benchmarks, underscoring the importance of high-resolution
input modeling and localized visual evidence. Nevertheless, our method attains the highest
overall average and shows a clear advantage on LRS-VQA, where accurate localization
of fine-grained evidence across wide-area scenes is crucial. These results indicate that the
crop-tool-augmented active perception strategy effectively enhances RS-VQA performance
in large-scale, high-resolution settings.

Overall, the experimental outcomes highlight that the proposed method achieves a
balanced improvement across general RS-VQA tasks and high-resolution fine-grained rea-
soning. The substantial gains over the Qwen2.5-VL-3B backbone further validate the effec-
tiveness of our training pipeline, which combines structured reasoning, teacher-generated
crop-based trajectories, and GRPO-based optimization.

3.2. Ablation Studies

To analyze the contribution of each component, we conduct ablation studies from three
perspectives: training strategy, cropping mechanism, and reward design. Table 3 compares
different training strategies. Compared with the original Qwen2.5-VL-3B backbone, SFT
alone improves the average accuracy from 23.2 to 39.5, yielding an absolute gain of
16.3 points. This result shows that teacher-generated structured trajectories provide an
effective cold-start signal, enabling the model to learn basic multi-step reasoning patterns
and crop-tool invocation formats.

GRPO alone also improves the backbone model, increasing the average accuracy
to 34.8. However, its performance remains lower than that of SFT alone. This suggests
that reinforcement learning without sufficient initialization may suffer from unstable
exploration, especially when the model needs to simultaneously learn reasoning formats,
region selection, and answer generation. When SFT and GRPO are combined, the average
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accuracy further increases to 42.2, achieving the best results among all training strategies.
This indicates that SFT provides a reliable initialization for structured reasoning and tool
use, while GRPO further refines the active perception policy through task-level feedback.

Table 3. Ablation study on training strategies. Improvements over Qwen2.5-VL-3B are shown
in parentheses.

Training Strategy VRSBench MME-RW-RS XLRS-Bench  LRS-VQA Avg.
Qwen2.5-VL-3B [37] 28.5 22.1 22.1 20.1 23.2
SFT only 475(+19.0)  40.1(+18.0)  37.6(+155)  329(+12.8)  39.5(+16.3)
GRPO only 39.2(+10.7)  38.0(+15.9)  32.5(+10.4) 29.4 (+9.3) 34.8 (+11.6)
SFT + GRPO 49.8 (+21.3)  43.3(+21.2)  40.9(+18.8)  34.7(+14.6)  42.2(+19.0)

Table 4 further examines the effect of cropping under different training paradigms.
Under the SFT setting, adding cropping only slightly improves the average accuracy
from 39.3 to 39.5. The limited gain indicates that supervised learning can teach the model
the basic format of crop-tool invocation, but it does not fully optimize when and where
to crop. In particular, the performance on MME-RW-RS decreases after adding cropping,
suggesting that inaccurate or unnecessary crop decisions may introduce distracting local
evidence and affect answer generation.

Table 4. Effect of cropping under different training paradigms. Improvements over the baseline are
shown in parentheses.

Settings VRSBench MME-RW-RS XLRS-Bench LRS-VQA Avg.
SFT 46.3 41.8 37.2 317 39.3
SFT + Cropping  47.5(+1.2) 40.1(-1.7) 37.6 (+0.4) 329 (+1.2) 39.5 (+0.2)
RL 49.1 40.9 39.4 32.6 40.5
RL + Cropping 49.8 (+0.7) 43.3 (+2.4) 40.9 (+1.5) 34.7 (+2.1) 42.2 (+1.7)

In contrast, cropping becomes more beneficial when combined with reinforcement
learning. Under the RL setting, the average accuracy increases from 40.5 to 42.2 after
introducing cropping, with consistent gains across all four benchmarks. The improvements
are especially clear on MME-RW-RS and LRS-VQA, where high-resolution inputs and
wide-area scenes require more accurate local evidence acquisition. These results suggest
that cropping itself is not always beneficial; its effectiveness depends on whether the model
can learn a reasonable crop-selection policy. GRPO helps optimize this policy by rewarding
trajectories that select informative regions and produce correct answers.

