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Abstract

The extraction of visual features is an essential step in Vi-
sual Question Answering (VQA). Building a good visual
representation of the analyzed scene is indeed one of the
essential keys for the system to be able to correctly under-
stand the latter in order to answer complex questions. In
many fields such as remote sensing, the visual feature ex-
traction step could benefit significantly from leveraging dif-
ferent image modalities carrying complementary spectral,
spatial and contextual information. In this work, we pro-
pose to add multiple image modalities to VQA in the par-
ticular context of remote sensing, leading to a novel task
for the computer vision community. To this end, we intro-
duce a new VQA dataset, named TAMMI (Text and Multi-
Modal Imagery) with diverse questions on scenes described
by three different modalities (very high resolution RGB,
multi-spectral imaging data and synthetic aperture radar).
Thanks to an automated pipeline, this dataset can be eas-
ily extended according to experimental needs. We also
propose the MM-RSVQA (Multi-modal Multi-resolution Re-
mote Sensing Visual Question Answering) model, based on
VisualBERT, a vision-language transformer, to effectively
combine the multiple image modalities and text through a
trainable fusion process. A preliminary experimental study
shows promising results of our methodology on this chal-
lenging dataset, with an accuracy of 65.56% on the targeted
VQA task. This pioneering work paves the way for the com-
munity to a new multi-modal multi-resolution VQA task that
can be applied in other imaging domains (such as medical
imaging) where multi-modality can enrich the visual repre-
sentation of a scene. The dataset and code are available at
https://tammi.sylvainlobry.com/.
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Contribution 1: Towards multi-modal and multi-resolution RSVQA

Contribution 2: TAMMI dataset
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Figure 1. Summary of our contributions. We introduce a new task
in the computer vision community with multi-modal and multi-
resolution Visual Question Answering (VQA) on remote sensing
images. We introduce a new dataset, TAMMI, associating ques-
tion/answer pairs to multi-spectral, Very High-Resolution (VHR)
orthophotos and Synthetic Aperture Radar (SAR) images triplets.
In these examples, the white rectangle in the multi-spectral and
SAR images corresponds to the extent of the VHR image. Finally,
we propose a new model for this task referred as MM-RSVQA.
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| Contribution 3: MM-RSVQA model

1. Introduction

The task of Visual Question Answering (VQA) aims at pro-
viding natural language answers to free-form, open-ended
question about an image [3]. On natural images, recent ad-
vances in the computer vision and natural language pro-
cessing communities have shown great improvements to
standard VQA benchmarks. In particular, Large Language
Models (LLM) can now be used to perform knowledge-
based VQA, which requires external knowledge and com-
monsense reasoning [14]. These models are however more
limited when used beyond natural images [16, 19].

VQA has been proposed for the medical domain [13]
and is an active field of research in the medical and com-
puter vision communities [20]. The VQA task is also used
for extracting information from remote sensing data [21].
In such thematic domains, there are significant challenges
compared to VQA for natural images. In particular, the lim-



ited availability of high-quality training data and the vari-
ability of information found in different imaging modalities
have been active research topics [16, 20, 36].

It is commonly agreed that VQA methods for both of the
remote sensing and medical imaging fields would benefit
from information contained in different modalities of im-
ages [23]. Indeed, multiple image modalities are often used
in these fields to obtain different, specific and complemen-
tary (spectral, spatial and contextual) information about a
single scene. In remote sensing in particular, multi-modal
data allows to obtain different information at multiple res-
olutions and from various wavelengths, from the 400nm of
ultraviolet to the Scm of radar wave. Among others, Very-
High Resolution (VHR) data offers images at sub-meter res-
olutions. With Multi-Spectral (MS) data, it is possible to
characterize different ground materials thanks to their dif-
ferent spectral responses. Synthetic Aperture Radar (SAR)
offers imaging capacities highlighting man-made objects
and giving physical information about objects [17]. While
previous works have explored VQA from multi-modal im-
ages [31], using RGB data from the Sentinel-2 satellites and
SAR data from Sentinel-1 on existing datasets, dedicated
datasets and methods are necessary.

