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Abstract. The fundamental objective of the Remote Sensing Visual Question
Answering (RS VQA) paradigm is to deduce precise linguistic responses for
natural language inquiries grounded in Earth observation imagery!.
Nevertheless, the inherent disparity separating rudimentary image characteristics
from abstract semantic concepts presents a substantial hurdle in decoding
intricate textual queries. Moreover, the lack of dynamic modulation mechanisms
for integrating visual and textual features impedes the balanced interpretation of
image content and textual semantics. In response to these identified limitations,
this study introduces a novel architecture termed the Cross-Modal Dynamic
Aggregation with Adaptive Relevance Modulation Fusion Network (CDAR-
Net), tailored specifically for the RS VQA domain. Specifically, we propose a
Cross-Modal Dynamic Aggregation Module (CMDA) that employs a multi-level
attention mechanism to iteratively fuse text-guided visual features, enabling a
progressive transition and dynamic integration from low-level visual features to
high-level semantic information. We further introduce an Adaptive Correlation
Modulation Fusion Module (ACMF) that dynamically adjusts visual and textual
feature weights based on questions context, enhancing the representation of
relevant information. Experimental results demonstrate that CDAR-Net
outperforms existing state-of-the-art methods on three RS VQA datasets.

Keywords: remote sensing, visual question answering (VQA), cross-modal
fusion, dynamic aggregation.

1 Introduction

The domain of Remote Sensing Visual Question Answering (RS VQA) constitutes a
formidable research endeavor. Specifically, it necessitates the profound comprehension
and inferential analysis of Earth observation data in order to synthesize precise
linguistic responses. This technology holds significant potential for advancing
environmental monitoring and disaster management by facilitating more effective
analysis of environmental changes and disaster scenarios[?. Early researchl® focused
on extracting visual features using CNNs and text features using RNNSs, ultimately
integrating these features into a unified vector representation.
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With the continuous advancement of research, the rich spatial and semantic
information in RS images has driven RS VQA methods to focus increasingly on
enhancing visual feature extraction. Yuan et al.[* introduced a CNN-based multi-level
feature learning approach that jointly extracts language-guided image features and
progressively increases sample difficulty, thereby improving semantic comprehension.
Zheng et al.’! employed CNNs to capture spatial information, combining them with
word embeddings for semantic representation and leveraging attention mechanisms and
bilinear techniques to enhance feature encoding. A novel framework designated as
SHRNet was introduced by Zhang et al.lfl. To derive multi-resolution visual
representations, this architecture seamlessly fuses convolutional neural networks with
hashing paradigms. Furthermore, the predictive precision of the model is significantly
augmented through the explicit encoding of spatial contextual information.
Nevertheless, conventional approaches frequently fail to reconcile the inherent
disparity between rudimentary visual representations and abstract semantic concepts.
Consequently, this disconnect fosters a disproportionate dependency on raw image
data, thereby severely constraining the model's proficiency in decoding intricate
inquiries.

In recent years, numerous RS VQA models have increasingly emphasized the
interaction between visual and textual features. Chappuis et al. introduced Prompt-
RSVQAL, which extracts image features using CNNs and processes them with
distiiIBERTI®!, but it lacks a dynamic mechanism for fusing visual and textual
information. Leonard et al.'s LiT-4-RSVQAP! improves RS VQA efficiency and
accuracy with a simplified Transformer architecture while its fusion mechanism
remains rudimentary. Bazi et al.l% proposed a Transformer-based visual-linguistic
model leveraging the pre-trained CLIP model*! for feature extraction from both
modalities, incorporating a co-attention mechanism for interaction modeling.
Nevertheless, it struggles to dynamically balance the importance of visual and textual
features during inference. Similarly, Feng et al.'s UCAGAN[!? mitigates attention
misalignment and class imbalance with an enhanced SAMFPN module[*®, yet it relies
on fixed visual feature extraction and fails to effectively adapt the fusion of visual and
semantic information.

More recently, the emergence of remote-sensing-oriented multimodal large
language model (MLLM) frameworks has further pushed RSVQA toward open-world
and knowledge-enhanced reasoning, but also raises new challenges in grounding and
efficiency[415],
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Fig. 1. The detailed architecture of CDAR-Net, consists of two vision encoders, a text
encoder, a classifier, and two specialized modules: CMDA for visual fusion and ACMF
for vision-text fusion.

While existing RS VQA methods have advanced feature extraction and fusion, they
continue to face two critical challenges: (1) an inadequate ability to bridge the semantic
gap between low-level visual features and high-level semantic representations, and (2)
the lack of an effective dynamic mechanism to optimally balance the contributions of
visual and textual features.

