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Abstract

This paper develops a Versatile and Honest vision language
Model (VHM) for remote sensing image analysis. VHM is
built on a large-scale remote sensing image-text dataset with
rich-content captions (VersaD), and an honest instruction
dataset comprising both factual and deceptive questions (Hn-
stD). Unlike prevailing remote sensing image-text datasets,
in which image captions focus on a few prominent objects
and their relationships, VersaD captions provide detailed in-
formation about image properties, object attributes, and the
overall scene. This comprehensive captioning enables VHM
to thoroughly understand remote sensing images and perform
diverse remote sensing tasks. Moreover, different from ex-
isting remote sensing instruction datasets that only include
factual questions, HnstD contains additional deceptive ques-
tions stemming from the non-existence of objects. This fea-
ture prevents VHM from producing affirmative answers to
nonsense queries, thereby ensuring its honesty. In our exper-
iments, VHM significantly outperforms various vision lan-
guage models on common tasks of scene classification, vi-
sual question answering, and visual grounding. Additionally,
VHM achieves competent performance on several unexplored
tasks, such as building vectorizing, multi-label classification
and honest question answering.

Code & Data — https://github.com/opendatalab/ VHM

1 Introduction

The remarkable achievements of Vision Language Models
(VLMs) in computer vision have sparked a wave of research
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into tailoring VLMs for remote sensing (RS) (Hu et al. 2023;
Kuckreja et al. 2024; Zhang et al. 2024; Mubhtar et al. 2024),
aiming to enhance RS image analysis in a more intelligent
and human-like manner (Li et al. 2024b). Following the typ-
ical construction pipeline of first pretraining and then super-
vised fine tuning (Liu et al. 2024), most studies (Hu et al.
2023; Kuckreja et al. 2024; Luo et al. 2024; Bazi et al.
2024), based on network weights pretrained on large natural
image-text datasets, design RS-specific instruction datasets
for the fine-tuning process. Given the domain shift between
natural and RS images (Wang et al. 2022a), the most re-
cent study (Muhtar et al. 2024) introduces an RS image-
text dataset (i.e., LHRS-Align) for additional pretraining.
Although existing studies have reported promising results,
two main issues still need to be addressed:

(1) They usually pre-train VLMs using image-text pairs
with sparse-content captions, which is inadequate for RS. As
illustrated in Fig. 1(a), RS images typically contain various
objects due to their large field of view. However, most RS
image-text pairs (Zhang et al. 2023; Wang et al. 2024) fo-
cus on a few prominent objects and their relationships (e.g.
water and houses). Moreover, even with these prominent ob-
jects, they merely mention their presence and neglect crucial
details such as their color and shape. This significantly im-
pedes VLMs from achieving a thorough understanding of
RS images, thereby limiting their ability to perform diverse
RS image analysis tasks.

(2) They usually fine-tune VLMs using instruction
datasets that contain only factual questions, which makes
VLMs prone to lying. As shown in Fig. 1(a), questions
in instruction datasets such as GeoChat-Instruct (Kuckreja
et al. 2024) and SkyEye-968k (Zhan, Xiong, and Yuan 2024)
involve queries about real objects within images and are
accompanied by affirmative answers. Consequently, when



Caption datasets for pre-training

VersaD (ours):

The aerial image shows a marina with several boats moored to docks.
There is a long, narrow strip of land with green vegetation on one
side and water on the other. There are several buildings on the strip
® of land, including a long, narrow building with a green roof and
several smaller buildings with white roofs. There are also several
cars parked on the strip of land. The boats are mostly white and are
of various sizes. Some of the boats are docked next to each other,
RS5M-RS3: while others are anchored in the water. The water is murky and
an aerial photo of green. There is a long, wooden dock with several boats docked to it.
boats in a boat yard. There are also several smaller docks with boats docked to them.

Skyscript:

Title: a satellite image of addr street of Waterside Drive
title multi_objects: a satellite image of addr street of
| Waterside Drive, surrounded by road of residential;
natural water

RS5M-PUB11:

two houses and one lighthouse on the shore.
two houses near the water with a lighthouse.
an aerial view of two houses near the water.

Instruction datasets for supervised fine-tuning

HnstD (ours): GeoChat-Instruct:
Q: What is the actual color of in the remote sensing image? If this 0: What is the amount of 9
question is unanswerable, please provide the reason. A 11
— A: white
Q: Please specify the actual color of in this aerial image. If ® SkyEye-968k:

this question is unanswerable, please provide the reason.
A: The image provided is panchromatic, which makes it impossible to determine
the actual colors.

Q: How many are there?
A:2

Q: What is the actual color of in the remote sensing image? If
this question is unanswerable, please provide the reason.
o ﬁ A: The tennis court is invisible in the provided image, so I cannot provide an

answer.

RS-GPT4V:

Q: Can you count the number of visible in this
image?

A: Yes, there are two chimneys visible in the image.