Our first contribution (highlighted in Figure 1) is to
tackle the task of VQA from multi-modal and multi-
resolution images leading to a novel challenging task for
the computer vision community. Our second contribution
is a new dataset named TAMMI, built from openly avail-
able data sources. This dataset combines three modalities
(VHR, MS and SAR) and we make it openly available. We
also share with the vision community an automated pipeline
to easily extend this dataset (e.g. to new geographical ar-
eas or modalities) according to experimental needs. MS
and SAR can be used dynamically at different sizes to pro-
vide different levels of context. Finally, our third contribu-
tion is a baseline model for the targeted multi-modal VQA
task named MM-RSVQA. The proposed architecture is able
to take as input the three image modalities, with specifi-
cally pre-trained feature extractors. To effectively integrate
the multi-modal visual features, along with the textual fea-
tures of the question, we use VisualBERT, a recent vision-
language transformer, leading to a trainable fusion scheme.
A subset of the dataset and code is available on this link.

2. Related works

VQA has the objective of predicting a natural language re-
sponse to an open-ended question related to an image [3].
This task bridges visual reasoning with semantics expressed
in natural language, providing new challenges for the com-
puter vision community. Models relying on attention [2,
34, 40] to extract relevant features have been proposed. Re-
cently, foundation models such as CLIP [24] have shown re-
markable success on the VQA downstream task [26]. How-
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ever, such approaches do not translate directly to thematic
applications of the VQA task [9].

The task of VQA for remote sensing (RSVQA) is in-
troduced in [21]. In this work, features are extracted us-
ing a Convolution Neural Network (CNN) and a Recursive
Neural Network (RNN) and fused together with a point-
wise multiplication. Improvements in the feature extrac-
tor have been proposed by Felix et al. [11], inspired by
LXMERT [29] enhancing the results using an object detec-
tion step implemented via the Faster-RCNN model as a vi-
sual encoder and BERT for the language part. The Fourier
transform is also used in [37] to extract structural informa-
tion from complex remote sensing data, thereby improving
the generalizability across various domains. In [6], an ob-
ject detector and a classifier are used to create a caption of
the image, then used to answer the question. LLMs such as
BERT [8] have been used for textual features extraction [4]
or as the main component of the model [5]. The fusion step
of the two representations is done in [1 1] with a cross-modal
transformer encoder. Another attention-based method is
proposed in [39], with a fusion module based on mutual
attention. In [30], a method that uses segmentation maps
to guide the attention is introduced. In parallel, training
techniques such as self-supervised curriculum learning [35]
have been shown to be efficient to obtain a common rep-
resentation of textual and visual features. Improvements
to the language processing have been introduced as well:
in [36] an augmentation is applied to translate each question
in multiple languages and then translate it back to English,
improving the diversity of the formulation of questions.

Datasets Several datasets have been created for RSVQA.
This problem is first considered in [21] which introduced
two RSVQA datasets composed of image/question/answer
triplets. The first one, called "Low Resolution (LR)”, is
based on images from the Sentinel-2 sensors (optical im-
ages with a spatial resolution of 10m) acquired over The
Netherlands. The second one, called "High Resolution
(HR)”, uses RGB aerial images with a spatial resolution of
15cm extracted from the USGS High Resolution Orthoim-
agery database, covering urban areas of the United States.
In these two datasets, the nature of the questions, as well as
the distribution of answers, is highly unbalanced (e.g. 0’
in the HR dataset has a frequency of 60.9% for the numer-
ical answer). In addition, the number of different answers
is very limited, with 9 possible answers for LR and 98 for
HR. RSVQAXBEN [22] dataset proposes a larger number of
samples and introduces new objects of interest (land cover
classes) with a new form of complexity (logical formulas).
The area of interest is also different, as it covers many Euro-
pean countries thanks to images from the Sentinel-2 satel-
lites. However, even in this dataset, the imbalance in the dis-
tribution of answers remains. In order to increase the diver-
sity of questions, Zheng et al. [39] have exploited five pre-



annotated datasets, three for scene classification and two for
object detection for the automatic construction of questions
and answers.

These datasets have certain limitations in common. First,
most of them have a limited number of samples, which may
reduce the ability of deep learning models to generalise ef-
fectively [21]. In addition, the diversity of questions and an-
swers is often restricted, which can lead to biases and gaps
in model performances [7]. Finally, these datasets focus
on the use of RGB images, not leveraging other modalities,
sensors and resolutions.