To address these challenges, we introduce the Cross-Modal Dynamic Aggregation
with Adaptive Relevance Modulation Fusion Network (CDAR-Net) for RS VQA.
CDAR-Net integrates the ResNet8] for extracting low-level visual features and the
Vision Transformer (ViT)], which captures high-level semantic information and
contextual details via global self-attention mechanisms. Central to our approach is the
Cross-Modal Dynamic Aggregation (CMDA) module, which utilizes textual
information to guide the hierarchical fusion of visual features. Employing a multi-level
attention mechanism, the CMDA module adaptively adjusts feature weights, effectively
enhancing the complementarity between different semantic levels, enabling a seamless
and dynamic transition from low-level features to high-level understanding.
Furthermore, we introduce the Adaptive Correlation Modulation Fusion (ACMF)
module, which dynamically balances the fusion weights of visual and textual features
based on query context, improving the representation of relevant information in the
fused features.

Comprehensive empirical evaluations were conducted across three open-source RS
VQA benchmarks, namely RSVQA-LR, RSVQA-HRE!, and RSIVQAP!, The resulting
metrics substantiate that CDAR-Net consistently eclipses the capabilities of current
state-of-the-art (SOTA) paradigms. Through a series of ablation studies, we further
validate the effectiveness of our approach.

The primary innovations introduced in this manuscript are delineated below:

e We propose the CDAR-Net to address the RS VQA task, combining ResNet
for local feature extraction and ViT for capturing high-level semantic and
contextual information.
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e We introduce the CMDA module, which utilizes a multi-level attention
mechanism to hierarchically fuse visual features guided by textual
information, dynamically reconciling the inherent representational disparity
separating rudimentary visual cues from abstract semantic concepts.

e We propose the ACMF module, which adaptively balances the weights of
visual and textual features based on query context, improving the relevance
and effectiveness of the fused features.

e Comprehensive empirical evaluations executed across a triad of open-access
RS VQA benchmarks substantiate that the proposed architecture consistently
eclipses contemporary state-of-the-art (SOTA) baselines.

2 Methods

In this section, as shown in Fig. 1, we comprehensively introduce the architecture of
CDAR-Net. CDAR-Net includes two independent vision encoders and the CMDA
described in Sec. 2.2, along with a language encoder and the ACMF elaborated in Sec.
2.3. Before delving into these components, we formally define the problem addressed
in this study in Sec. 2.1.

2.1  Preliminary

We formulate RS VQA as a classification task, where each image-text pair is associated
with a single correct answer selected from a set of A candidate answers. The dataset
D consists of N image-text pairs, each with its corresponding correct answer. Our
goal is to train an RS VQA model capable of accurately predicting the correct answer
given a RS image and its associated question. To achieve this, we aim to maximize the
log-likelihood of the correct answers during training, which can be formally expressed
as:

N
L:%ZlogP(yil 1., 6) )
i=1

Within this formulation, L stands for the objective loss to be minimized. For any
given data index i, the corresponding ground-truth annotation, satellite image, and
textual inquiry are denoted by y;, I;, and q;, respectively. Furthermore, the entire
set of optimizable weights within the network architecture is parameterized by 6.

The overall architecture of the proposed CDAR-Net is depicted in Fig. 1. Given an
RS image I, it is processed through both a CNN and a ViT to extract local image
features  and global image features, respectively. Simultaneously, a question q is
passed through BERT to extract textual features, resulting in the textual representation

ht . After obtaining these three types of features, we first apply the proposed CMDA
to perform text-guided cross-modal fusion of h,, andh,,, yielding the fused

visual features /" . Next, the textual feature h, and the fused visual features
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h*°" are combined, and we use the ACMF module to perform text-context-based
adaptive fusion of the visual and textual features, resulting in the final fused image-text

feature h ™" . Lastly, the fused feature h ™" is passed through an answer classifier
to generate the final output Y .

¥ = softmax(W, , -GELU (Norm(W,h ™" +b )W, +b,)+b,.) (2

where W;, W,, and W,,, are learnable weight matrices, b,, b,, and b, represent
bias terms.

2.2 Cross-Modal Dynamic Aggregation Network

After extracting local visual features h,,, from the CNN and global visual features
hviT from the ViT, we propose the CMDA, as depicted in Fig. 2. CMDA leverages

the textual feature ht to guide the fusion of visual features, integrating an attention

mechanism to adaptively adjust the modality feature weights. This improves the
model’s flexibility and adaptability, facilitates the capture of multi-scale visual
information, enables deep fusion across visual modalities, and mitigates issues
stemming from modality discrepancies.
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Fig. 2. The architecture of CMDA, where "Expand" refers to the dimension expansion of text
embeddings, "BMM" denotes batch matrix multiplication, and g represents element-wise
multiplication.