Overall, the comparison indicates that cropping should be coupled with policy op-
timization rather than treated as a fixed operation. SFT provides the model with basic
executable tool-use behavior, while GRPO improves the timing and spatial precision of
crop-tool invocation. This explains why the combination of cropping and reinforcement
learning yields the most stable improvement.

We further evaluate the influence of reward design in Table 5. Replacing the conven-
tional IoU reward with the proposed region reward improves the average accuracy from
39.1 to 40.4. This improvement indicates that the coverage-based formulation provides a
denser and more task-oriented supervision signal than strict geometric overlap. By measur-
ing whether the predicted crop contains the reference region while penalizing excessive
area, the region reward better matches the evidence-seeking nature of active perception
in RS-VQA.
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Table 5. Ablation study on reward design.
Reward Design Performance
Riou Ryegion Perop Reasoning Object Counting Scene Avg.
v - - 39.6 424 14.3 52.0 39.1
- v - 41.5 43.7 14.6 53.6 40.4
- v v 42.2 44.3 15.0 53.8 40.9

The improvement is observed in Reasoning, Object, and Scene tasks, suggesting that
better region selection benefits not only localization but also downstream semantic analysis.
The gain on Counting tasks is relatively small, which may be because counting often
depends on broader scene-level information rather than a single localized crop. This result
also suggests that the role of cropping varies across question types.

Adding the cropping penalty further improves the average accuracy from 40.4 to 40.9.
The penalty discourages redundant tool invocation and encourages the model to preserve
global context when cropping is unnecessary. This effect is particularly important for
Scene questions, where excessive local focus may remove useful contextual information.
Meanwhile, the gains in Reasoning and Object tasks suggest that the model learns to invoke
cropping more selectively and at more appropriate stages. These results verify that the
proposed reward design not only guides the model toward informative regions, but also
regulates the cost and necessity of crop-tool use.

4. Discussion
4.1. Method Analysis

High-resolution remote sensing visual question answering presents substantial chal-
lenges for conventional vision-language models due to the sparse distribution of infor-
mative content and the wide scale variation of key objects. In many scenarios, only a
small portion of the image is relevant to the question, while the remaining regions often
contain redundant background information that can interfere with reasoning. To address
this, we propose an active perception framework that integrates dynamic cropping into
the reasoning process of vision-language models. Unlike approaches relying solely on
global image representations, the proposed method selectively focuses on task-relevant
local regions based on the semantic content of the question, enabling more precise visual
understanding during inference.

Experimental results on multiple RS-VQA benchmarks demonstrate consistent per-
formance gains over traditional global-view methods. This improvement indicates that
explicitly incorporating region selection into the reasoning pipeline effectively mitigates the
impact of irrelevant information in high-resolution imagery. Additionally, the framework
enhances the model’s ability to capture fine-grained visual evidence, which is crucial for
tasks involving small objects, complex spatial arrangements, or subtle semantic distinctions.

Another key advantage of the proposed framework is its joint modeling of perception
and reasoning within a unified decision-making process. Conventional vision-language
models typically treat visual encoding as a fixed preprocessing step, while reasoning is
performed on the extracted features. In contrast, our method allows reasoning to guide
perception, enabling adaptive adjustment of the observation region according to the current
question. This active perception mechanism improves reasoning robustness in complex
remote sensing scenarios and more closely resembles human visual cognition, where
attention is dynamically allocated to informative regions during problem solving.
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4.2. Comparison with Existing Methods

Compared with existing remote sensing vision-language models, the proposed
method incorporates an explicit and interpretable active perception mechanism at the
behavioral level. Methods such as GeoChat primarily enhance semantic understanding
through instruction tuning on remote sensing data. Although they perform well on gen-
eral semantic tasks, their reasoning relies on global image representations and lacks an
explicit mechanism to identify question-relevant regions. As a result, when processing
high-resolution images with abundant irrelevant content, redundant visual information
can negatively affect reasoning performance. GeoVLM-R1 improves answer quality for
complex queries by enhancing reasoning capabilities, yet it still relies on globally encoded
image features and does not explicitly model spatial information selection. Consequently,
despite more sophisticated reasoning, it may struggle to accurately localize key visual
evidence in challenging remote sensing scenarios.