Integrating SAR imagery with natural language remains
under-explored and challenging due to its unique data struc-
ture. Deep learning models often struggle with SAR-based
tasks requiring precise quantification, such as target size
estimation or object counting [38]. However, they are ef-
fective in tasks involving spatial relationships, like proxim-
ity identification or density assessment within SAR scenes.
SAR has been used in RSVQA for tasks such as scattering
pattern classification [1], ship detection and counting [32],
and in combination with optical images for land cover re-
lated questions [31].

In this work, beyond sharing a new vision task with the
community, we address existing gaps in the current state
of the art by creating a diverse dataset that spans multi-
ple complementary image modalities, resolutions, and ge-
ographic regions, encompassing a wide range of terrain
types and incorporating various question typologies. As a
first baseline on this task and dataset, we embed state of
the art transformer-based fusion techniques proven effective
through a new model for tackling multi-modal challenges.

3. Dataset

For the purpose of advancing RSVQA capabilities we de-
velop TAMMI (Text and Multi-Modal Imagery), a large
multi-modal and multi-resolution dataset. TAMMI in-
cludes images/question/answer triplets on three French de-
partments, shown in Figure 2. The following subsections
outline each phase of the dataset creation, detailing data
sources and processing steps involved.

3.1. Image modalities

Very high-resolution orthophotos (BDOrtho) BDOrtho
is a dataset of aerial VHR optical images acquired by the
french National Geographic Institute (IGN). It provides an
accurate and detailed photographic representation of the
French territory at 20cm resolution. Images are provided
in RGB and updated every three years. For our dataset, the
most recent images are chosen for each department: images
from department 74 are from 2020, and images for depart-
ment 34, 75, 92, 93, 94 are from 2021. To ensure consis-
tency in the information provided by the images, the same
years are maintained for the images of the other modalities.
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Multi-spectral data (Sentinel-2) Sentinel-2 is a mission
of the European Union’s Copernicus program, designed to
provide multi-spectral images of land. Sentinel-2 captures
data in 13 bands of the electromagnetic spectrum [10], in-
cluding near-infrared (NIR), visible and short-wave infrared
(SWIR) with a spatial resolution of 10m, 20m, or 60m de-
pending on the band. Sentinel-2 images are acquired every
five days when both Sentinel-2A and Sentinel-2B are ac-
tive. The images are distributed as Level-1C (L1C) prod-
ucts which provide top-of-atmosphere (TOA) reflectance,
and Level-2A (L2A) that offer surface reflectance after at-
mospheric correction. Since our dataset includes SAR im-
ages which are not affected by atmospheric conditions and
BDOrtho images which are taken during sunny days and do
not need any atmospheric correction, we select L1C prod-
ucts. Furthermore, only images with a cloud coverage under
3% are selected.

Synthetic Aperture Radar data (Sentinel-1) The
Sentinel-1 satellite is also part of the European Union’s
Copernicus program, designed to provide full coverage
of Europe every 6 days. Sentinel-1 acquires SAR images
by sending radar pulses towards the earth’s surface and
measuring the backscattered signal. Since the radar pulses
propagate through clouds, the acquisition rate is indepen-
dent of the atmospheric conditions. In our dataset, we use
Interferometric Wide (IW) swath mode. IW is the main
acquisition mode over land and has a resolution of 5m
in range (across satellite trajectory) and 20m in azimuth
(along trajectory). In this acquisition mode, the swath is
divided in three sub-swathes. The satellite acquires tiles,
called burst, in each sub-swath sequentially with an overlap
between the bursts. The bursts are processed as separate
Single Look Complex (SLC) images. In the Sentinel-1
SLC products, sequentially acquired bursts of the same
sub-swath are included into a single image separated by
black bands. Sentinel-1 acquires data in two polarization
channels (VV and VH), providing additional information
about the characteristics of materials on the planet surface.
In this work, we use the amplitude of the SLC level 1
images for both polarization channels.

3.2. Image triplets

To build the question/answer parirs, we select the geograph-
ical extent of the VHR patches pygr. The VHR patches are
extracted from the division of the VHR tiles (of dimension
25000 x 25000 pixels) of our areas of interest (shown in
Figure 2) into patches of size 1000 x 1000 pixels (i.e. 200m
x 200m). The areas of interest are selected for their diverse
landscapes. Specifically, the fle-de-France region (depart-
ments 75, 92, 93, 94) is predominantly urban, while the
Haute-Savoie region (department 74) features mountainous
terrain, and the Hérault region (department 34) is maritime.
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Figure 2. Geographical extent of the TAMMI dataset, covering se-
lected regions (highlighted in red) in Metropolitan France: Paris
and inner suburbs (departments 75, 92, 93, 94), an urban region;
Haute-Savoie (74), a mountainous region; and Hérault (34), a sea-
side region. For each of these regions, we show a VHR sample
from the dataset.