First, we compute the attention weights of the textual features with respect to both
the local and global visual features, specifically the correlation scores between low-

level and high-level semantic information. For each h,, we calculate its correlation
o;; with the j-th local visual feature hCN,\Lj and its correlation [ with the i-th

dimension of h,;; , formalized as follows:
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= exp(h; hCNN,j) i=12,...N

N
Zexp(h; hCNN,k)

k=1

B = exp(h;,iHVIT,i) i=12..M

Y
;exp(h;,kHViT,k)

here, N and M represent the number of local visual features and the dimensionality
of the features, respectively ht]k and hViT’k denote the components of the textual

®)

and global visual features in the k-th feature dimension. Next, based on «;; and §;,
we compute the weighted representations of h.,, and h,,; guided by the text,

t t.
denoted as Ny, andhy,;:

N
t t
oy = ZaithNN,j’ hyir = B0 hy;r (4)
=1
Finally, we fuse the local visual features, weighted by the text-guided attention, with
the global visual features to obtain the fused visual feature """ :

hvaSion = 7h(t:NN +(1-y) h\t/iT (®)

where y isalearnable parameter that controls the fusion ratio between local and global
features.

Table 1. Comparison of CDAR-Net with existing SOTA methods on the RSVQA-LR and
RSVQA-HR datasets. Bolded values indicate the best performance in each category or metric.

Dtasets Type RSVQA[3] EasyToHarde Bi-Modalli?l UCAGANU2 SAMFPNI:3] SHRNet(s) MADNet:#l CDAR-Net
Count 67.01% 69.22% 72.22% 70.68% 69.51% 73.87% 72.85% 75.30%
Presence 87.46% 90.66% 91.06% 91.17% 91.21% 91.03% 90.96% 91.46%
Comparison 81.50% 87.49% 91.16% 89.08% 91.01% 90.48% 91.68% 92.09%
RSVQA-LR
Rural/Urban 90.00% 91.67% 92.66% 91.00% 92.67% 94.00% 95.00% 96.00%
AA 81.49% 84.76% 86.78% 85.48% 86.10% 87.34% 87.62% 88.71%
OA 79.08% 83.09% 85.56% 83.95% 84.76% 85.85% 85.97% 87.13%
Count 68.63% 69.06% 69.80% 71.53% 69.19% 70.04% 70.02% 69.56%
Presence 90.43% 91.39% 92.03% 91.10% 91.99% 92.45% 92.36% 92.02%
RASVQA-HR Comparison 88.19% 89.75% 91.83% 88.56% 91.44% 91.68% 91.87% 91.94%
Test Set 1 Area 85.24% 85.92% 86.27% 86.83% 85.84% 86.35% 86.58% 90.81%
AA 83.12% 83.97% 84.98% 84.51% 84.61% 85.13% 85.21% 86.08%
OA 83.23% 84.16% 85.30% 84.56% 84.94% 85.39% 85.51% 86.01%
RASVQA-HR Count 61.47% 61.95% 63.06% 63.28% 62.58% 63.42% 63.38% 62.44%
Test Set 2 Presence 86.26% 87.97% 89.37% 88.51% 89.04% 89.81% 89.69% 89.44%
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Comparison 85.94% 87.68% 89.62% 87.76% 88.95% 89.44% 89.82% 89.89%
Area 76.33% 78.62% 80.12% 78.47% 78.36% 80.37% 80.58% 88.42%

AA 77.50% 79.06% 80.54% 79.51% 79.73% 80.76% 80.87% 8255%

OA 78.23% 79.29% 81.23% 80.21% 80.54% 81.37% 81.51% 82.33%

2.3 Adaptive Correlation Modulation Fusion Module

To guarantee that the computational model concurrently assimilates the visual context
and strictly interprets the linguistic semantics of the query, we formulate the ACMF.
This component functions by adaptively apportioning the significance of textual and
visual characteristics amidst the aggregation procedure. By executing a context-aware
calibration of multi-modal feature coefficients, this approach continuously tailors the
integration process to the specific prompt. Such adaptive scaling ensures the optimal
retention of pertinent details within the final aggregated embedding. Specifically, as
illustrated in Fig.3, ACMF generates adaptive weights by computing the correlations
between the visual and textual features and the question context, and subsequently
performs weighted fusion of the features.