In contrast, our framework explicitly integrates cropping operations into the reasoning
process, allowing the model to dynamically adjust its perceptual focus based on question
semantics and scene complexity. By directly linking perception and reasoning, the model
actively identifies informative regions during inference, rather than treating visual en-
coding and reasoning as separate stages. This unified strategy contributes to more stable
performance improvements across datasets and question types.

Compared with ZoomkEarth, the proposed method further introduces a cropping
penalty during GRPO training, enabling adaptive crop decision-making. Instead of per-
forming cropping indiscriminately, the model learns when and where cropping is necessary,
improving both flexibility and efficiency. This is particularly beneficial for questions that
can be answered using only global context. Overall, the proposed framework enhances
not only region localization but also the model’s ability to autonomously manage its
perception behavior.

4.3. Reward Mechanism Analysis

The design of the reward function is central to optimizing crop-tool behavior in the
proposed framework. Conventional IoU-based rewards mainly evaluate the geometric
overlap between the predicted crop and the annotated region. Although this criterion is
suitable for standard localization tasks, it does not fully reflect the task-oriented nature
of RS-VQA. In this setting, the selected region should not only overlap with the reference
annotation, but also provide visual evidence that is useful for answering the question.
Therefore, directly relying on IoU may produce sparse or insufficient learning signals,
especially when the predicted crop partially covers the target but fails to obtain a high
overlap score.

To alleviate this problem, we introduce a reward mechanism that combines reference-
region coverage with an area constraint. The coverage term encourages the model to include
question-relevant visual evidence in the selected crop, whereas the area constraint discour-
ages overly large regions that simply cover more content without improving reasoning
quality. By balancing these two objectives, the proposed reward guides the model toward
compact and informative regions, which is more consistent with the evidence-seeking
requirement of active perception in RS-VQA.

In addition, we introduce a cropping penalty to regulate tool invocation. In practical
remote sensing scenarios, not every question requires local inspection. Some questions
can be answered from the global scene context, and unnecessary cropping may introduce
redundant visual evidence, increase inference cost, or even distract the model from the
correct reasoning path. The cropping penalty therefore encourages the model to invoke the
crop tool more selectively. Instead of treating cropping as a default operation, the model
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learns to determine whether local evidence is needed according to the question and visual
context. This design improves the adaptability of the perception process across different
question types.

The proposed reward mechanism also improves the interpretability of the framework.
Since crop decisions are explicitly represented and optimized during training, the resulting
reasoning process can be inspected through the generated crop coordinates and intermedi-
ate outputs. Compared with implicit attention mechanisms, this explicit crop-tool behavior
provides more observable evidence for analyzing how the model acquires and uses visual
information. Nevertheless, the current reward design mainly focuses on region coverage,
crop compactness, answer correctness, and tool-use cost. More fine-grained reward signals,
such as those considering multi-step crop trajectories or the semantic sufficiency of selected
regions, remain worth further investigation.

4.4. Limitations and Future Work

Although the proposed framework achieves promising results on multiple RS-VQA
benchmarks, several limitations remain that warrant further investigation. First, the current
training process relies on manually annotated cropping regions, which increases annotation
costs and limits scalability to large-scale unlabeled remote sensing datasets. Despite these
annotations providing effective supervision for learning crop-tool behavior, constructing
high-quality region labels is time-consuming and may not generalize well to diverse or
complex scenarios. Future work could explore reinforcement learning or self-supervised
strategies that learn region selection policies directly from question—answer supervision,
reducing the dependence on explicit cropping annotations and improving scalability in
real-world applications.