Since MS (pms) and SAR (psar) patches are designed to
offer spatial context to the model, their extent (respectively
Lys and Lgar) is defined by the user and the patches are
cropped at execution time. To align the images of all three
modalities, we retrieve the latitude, longitude and altitude
of the central pixel for each VHR patch. We then associate
a MS and a SAR tile centered on the position of the cen-
tral pixel of the VHR patch. The MS tiles are geocoded.
Therefore, the latitude and longitude are converted to the
image pixel space. For SAR images, we use the method
of [33] to project the position of the central pixel of pyyr.
To produce continuous SAR patches, the SAR images are
debursted (removing black lines and burst overlaps), and
pre-processed with tail-value removal based on histogram
analysis for each polarization, then a transformation to deci-
bels and a normalization are applied. The pre-processing
steps are detailed in the supplementary materials.

3.3. Question/answer pairs

Inspired by [15], we propose an automatic approach for the
construction of question/answer pairs associated to each ge-
ographical area covered by the VHR patch, using:

* BDTopo provided by IGN (French Geographical Insti-
tute). It is an official vectorial description of the French
territory, including generic geographical objects (e.g.
buildings and water areas), and specific ones (e.g. mu-
seums and lakes);

* Flooding risks database (TRI) from Géorisques. This
dataset corresponds to the areas at significant risk of
flooding, including management zoning, floodable area
zoning, water level zoning, etc.;

¢ Urban units 2020 (BU20) of INSEE (French National In-

stitute of Statistics and Economic Studies). This database
corresponds to the urban zoning of French cities accord-
ing to the continuity of the constructions and the number
of inhabitants;

* CORINE Land Cover (CLC) 2018 produced as part of
the Copernicus European land monitoring program and
managed by the European environment agency. It is a
database of land cover and land use classifications, on
three different levels of hierarchy with different levels of
details. In this work, we consider the Level-3 having the
most detailed classes (44);

* European Mountain Areas (EMA) provided by the
European environment agency. It contains information
about the geometry, the area and the name of the moun-
tains in Europe.

Construction of questions For a given VHR patch pyyg,
we retrieve the collection of geo-located objects o that are
present in E'pypr, the geographical extent of pygr. A col-
lection of objects oc = {o{'} are characterised by a class
C. A class is one element present in BDTopo, TRI, CLC,
EMA, or an Urban Unit. We define five question types that
can be divided into 21 sub-questions:

1. Presence Questions: questions about the existence of

certain objects or features in the image.

(a) Presence: answered with yes if the cardinality of
the set of object from the class |oc| > 0 and no
otherwise, where C' € BDTopo,

e.g. ’Is there a road in the image?”

(b) Mountain presence answered with yes if the cardi-
nality of the set of object from EMA |oc| > 0 and
no otherwise,

e.g. ”Are there any mountains in the image?”

(c) Flood presence answered with yes if the cardinality
of the set of objects from TRI |oc| > 0 and no
otherwise, e.g. ”Is this area prone to flooding?”

2. Quantity Questions: questions about the number or
amount of certain objects or features in the image.

(a) Count: answered by |oc|, where C' € BDTopo,
e.g. "How many buildings are in the image?”

locl| c
(b) Density answered by W where af.)

is a function returning the area, and C' € BDTopo ,
e.g. "What is the religious buildings density?”

(¢) Area: answered by a(oic ), where C' € BDTopo ,
e.g. “What is the area of the lake?”
(125" a(0f))x100
a(PVHR)

(d) Percentage: answered by where
C € CLC,
e.g. "What percentage of the area is wetland?”
3. Location Questions: questions about the location of
certain objects or features in the image.
(a) Absolute location: answered by loc(of) where

loc(.) is a function returning the position (both as




the exact coordinate in the image space, and as the
position in a 3 x 3 grid dividing the image) of a spe-
cific object, and C' € BDTopo,
e.g. "Where is the largest vegetation area?”
4. Classification Questions: questions about the classifi-
cation or type of certain objects or features in the image.

(a) Water bodies: answered by the class C' of
max a(0%) or mina(o®), where C € BDTopo’s
water category (see appendix),

e.g. "What type of water body occupies the largest
area in the image?”