First, we extract a deeper semantic contextual representation C €[] % from the
question and use it to compute the correlation scores R, between h**" and the

context C, as well as the correlation scores Ry between h, and C:
RV :O'(WV [hvaSion;C]-i-h/)
R =o (W, [h;Cl+b;)

here, [N***";C]and [h,;C] denote the concatenation of the features, with

(6)

WV ,WT,bV , and bT are learnable parameters, and o representing the activation

function. Subsequently, we transform the correlation scores into weights using the
Softmax function, ensuring that the weights sum to 1:
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Fig. 3. The architecture of ACMF module, where T-C Linear and V-C Linearare employed for
the linear transformations of text-context and visual-context, respectively. The input

dimensions correspond to the hidden layer sizes h, and h,,as well as h, and hvfus“’”.

_ exp(R)
" exp(R,)+exp(R;)
- exp(R;) "
T exp(R,)+exp(R;)

Finally, based on the calculated weights, we modulate and combine the visual and

textual features to obtain the final fused representation h ™" ;




Contribution Title (shortened if too long) 9

3 Experiments

3.1 Datasets

To rigorously assess the efficacy of the proposed architecture, we conduct empirical
validations across three open-source RS VQA benchmarks: RSVQA-LRE], RSVQA.-
HRE!, and RSIVQADIL

RSVQA-LR datasetl®: Derived from Sentinel-2 imagery (10m resolution), this
dataset comprises 772 images (256 x256) spanning ~6.55 km?, along with 77,232
image-question-answer triplets across four question types: Count, Presence,
Comparison, and Rural/Urban (specific to low resolution). The entire dataset was
partitioned into three distinct subsets, with 77.8% allocated for training purposes, and
the remaining data divided equally (11.1% each) between validation and testing.

RSVQA-HR dataset!®: Derived from USGS High Resolution Orthoimagery with a
15 cm ground resolution, this dataset consists of 10,659 images (512>612) spanning
~5,898 m? and 1,066,316 triplets. It supports Count, Presence, Comparison, and Area
questions, with the Area type unique to its high resolution. The split allocates 61.5%,
11.2%, and 27.3% to training, validation, and test sets, with test set 2 (6.8%) featuring
unseen sensors to evaluate model generalization.

RSIVQA dataset®: This dataset aggregates imagery from AIDI®, UC-
Merced®?’ Sydney’?!l, DOTAR?, and HRRSD?®l, comprising 111,134 image-question
pairs across Yes/No, Number, and Others question types. The official split assigns 80%,
10% and 10% to training, validation, and test sets, respectively.

3.2 Implementation Details

The implementation is based on Python 3.8 and PyTorch 2.0, executed on two NVIDIA
RTX 4090 GPUs. The visual encoder employs pre-trained weights from ViT-B[*"! and
ResNet-5001, with input images resized to 224 x 224 through random cropping and
augmented using RandAugment®l. The language encoder utilizes pre-trained BERT
weights[?]. Optimization of the network was executed over a span of 20 epochs,
utilizing mini-batches of 64 samples and driven by the AdamW algorithm?®l, The initial
learning rate of 2e~> follows a cosine decay schedule down to 1e~8, with a weight
decay of 0.05.

3.3 Comparison with the State-of-the-Art Methods

In this section, we conduct extensive experiments on three publicly available datasets
and compare our approach with current SOTA methods, as shown in TABLEs 1 and 2.
As shown in TABLE 1, on the RSVQA-LR dataset, our method outperforms all
compared approaches across every question type and evaluation metric. In particular,
for the challenging "Count" type questions, the proposed approach achieves an
accuracy of 75.30%, surpassing the previous best result (73.87% by SHRNet) by more
than 1.4%. For "Presence" and "Comparison" questions, our model attains 91.46% and
92.09% accuracy, respectively, consistently improving upon SOTA baselines such as
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MADNet (90.96% and 91.68%) and SHRNet (91.03% and 90.48%). In the
Rural/Urban classification task, our method achieves a remarkable 96.00% accuracy,
surpassing MADNet (95.00%) . Consequently, our approach attains average accuracy
(AA) and overall accuracy (OA) of 88.71% and 87.13%, respectively.

Table 2. Comparison of CDAR-Net with existing SOTA methods on the RSIVQA dataset.