Second, the framework currently employs a single-step cropping operation. Although
this design simplifies decision-making, a single crop may be insufficient to capture all
relevant visual evidence in complex scenes containing multiple spatially distributed regions.
In such cases, one cropped region might omit critical information needed for accurate
reasoning. Future research could investigate multi-step or hierarchical cropping strategies,
enabling the model to progressively refine its perception and integrate information from
multiple regions during inference.

Third, cropping is the primary visual operation in the current framework. Although ef-
fective at reducing redundant information, additional perception mechanisms could further
enhance scene understanding. For example, future extensions could incorporate multi-scale
feature exploration, cross-region integration, adaptive zooming, or external knowledge
retrieval modules. Integrating such capabilities may yield a more comprehensive active
perception system for remote sensing multimodal reasoning tasks.

Overall, this work demonstrates that incorporating active region selection into the
reasoning process improves RS-VQA performance and provides a new perspective on
modeling active perception in multimodal vision-language systems. Addressing the
limitations outlined above will be critical for extending the framework to larger-scale
datasets, more complex scenes, and richer perception operations in future studies.

5. Conclusions

This paper presents an active perception-based vision-language framework for high-
resolution remote sensing visual question answering (RS-VQA), designed to address the
challenges posed by sparse informative content, substantial background redundancy,
and large-scale variations of key objects in remote sensing images. The framework treats
cropping as an explicit visual operation within the reasoning process, enabling the model
to selectively focus on question-relevant regions and generate answers based on targeted
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visual evidence. By dynamically adjusting its perceptual focus according to the task re-
quirements, the model moves beyond reliance on fixed global image representations.

To further enhance region selection, a reward mechanism is introduced that combines
region coverage, area constraints, and a cropping penalty. This design encourages the
model to prioritize informative regions containing key evidence, discourages excessive or
uninformative crops, and guides adaptive cropping decisions depending on the question
context. Consequently, the framework establishes a tighter integration between region
localization, cropping behavior, and answer reasoning, facilitating a more flexible and
interpretable perception process. Experimental results across multiple RS-VQA bench-
marks demonstrate competitive performance and improvements in most evaluated settings,
validating the effectiveness of incorporating active region selection into high-resolution mul-
timodal understanding. We also observe that the performance gain varies across datasets,
indicating that the effectiveness of crop-tool-augmented active perception is influenced by
task composition, question difficulty, and the distribution of local visual evidence.

In summary, this work provides a new modeling perspective for RS-VQA by explicitly
embedding visual perception behavior into the reasoning pipeline of vision-language
models. Beyond improving task performance, this approach offers insights for the develop-
ment of vision-language systems with dynamic decision-making, interpretable reasoning,
and adaptive perception, and lays the groundwork for future research on more sophisti-
cated active perception mechanisms in multimodal remote sensing applications.
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Abbreviations

The following abbreviations are used in this manuscript:

Acc Accuracy

bbox Bounding box

CLIP Contrastive Language-Image Pre-training
CoT Chain-of-Thought

GRPO Group Relative Policy Optimization

IoU Intersection over Union

KL Kullback-Leibler divergence

LLM Large language model

LoRA Low-Rank Adaptation
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MLP Multilayer perceptron