(b) Vegetation zones answered by the class C' of
max a(0®) or mina(o®), where C € BDTopo’s
vegetation category (see appendix),

e.g. "Which vegetation type occupies the smallest
area in the image?”

(c) Mountain range name: asked only if the answer
of mountain presence is yes, and answered by
n(o;) where n(.) is a function returning the name
of the mountain range present in the geographical
extent of pyyg,

e.g. ”"What is the name of the mountain range in the

image?”

(d) Flood level: answered by flood(Epyur) where
flood(.) is a function returning the highest flood risk
present in pyyr. The possible answers of this func-
tion are ‘low’, ‘medium’, and ‘high’.

e.g. ”What is the flood risk level?”

(e) Flood type: answered by type(Epvur) where
type(.) is a function returning all types of flood risks
present in pygr. The possible answers of this func-
tion are ’River overflows’, 'Runoff’, ’Sea Flooding’
and ’GroundWater overflows’

e.g. ”What is the nature of the flood risk in this
area?”’

(f) Land cover: answered by the CLC class with the
largest (or smallest) area,

e.g. “Which land cover category occupies the
largest area in the image?”

(g) Urban answered by urban(Epypyr) where
urban(.) is a function returning the urban classifi-
cation (City Center, Suburb, Isolated City, Outside
Urban Unit) based on BU20,

e.g. ”What is the urban classification of the area
in the image?”

(h) Department: answered by dpt(Epympr) where
dpt(.) is a function returning the name of the de-
partement of Epyyg,

e.g. ”To which department does the area in the
image belong to?”

(i) Region: answered by reg( Epypr ) where reg(.) is a
function returning the name of the region of Epypg,
e.g. ”To which region does the area in the image
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belong to?”

5. Relational Analysis Questions: questions seeking to
understand the relationships, comparisons, and distances
between various objects or features in the image (note
that for theses questions C' € BDTopo).

(a) Distance: answered by d(oicl,oj-@) where d(.,.)
is a function returning the distance (in meters) be-
tween two objects (note that oic1 can be replaced by
a position pos),

e.g. ”What is the distance between the museum
and the religious place?”

(b) Comparison: answered with yes if |oc, | > |oc,],

no otherwise,
e.g. “’Are there more buildings than roads?”

(c) Relative location: answered by 1o (ofz) where

ot (.) is a function returning the position (both as
the exact coordinate in the image space, and as the
position in a slice of a regular octagon) of an object
with respect to oiCl,

e.g. "What is the relative position of the
monument with respect to the river?”

(d) Nearest: answered by l,os(0c) Where [pos(.) is a
function returning the position (both as the exact
coordinate in the image space, and as the position
in a 3 x 3 grid dividing the image) of the nearest
element of a collection from the position pos,

e.g. "Where is the closest road to (142, 221)?”

Balancing the dataset One of the challenges of con-
structing a VQA dataset stochastically is to balance both
question types and the answer types to reduce language bi-
ases [12]. In this work, we perform the balancing jointly at
the dataset and department levels.

We perform the questions/answers pairs construction at
the department level. For each VHR patch pypgr 10 ques-
tions per type are randomly constructed. We iterate through
the questions created for each patch, and select questions
based on four goals: 1) having an equal number of questions
for each type; 2) having a number of question proportional
to the number of VHR patches per department; 3) having a
balanced distribution of answers for each type of question;
and 4) not having more than 50 question/answer pairs for
each patch.

In the case of question types with a fixed number of pos-
sible answers N4 such as Presence (e.g. Yes/No, N4 = 2),
the number of questions per answer is defined as Ng 4 =
m, where Np is the number of patches in the de-
partment. For Location questions, the locations are binned
in the 3 x 3 square grid, leading to N4 = 9. For ques-
tions with free numerical answers such as Area or Count,
the number of each of the numerical value is capped to

— _Np _ ; :
No.a = Tog(273)" where x is the numerical answer and



Name Modalities Resolution Annotation #Images # Questions # Q. Types # Unique A.
BDOrtho 0.2m BDTopo,
TAMMI S2 - MS 10 channels 10-20m TRI, BU20, 282’852 3’162°514 21 109°737
S1 - VV/VH/Ratio channels 5 X 20m CLC, EMA

RSVQAXBEN [22] S2 - RGB 10m BigEarthNet [27] 590’326 14°758°150 2 26’875

RSIVQA [39] Various RGB 0.15-8m Manual/Other 37°264 1117134 4 579
RSVQA LR [21] S2 - RGB 10m OSM 772 77°232 4 9

RSVQA HR [21] USGS Ortho 0.15m OSM 10°659 1°066°316 4 55

Table 1. Summary of existing RSVQA datasets, showing modalities (S1: Sentinel-1, S2: Sentinel-2), spatial resolutions, annotation

sources, and dataset sizes by image and question counts.

x + 3 is chosen empirically. This allows us to control the
distribution of each possible answer.