(a) Datasets for VLM construction

Versatility Honesty
Remote sensing image understanding tasks Text and image input pair
X - . - >
[ Building Vectorizing | i Visual Grounding I [ Scene Classification ‘ P\ﬁQl. What color is the top ship in the picture? J
i Multi-label Classification I i Object Counting ] i Image Captioning l 02: What is th‘? acFual color of the small vehicle in}
T " ) the remote sensing image?
AI: The top ship in the picture is AI: The top ship in the picture is
red. J red. J
K 8 A2: The small vehicle in the A42: The actual color of the small
% picture is invisible, so I cannot vehicle in the remote sensing
provide an answer. \/ (honest) image is red. x (lying)
VHM (ours) Prior studies VHM (ours) Prior studies

(b) Versatility and honesty of VLM

Figure 1: Illustration of versatility and honesty. In (a), words in red and bold are key pieces of information in the captions.
Existing datasets for pretraining VLMs typically contain sparse-content captions, focusing on a few prominent objects and their
relationships. In contrast, VersaD captions provide detailed descriptions of image properties, object attributes, and scene context.
These rich-content captions contribute to a more thorough understanding of RS images, thereby enhancing VLMs’ ability to
perform diverse RS tasks. Additionally, instruction datasets for fine-tuning VLMs usually contain only factual questions about
existent objects within images (see words in orange in (a)), which can result in VLMs lying to produce affirmative answers to
nonsense queries about non-existent objects. In contrast, our HnstD includes both factual and deceptive questions, designed to
instill honesty in VLMs.

faced with deceptive questions, VLMs lie to produce af- content captions, such as LLaVA (Liu et al. 2024), have
firmative answers. For example, VLMs misrepresented the achieved remarkable performance by pre-training on large-
color of a non-existent object (Fig. 1(b)). scale, noisy datasets and fine-tuning on smaller, clean data,
. . we explore applying a similar strategy to the case with the

In this paper, we devote ourselves to developing VHM, rich-content caption. Considering noise tolerance and con-

a more Versatile and Honest VLM for RS image analy- struction costs, we propose leveraging off-the-shelf models
sis, aimed at performing a broader range of downstream to generate rich-content captions. Notably, in our prompt de-
tasks and providing truthful answers. Specifically, we con- sign, we emphasize the inclusion of metadata (e.g. modality,
struct a large-scale RS image-text dataset called VersaD, resolution), object attributes (e.g. semantic category, mate-
featuring captions with rich content. Given the complex- rial), and scene context (e.g. spatial layout, scene category).
ity of RS images, it is laborious to generate accurate and These contribute to the versatility of our VHM (see Table 2).
rich-content captions for massive images (e.g. 1.4M). Moti- Furthermore, we customize the answer format of the off-the-

vated by the fact that existing VLMs trained with sparse-
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shelf model and impose constraints on uncertain object de-
scriptions to ensure accuracy in its answers.

To enable and verify VHM’s honesty, we create an RS-
specific honest dataset, dubbed HnstD. The sample in the
HnstD dataset consists of an RS image paired with a ques-
tion and an answer. The question addresses the relative posi-
tions of objects and their attributes such as presence, color,
and absolute position. Furthermore, each type of question
(except those regarding presence) is divided into factual and
deceptive categories. For example, asking the color of an
existing object versus that of a non-existent one. Based on
HnstD, we endow VHM with honesty by using it as an ad-
ditional instruction dataset for fine-tuning. Additionally, we
introduce a new task, honest question answering to compare
the honesty of different models.

Using the proposed datasets, we develop a novel VLM
for RS image analysis, VHM, by implementing a two-stage
training strategy and exploring the integration of multi-
level visual representations. Comparing VHM with recent
RS-specific VLM, it is able to perform more downstream
tasks such as building vectorizing and multi-label classi-
fication. For typical RS image understanding tasks, VHM
achieves state-of-the-art performance across multiple RS
datasets. Additionally, VHM offers insights into the honesty
of VLMs, a crucial aspect in RS applications.

In summary, our paper made the following contributions:

* We construct VersaD, a large-scale RS image-text dataset
featuring captions with rich content. This dataset facili-
tates VLM in achieving a thorough understanding of RS
images, enhancing their versatility.

* We create HnstD, an RS-specific honest dataset compris-
ing questions with factual and deceptive categories. By
utilizing it as an additional instruction dataset, VLMs are
endowed with honesty.

* Building upon our datasets, we develop VMH, a ver-
satile and honest VLM tailored for RS image analysis.
VHM explores the integration of multi-level visual rep-
resentations, showcasing its capability to perform numer-
ous downstream tasks and achieve superior performance
across multiple common RS image understanding tasks.