PPO Proximal Policy Optimization

RL Reinforcement learning

RS-VQA  Remote sensing visual question answering
SFT Supervised fine-tuning

VLM Vision-language model

VOQA Visual question answering

Appendix A

Appendix A.1. Training Details and Hyperparameter Settings

We adopt Qwen2.5-VL-3B as the base model and conduct training in two stages:
cold-start SFT and GRPO-based reinforcement learning. In the first stage, we construct
the cold-start SFT data from the LRS-GRO training set. Specifically, we use Seed 1.6 to
generate trajectory data with high-quality chain-of-thought rationales for the training sam-
ples, and then perform LoRA-based fine-tuning on the base model using these generated
trajectories. During cold-start SFT, the vision encoder is frozen, and LoRA adapters are in-
serted only into the attention projection modules of the language model, including q_proj,
k_proj, v_proj, and o_proj. The LoRA rank is set to 8 and the LoRA alpha is set to 16.
We train the model with bfloat16 precision, a learning rate of 5 x 107>, a warmup ratio of
0.03, a weight decay of 0.01, a global batch size of 64, and a maximum sequence length
of 4096 for 2 epochs. AdamW is used as the optimizer. The detailed hyperparameters for
cold-start SFT are reported in Table A1l. After cold-start SFT, we merge the LORA weights
into the original model weights, obtaining the supervised fine-tuned model used to initial-
ize the subsequent reinforcement learning stage. The cold-start SFT stage is conducted on
4 NVIDIA A800-80GB NVLink GPUs using the ms-swift training framework. The training
environment consists of Ubuntu 22.04, an Intel Xeon Platinum 8374C CPU, CUDA 12.8,
Python 3.12, and PyTorch 2.8.0.

Table Al. Hyperparameters for cold-start SFT training.

Training Hyperparameter Value
Freeze ViT true
LoRA rank 8

LoRA alpha 16
LoRA target modules q_proj, k_proj, v_proj, o_proj
Precision bfloat16
Learning rate 5x107°
LR scheduler type cosine
Warmup ratio 0.03
Weight decay 0.01
Global batch size 64
Optimizer AdamW
Training epochs 2
Max sequence length 4096

After supervised fine-tuning, we further optimize the model with GRPO-based rein-
forcement learning. To improve the effectiveness of the reinforcement learning data, we
first apply rejection sampling to filter the training samples. Specifically, the supervised
fine-tuned model from the previous stage is used to generate multiple responses for each
training sample, and the samples are then categorized according to the correctness of the
generated answers. Samples for which all responses are correct are considered too easy
to provide informative optimization signals, whereas samples for which all responses

https://doi.org/10.3390/1s18142288


https://doi.org/10.3390/rs18142288

Remote Sens. 2026, 18, 2288

19 of 25

are incorrect are unlikely to provide stable relative preference information for the current
model. Therefore, we discard both types of samples and retain only those for which the
model produces both correct and incorrect responses. These retained samples are then used
for GRPO training.

In the GRPO stage, we adopt full-parameter fine-tuning while keeping the vision
encoder frozen, such that only the language model parameters are updated. The supervised
fine-tuned model is used as the initial policy model, and training is performed with bfloat16
precision. For each question, we sample 8 candidate responses with a sampling temperature
of 1.0 and a top-p value of 0.9. The KL coefficient is set to 0.001 to constrain the policy
update with respect to the reference model. We use AdamW as the optimizer, with a
learning rate of 1 x 10~°, a cosine learning-rate scheduler, a warmup ratio of 0.03, a weight
decay of 0.01, a gradient clipping threshold of 1.0, a global batch size of 128, a total of 200 RL
training steps, and a maximum sequence length of 4096. The detailed hyperparameters for
GRPO training are summarized in Table A2. The GRPO stage is conducted on 8 NVIDIA
AB800-80GB NVLink GPUs using the same ms-swift framework and training environment
as in the cold-start SFT stage.

Table A2. Hyperparameters for RL training.

Training Hyperparameter Value
Freeze ViT true
Precision bfloatl6
Learning rate 1x10°°
LR scheduler type cosine
Number of generations 8
Sampling temperature 1.0
Top-p 0.9
KL coefficient 0.001
Warmup ratio 0.03
Weight decay 0.01
Gradient clipping threshold 1.0
Global batch size 128
Optimizer AdamW
Total RL steps 200
Max sequence length 4096

Appendix A.2. Prompt Templates for Active Perception and Evaluation

This appendix presents the main prompt templates used in this paper for remote
sensing visual question answering. Table A3 shows the system prompt adopted during the
model inference stage. This prompt constrains the model to follow a reasoning procedure
consisting of image description, cropping decision-making, local detail analysis, or direct
answering, and specifies special output formats such as <think>, <crop>, and <answer>.
With this prompt, the model can actively output a cropping region when fine-grained
visual information is required, while directly answering based on the global image when
cropping is unnecessary.