Note that there is an exception for Department (3.b) and
Region (3.c) questions. For each department, the answer
will always be the same. To overcome this, each possi-
ble answer is capped to 2’473 for departments (the number
of occurrences of the answer Paris) and 16’274 for regions
(the number of occurrences of Ile-de-France). This ensures
a balanced distribution of the answers on the dataset level.
An overview on TAMMI and other RSVQA datasets is pro-
vided in Table 1. It shows that the proposed dataset signifi-
cantly improves on the number of question types and in di-
versity of answers compared to existing RSVQA datasets.

4. Method

We propose a new methodology to tackle the VQA task in
a multi-modal image setting. The general outline of the
proposed architecture, named MM-RSVQA (Multi-modal
Multi-resolution RSVQA), is presented in Figure 3. We first
describe the feature extraction process from the different
modalities (multi-modal images and questions) in subsec-
tion 4.1. We then present in subsection 4.2 the data fusion
part of our model. Finally, the prediction of the answers is
described in subsection 4.3.

4.1. Multi-modal features extraction

As discussed in section 3, the questions are based on
the geographical extent of the VHR patch pyyr of size
1000 x 1000 pixels. Our objective is to extract relevant
visual features from the pygr patch, the MS patch pys of
spatial size Lys X Lys and the SAR one psar of spatial
size Lsar X Lsar to obtain useful characteristics for the
VQA task. The size of the patches pys and psar is a hyper-
parameter that allows taking more or less context from the
MS and SAR data into account. In this work, we consider
the 10 bands with 10m and 20m resolution from the MS
patches, and the SAR patch is the VV, VH, and the ratio
VV/VH channels [31]. Each of the pyggr, pms and psar
patches is passed through a separate feature extractor.

The fourth modality is the textual data corresponding
to the question. The question is tokenized using Distil-
BERT [25], and the tokens are converted into embeddings.

[

/ Visual

Tokens

Multi-spectral

Muli-modal
¥ 4 features

N extraction i
(Sub-section 4.1)

Data fusion
with VLM By
(Sub-section 4.2)

Prediction

(Sub-section 4.3)

................ —
=

Text
: Tokens
— Class

— scores
—1

;

Center of
the image

Where is the largest

residential building? oz

CLS

Figure 3. Graphical outline of the proposed MM-RSVQA (Multi-
modal Multi-resolution RSVQA) architecture. The inputs of the
model (multi-modal imagery and textual question) are represented
on the left and the output (predicted answer) is on the bottom right.
First, we extract features from each image modality and perform
a text embedding. These features are passed through a vision-
language model (VLM) to obtain a vector which can be classified
among a set of pre-defined answers. The different blocks compos-
ing the system are detailed in section 4.

4.2. Transformer-based data fusion

We first project the visual features obtained through the fea-
ture extractor to a 768-dimensional vector through a linear
layer. The 768-dimensional visual feature is concatenated
with a [SEP] token, which marks the separation between
visual and textual tokens, and then with the textual embed-
dings. Finally, a [cls] token is added to represent the entire
input.

To process the diverse features, we leverage Visual-
BERT [18], a state-of-the-art vision-language model de-
signed for the integration of visual and textual features. Vi-
sualBERT uses a stack of transformer layers to align re-
gions in the images with the text input through self-attention
mechanisms. Pre-trained on image-caption pairs, Visual-
BERT uses objectives as image-text matching and masked
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language modeling. It is effective for various tasks, such as
VQA, visual commonsense reasoning, natural language for
visual reasoning, and region-to-phrase grounding.

The cornerstone of the proposed method is therefore to
learn jointly and in an end-to-end manner an optimized rep-
resentation of the data and a fusion process. The latter
makes it possible to exploit the complementarity of multi-
modal information and to weight the best modalities, ac-
cording to the visual content of the scene studied, the types
of questions, and the expected answers.