Method Yes/No Number Others AA OA
MAINE! 92.82% 56.71% 54.50% 68.01% 77.39%
EasyToHard" 95.49% 49.03% 63.65% 69.39% 79.70%
SHRNet!®! 97.64% 57.89% 84.60% 80.04% 84.46%
CDAR-Net 97.85% 70.56% 94.83% 87.75%  89.74%

Secondly, on the RSVQA-HR Test Set 1, as shown in TABLE 1, our model
demonstrates a significant improvement over existing approaches, particularly when
considering the OA and AA. Specifically, for the challenging "Area" category, our
method achieves an accuracy of 90.81%, surpassing the best competing model
(UCAGAN at 86.83%) by more than 4%. This, combined with strong results in
"Presence" (92.02%) and "Comparison" (91.94%), leads to a notable increase in both
AA and OA. With these improvements, our final AA and OA reach 86.08% and
86.01%, respectively, significantly higher than the previous performance level, which
hovered around 85%. In Test Set 2, the trends observed in Test Set 1 largely persist.
For the "Area" category, our approach decisively outperforms all prior methods,
attaining 88.42% accuracy and exceeding the previous best method, MADNet, by
7.84%. Meanwhile, our model achieves an AA of 82.55% and an OA of 82.33%,
surpassing the previously leading methods, which had hovered around 81.5%.

Lastly, as shown in TABLE 2, our approach consistently outperforms existing SOTA
models across all evaluated question types in the RSIVQA dataset. In the "Yes/No"
category, our model achieves a near-perfect accuracy of 97.85%, slightly improving
upon the previously best-performing SHRNet (97.64%). The improvements are even
more pronounced in the "Number™ and "Others" categories. Specifically, we increase
the "Number" accuracy to 70.56%, representing an improvement of over 12%
compared to the SHRNet baseline (57.89%), and achieve 94.83% in the "Others"
category, surpassing SHRNet’s 84.60% by more than 10%. These advancements result
in an AA and OA of 87.75% and 89.74%, respectively. In comparison to prior
benchmarks that reported AA and OA values below 80% and 85%, our model sets a
new standard, demonstrating both its effectiveness in handling diverse question types
within the RSIVQA dataset.

3.4  Ablation Study

The current section is dedicated to a rigorous component-wise evaluation. Utilizing
three standard data collections, we deconstruct the model to assess how inherently each
constituent element bolsters the overarching performance, with the corresponding
statistical findings synthesized in Table 3. The results consistently show that the
removal of any module leads to a decline in the model's performance across all datasets
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and metrics. Specifically, omitting the CNN backbone reduces the OA on RSVQA-LR
from 87.13% to 86.01%. Similarly, removing the ViT component results in a further
decrease in both OA and AA, highlighting its critical role in robust visual feature
extraction.

Table 3. Ablation study of CDAR-Net under different configurations on the RSVQA-LR,
RSVQA-HR, and RSIVQA datasets.

RSVQA-HR RSVQA-HR
. RSVQA-LR RSIVQA
Variant (Testset 1) (Test set 2)
OA AA OA AA OA AA OA AA

w/o CNN 86.01% 87.16% 85.18% 85.23% 81.17% 81.33% 87.97%  85.88%
w/o VIiT 85.23% 85.81% 84.92%  85.02%  80.76%  80.92% 87.21%  85.48%
w/o MLA 86.69% 87.98%  85.48% 85.52% 81.80% 81.75% 88.56%  86.25%
w/o ACMF  86.59% 87.75%  85.64% 85.79% 81.79% 81.88% 88.98%  86.82%
CDAR-Net  87.13% 88.71% 86.01% 86.08% 82.33% 82.55% 89.74% 87.75%

The multi-level attention mechanism (MLA) module is crucial for improving cross-
modal alignment. Without MLA, the OA on RSVQA-LR drops from 87.13% to
86.69%, and similar performance degradations are observed on RSVQA-HR and
RSIVQA, further emphasizing MLA's role in hierarchically guided feature integration.
Similarly, the ACMF module significantly improves performance. Removing ACMF
results in a reduction in accuracy across all benchmarks, with the AA on RSIVQA
decreasing from 87.75% to 86.82%. Our full model, which integrates the CNN, ViT,
MLA, and ACMF components, achieves the highest OA and AA across all test
scenarios.

These findings validate that each component contributes to the final representation
and reasoning process, and together, they deliver SOTA performance across multiple
challenging RS VQA benchmarks.

4 Conclusion

In this paper, we propose the CDAR-Net for RSVQA, which incorporates two key
modules: CMDA and ACMF. The CMDA module facilitates a progressive transition
from low-level visual features to high-level semantic understanding, effectively
bridging the semantic gap between these two feature domains. Meanwhile, the ACMF
module employs a dynamic and context-sensitive feature weighting mechanism to
enable efficient dynamic modulation, achieving deep fusion of visual and textual
features. Rigorous empirical analyses executed on three established RSVQA
benchmarks substantiate that CDAR-Net systematically surpasses contemporary state-
of-the-art baselines. Such results compellingly affirm both the framework's efficacy
and its robust generalization capacity.
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