Table A4 presents the evaluation prompt used for LLM-as-a-judge and answer cor-
rectness assessment. This prompt requires the evaluator model to strictly compare the
predicted answer with the ground-truth answer in terms of semantic and factual consis-
tency, and to output only a binary judgment. Specifically, a prediction is marked as correct
when its core meaning is consistent with the ground-truth answer, the key information is
complete, and there are no factual errors. In contrast, a prediction is marked as incorrect if
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it contains factual errors, misses key information, is irrelevant to the question, or is vague
and indeterminable.

Table A3. System prompt used for remote sensing visual question answering.

Item Content

You are an expert in remote sensing visual question
Role answering, specializing in answering questions based on
remote sensing images provided by the user.

Please reason step by step and output your reasoning process

R ing f t .
casoning torma in the format of <think>...</think>.

When solving the problem, you may choose to call the image
Cropping tool cropping tool to obtain fine-grained details from the
original image.

First, briefly describe the image, and then determine whether

Decisi . . .
CCISION process the image cropping tool is needed.

If cropping is required, first output the reasoning process,
If cropping is required and finally output the target bounding box in the format of
<crop>...</crop> and stop answering.

If cropping is not required, continue reasoning until you can
If cropping is not required  fully answer the user’s question, and output the final result
in the format of <answer>. ..</answer>.

Table A4. Evaluation prompt for answer correctness judgment.

Prompt

You are an objective, rigorous, and professional evaluator responsible for assessing the
correctness of the model’s answer. Your task is to strictly compare the predicted answer
with the ground-truth answer and determine whether they are semantically and factually
consistent. Please strictly follow the rules below:

1. The predicted answer should be judged as correct if all of the following conditions
are satisfied:

*  The core meaning is completely consistent with the ground-truth answer.
¢ The key information is complete and not omitted.
*  There are no factual errors.

2. The predicted answer should be judged as incorrect if any of the following conditions
are satisfied:

¢  There is a factual error.

* Key answer information is missing.

*  The answer is irrelevant to the original question.
e The content is vague or cannot be determined.

Please output your judgment strictly in the following format, without any
additional explanation:

{’label’: ’YES/NO’}

Original question: {Question}
Ground-truth answer: {Ground-Truth}
Predicted answer: {Prediction}

Table A5 shows the teacher-model prompt used to generate high-quality chain-of-
thought trajectory data. This prompt takes the image, question, crop-needed label, crop
bounding box, and annotated answer as inputs, and guides the teacher model to generate
a reasoning process that is consistent with the annotated answer and grounded in visual
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evidence. This template is mainly used for constructing cold-start supervised fine-tuning
data, enabling the model to learn the remote sensing visual question answering process
from global scene understanding to local detail analysis and, finally, to answer generation.

Table A5. Teacher prompt for generating chain-of-thought trajectories.

Prompt

You are an expert in remote sensing visual question answering, specializing in answering questions based on remote
sensing images. You now need to serve as a teacher model and generate high-quality chain-of-thought training data
based on the given image, question, crop-needed label, crop bbox, and annotated answer.

Please note that your output is not intended to answer the question from scratch. Instead, you should generate a
reasonable, clear, and visually grounded reasoning trajectory based on the known annotated answer. The reasoning
process must explain why the final answer is the annotated answer.

Please strictly follow the procedure below:

1. First, briefly describe the overall scene of the remote sensing image, including the main land-cover or object types and
their spatial layout.

2. Next, determine the visual information required to answer the question:

e IfNeed_Crop is true, it indicates that the question requires local fine-grained details. You should state that the given
bbox region needs to be examined, and analyze the visible objects, textures, shapes, colors, and spatial relationships
within that region.

¢ IfNeed_Cropis false, it indicates that the entire image already provides sufficient information. You should reason
directly based on the global image content without mentioning additional cropping.

3. If Need_Crop is true and a BBox is provided, you must use the information from the corresponding bbox region in
your reasoning. Do not modify the bbox, do not output a new bbox, and do not claim that the bbox is inaccurate.