4.3. Prediction

The data fusion part of our architecture outputs a 768-
dimensional vector that represents the fused multi-modal
features. In this model, we frame the VQA as a classifi-
cation task. Therefore, this vector is passed through a linear
layer that maps it to a k-dimensional output.

5. Results and discussion

We present preliminary performances of the proposed
method MM-RSVQA on the TAMMI dataset. With respect
to the RSVQA task, we discuss the contribution (and com-
plementarity) of the different imaging modalities with re-
gard to the different types of questions (and answers) con-
stituting the dataset.

5.1. Experimental settings

Dataset splitting The dataset is randomly split into train-
ing, validation, and test sets based on the images with a pro-
portion of 60%, 20%, and 20% respectively. We use the val-
idation set for the tuning of the hyper-parameters described
in the rest of this section. For the training, we consider only
the questions having an answer in the top & = 1’000 most
frequent answers. This parameter is fixed for dimensionality
reduction, as done in [3], [21], covering 86.6% of train
answers. While we consider all the samples of the test set.

Full pipeline We use a frozen ResNet-152 model pre-
trained on ImageNet for the orthophotos feature extractor
and two ResNet-50 models pre-trained on BigEarthNet [28]
for the MS and SAR feature extractors. We set Lys = 100
and Lgar = 200. We use a cross-entropy loss, optimized
with Adam. For the training of MM-RSVQA, we set the
learning rate to 3 x 107, the batch size to 80 samples and
the number of epochs to five.

5.2. Metrics

Three metrics are used to evaluate the VQA results: the per-
class accuracy, overall accuracy (OA) and average accuracy
(AA). The per-class accuracy is defined as the ratio of cor-
rect answer with the total number of questions for one of
the 21 question types. The overall accuracy is the ratio of
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correct answers with the total number of questions in the
dataset. Finally, the average accuracy is the arithmetic mean
of the per-class accuracies.

5.3. Quantitative results

To evaluate the proposed architecture and the TAMMI
dataset, we conduct experiments using our main model
MM-RSVQA and we perform ablation studies with vari-
ous combinations of modalities. The results are presented
in Table 2. We show the performances of the MM-RSVQA
model (using VHR, MS and SAR modalities) and ablation
studies across question types, highlighting the contributions
of each modality in the context of this challenging task.

MM-RSVQA The proposed multi-modal  multi-
resolution baseline model, as seen in Table 2, achieves
strong performance across most question types and out-
performs models using only one or two modalities. This
highlights the advantage of integrating multiple modalities
for the RSVQA task. Notably, MM-RSVQA demonstrates
high accuracy through categories such as presence, com-
parison, water and region. These results indicate that
combining VHR, MS, and SAR data helps the model to
better identify objects, to assess quantities, and to improve
classification accuracy. For some question types, such as
absolute location, area and relative location, the model
shows lower accuracy. This suggests that these questions
types are more challenging due to the difficulty of under-
standing spatial relationships or precisely locating objects.
One hypothesis is that the added trainable parameters when
adding MS and SAR modalities requires more training
samples than for other models.

Ablation study To evaluate the contribution of the dif-
ferent modalities we perform ablations studies at the input
level. The results, shown in Table 2 present the accuracy of
different configurations: VHR only; MS RGB + VHR (only
keeping the RGB bands of Sentinel-2 and VHR patch); MS
+ VHR (10 bands of Sentinel-2 and VHR patch); SAR +
VHR; and MS + SAR (Sentinel-1 SAR images + 10 bands
of Sentinel-2).

From these results we observe that using VHR only does
not allow to obtain good results. Despite the fact that the
questions only concern the geographical extent of the VHR
patch, it appears that providing additional context, either
through MS or SAR, brings better performances. This is
clearly visible in classification questions such as depart-
ment or urban. This suggests that the integration of SAR
and multi-spectral data enhances the ability of the model to
understand and classify complex features. This validate the
main hypothesis of this work: additional context, even if the
question is restricted to a set geographical extent, improve
performances.



Ablation studies

Category Question Type MM-RSVQA VHR MSRGB+VHR MS+VHR SAR+VHR MS +SAR
Presence 96.87 95.41 96.58 96.79 97.00 96.84
Presence Questions Flood Presence 98.04 94.02 97.78 97.84 96.85 98.11
Mountain Presence 98.80 95.76 98.75 98.49 97.75 98.59
Count 51.76 49.73 50.99 50.89 50.59 51.22
Quantity Questions Density 26.46 26.17 26.40 26.45 26.42 26.44
Area 10.28 10.28 10.30 10.12 10.33 10.32
Percentage 41.66 41.58 41.66 41.60 41.66 41.62
Location Questions Absolute Location 17.17 17.15 17.21 16.89 17.04 17.18
Water 89.38 81.10 87.73 88.65 83.14 88.23
Vegetation 53.06 48.57 50.92 51.00 48.57 50.83
Flood Level 80.92 75.68 79.19 79.27 75.68 79.54
Flood Type 97.91 90.60 95.68 96.93 95.54 97.32
Classification Questions  Land Cover 74.76 68.79 72.53 72.42 74.89 74.27
Urban 93.78 69.20 90.33 91.58 92.40 93.32
Department 98.96 89.78 97.39 97.58 98.03 98.47
Region 99.98 99.96 99.99 99.92 99.99 99.99
Mountain Name 99.89 99.94 99.96 99.91 99.89 99.96
Distance 9.08 9.08 9.07 9.07 9.05 9.08
Relation Questions Comparison _ 98.43 98.25 98.34 98.36 98.43 98.41
Relative Location 17.99 18.10 17.77 17.62 18.17 17.74
Nearest 21.57 21.71 20.56 20.89 20.96 20.74
Average Accuracy 65.56 61.94 64.72 64.87 64.40 65.15
Overall Accuracy 55.11 52.22 54.41 54.49 54.29 54.70

Table 2. Accuracy for the VQA task on the TAMMI dataset. Comparison of MM-RSVQA, VHR, MS RGB + VHR, MS + VHR, SAR +
VHR, and MS + SAR across question types. Highest scores (per question type) are shown in bold.

By comparing MS RGB + VHR and MS + VHR, we
can see that the performances are similar, with a small im-
provement for the model considering the 10 spectral bands
of Sentinel-2 despite the added parameters. This validate
the approach taken in other datasets considering Sentinel-2
data (RSVQA LR, RSVQAXBEN, see Table 1) which only
considered the RGB channels. However, to the best of our
knowledge, it is the first time that this hypothesis is experi-
mentally demonstrated for VQA.

Regarding the SAR modality, we can see that SAR +
VHR obtains similar performances to MS + VHR. This in-
dicates that the benefits of adding context holds whether the
modality. However, it appears that SAR is particularly effi-
cient at discriminating certain features, such as land cover.
Finally, our experiment with MS + SAR modalities indi-
cates that jointly considering both modalities is a strong
advantage for the model. Indeed, despite not having the
very high resolution data, this model obtains the second best
overall performances behind MM-RSVQA.

6. Conclusion and limitations

In this work, we address the VQA on Remote Sensing
data problem by utilizing multi-modal and multi-resolution
data. With these diverse modalities, we show that a model
can benefit from their complementarity, in terms of cov-
erage, spectral resolution, spatial resolution and physical
information. This represents a new challenge for the vi-
sion community, as the interaction between different im-
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age modalities, beyond RGB, and text remains under-
explored. To support this new problem, we propose a new
dataset, named TAMMI, which contains 21 types of ques-
tions based on very high resolution patches (orthophotos),
high-resolution multispectral data (Sentinel-2), and Syn-
thetic Aperture Radar (Sentinel-1) images. The dataset
spans three French departments, each with distinct land-
scapes, allowing for diverse and challenging questions.

We introduce a baseline model to process multi-modal
images and textual input data based on the VisualBERT ar-
chitecture. Our results indicate that multi-resolution and
multi-modal data enhance model performance. The VHR
modality is useful for tasks requiring high-detail images.
For tasks requiring a broader context, the contributions from
the SAR and MS modalities prove to be substantial. In our
pipeline, we use all three modalities together. However, ab-
lation studies show that even when one modality is missing,
the proposed model obtains better performances compared
to VHR RGB orthophotos alone. This is a strong result, as
this modality is the one commonly used in RSVQA.

Future work includes developing better models using
specialized feature extractors for multispectral and SAR
data. This dataset introduces a challenging task and,
thanks to dynamic context selection, supports a vari-
ety of multi-modal applications beyond VQA. It is also
easily extensible to cover more regions, promoting bet-
ter generalization across diverse landscapes and environ-
ments.
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