4. The reasoning should reflect the characteristics of remote sensing visual question answering. It may involve the
following aspects:

* land-cover or object category recognition;

* the number, shape, size, color, or texture of targets;

* the relationship between targets and surrounding roads, buildings, water bodies, vegetation, farmland, or other
geographic objects;
the relative position of targets in the image;
how local details support the final judgment.

5. The reasoning process must be fully consistent with Ground_Truth. It must not contain any information that
contradicts the annotated answer. The final answer must directly use Ground_Truth.

6. Do not include irrelevant explanations, additional comments, or any content outside the required format.
Please strictly output in the following format:

<think>

[Generate the complete reasoning process here. The reasoning process should include a brief image
description, the judgment of whether cropping is needed, the analysis of relevant visual evidence,
and the reason for deriving the final answer.]

</think>

<answer>{Ground_Truth}</answer>

The input information is as follows:

Image: {Image}

Question: {Question}

Need crop: {Need_Crop}

Crop bbox: {BBox}

Annotated answer: {Ground_Truth}
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Appendix A.3. Case Study

Figure A1 shows a fine-grained object recognition case that requires crop-tool invocation.
In this example, the question asks about the shape of the rightmost tank. Since the target tank
occupies only a small region in the original high-resolution remote sensing image, directly
answering from the global view may be unreliable. The model first analyzes the global scene
and determines that local visual evidence is needed. It then generates a structured crop
instruction to focus on the region containing the target tank. After inspecting the cropped
region, the model observes that it has a circular top and bottom with straight sides, and finally
predicts the answer as “cylindrical”. This case demonstrates that the crop tool can help the
model acquire fine-grained local evidence for accurate object attribute recognition.

[ Query: What shape is the right-most tank?

Stagel Reasoning

<think>

The global satellite image shows an airport adjacent to a large body of water. The airport
features runways, taxiways, aprons, terminal buildings, and supporting facilities,
surrounded by green fields and roads, presenting a typical aviation hub layout. The
question asks about the shape of the right-most tank, so I need to crop the image to
focus on the tank area. | need to crop the region containing the right-most tank.

<\think>

Tool Calling
<crop> [433,122, 447, 137] </crop>

Stage2 Reasoning

<think>

After examining the cropped image, the right-most tank has a tall, straight-sided
structure with circular top and bottom, indicating it is a cylinder.

<\think>

<answer> cylindrical </answer>

Figure A1. A fine-grained object recognition case with crop-tool invocation.

Figure A2 presents a global scene understanding case without crop-tool invocation.
The question asks about the location of the fountain in the image. Since the fountain and the
surrounding green lake are already visible in the global image, the model can answer the
question by directly analyzing the overall scene layout without performing additional cropping.
The reasoning process shows that the model identifies the urban residential area, recognizes
the green lake in the lower-left part of the image, and locates the fountain near the center of
the lake. It therefore selects option C as the final answer. This case indicates that the proposed
active perception framework can not only invoke the crop tool when fine-grained evidence is
required, but also avoid unnecessary tool use when global visual information is sufficient.
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Query
: Where is the fountain in the picture?
(A) At the top left side of the picture.
(B) In the middle of the picture.
(C) On the lower left side of the picture, in the center of the green lake.
(D) On the lower right side of the picture.
(E) This image doesn't feature the position.

Stagel Reasoning

<think>

The user provides an image. First, give a brief description: This is a satellite top-down view of an urban residential
area. Dense multi-story residential buildings are neatly arranged along streets, with scattered trees and small
green spaces inside the area. The road network is clear, showing a compact urban residential layout. The question
asks for the location of the fountain in the image. The fountain can be directly recognized from the image, so
cropping is not needed. Then locate the fountain: it is in the lower left of the image, there is a green lake in the
center, and the fountain is located in the central area of the lake.

<\think>

<answer> C </answer>

Figure A2. A global scene understanding case without crop-tool invocation.
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