2 Versatile and Honest Datasets
2.1 VersaD

VersaD construction. We construct VersaD with the goal
of incorporating a wide range of RS visual knowledge into
VLMs. To achieve this, we collect several open-source RS
datasets acquired from various geographic locations with
different imaging sensors and conditions, ensuring diversity
in ground objects and richness in images. The datasets in-
clude MillionAID (Long et al. 2021), CrowdAl (CrowdAl
2018), fMoW (Christie et al. 2018), CVUSA (Workman,
Souvenir, and Jacobs 2015), CVACT (Liu and Li 2019), and
LoveDA (Wang et al. 2021). For dataset statistics, please re-
fer to Appendix B.1. VersaD includes nearly 1.4 million RS
images with spatial resolutions ranging from 0.08 to 153 me-
ters per pixel. Considering noise tolerance and construction
costs, we choose an off-the-shelf model, namely Gemini-
Vision (Team et al. 2023), to generate captions for these
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1.4 million images. To make the caption rich in content, we
carefully design prompts, as detailed in Appendix B.1. The
prompt emphasizes information about image properties, ob-
ject attributes, and scene context. Additionally, it constrains
the description of uncertain objects and the answer format to
improve accuracy in Gemini-Vision’s answers. Ultimately,
we produce VersaD, a large-scale RS image-text dataset fea-
turing captions with rich content. Several examples of Ver-
saD are provided in Appendix B.2.

VersaD quality assessment. Since automatic caption gen-
eration may be inaccurate, we randomly sample 315 image-
text pairs for quality assessment through manual inspection.
Specifically, image captions in VersaD have rich content and
multiple sentences. Therefore, we divide the captions sen-
tence by sentence, resulting in 2002 sentences. Each sen-
tence may contain multiple key pieces of information simul-
taneously, such as the relative position between objects and
their attributes. Thus, we further divide sentences based on
pieces of information and then combine the corresponding
images to check each piece, categorizing the sentences into
three groups: completely accurate, completely inaccurate,
and partially accurate. Completely accurate means that all
pieces of information within the sentence are entirely with-
out error, whereas the opposite would be completely inaccu-
rate. Partially accurate refers to a sentence that contains both
accurate and inaccurate pieces of information. Statistically,
73%, 10%, and 17% of the sentences from the 315 image-
text pairs are completely accurate, completely inaccurate,
and partially accurate, respectively. Among these partially
accurate sentences, 55% of the information pieces are accu-
rate. More details about the manual inspection can be found
in Appendix B.3.

Consequently, the overall accuracy of VersaD stands at
82.3%, surpassing that of CC3M (79%) (Sharma et al.
2018), which serves as the pretraining dataset for LLaVA.
Prior studies on the construction of RS image-text datasets
usually present strategies or rules to filter out image-text
pairs due to their sparse content and succinct sentences.
However, our captions may include all three categories of
sentences, posing challenges for filtering. Experimentally,
we observe that VLMs pre-trained on VersaD outperform
those trained on datasets characterized by sparse-content
and accurate captions, such as SkyScript with 96.1% accu-
racy (Wang et al. 2024), as shown in Table 8. Thus, we infer
that rich content in captions can make up for the presence of
noise.

VersaD-Instruct construction. Following LLaVA (Liu
et al. 2024), we create VersaD-Instruct for fine-tuning
VLMs. To ensure that the generated conversations contain
crucial information, such as the location and quantity of
objects within the images, three object detection datasets:
DOTA-v2 (Xia et al. 2018), FairlM (Sun et al. 2021) and
DIOR (Li et al. 2020), are used as the image sources for
VersaD-Instruct. We randomly sample 30K RS images and
then generate rich-content captions for them using Gemini-
Vision. Based on these rich-content captions and bounding-
box annotations, we prompt language-only Gemini to gener-
ate multi-turn conversation and reasoning data. This process



results in VersaD-Instruct, comprising 30K RS images, with
26K images dedicated to conversation and 4K to complex
reasoning. For details about the prompts and in-context ex-
amples, as well as examples of VersaD-Instruct, please refer
to Appendix B.4.

2.2 HnstD

HnstD construction. HnstD is an additional instruction
dataset developed to make VLMs honest for RS image anal-
ysis. Each sample in HnstD consists of an RS image paired
with a single-turn conversation. Different from existing RS
instruction datasets (Kuckreja et al. 2024; Hu et al. 2023;
Zhan, Xiong, and Yuan 2024) that contain only factual ques-
tions, HnstD includes both factual and deceptive questions.
This design aims to prevent VLMs from producing affirma-
tive answers to unreasonable queries posed by users. Based
on DOTA-v2 (Xia et al. 2018) and Fairl1M (Sun et al. 2021),
HnstD is designed with four recognition tasks: the relative
position between objects, their presence, color, and absolute
position. As illustrated in Table. 1, except for the presence
task, all other tasks have both factual and deceptive ques-
tions. Particularly, deceptive questions about object color
arise from either the non-existence of objects or their pres-
ence in panchromatic images, while those concerning rel-
ative and absolute positions stem from the non-existence
of objects. In terms of question format, we use yes or no
questions for the presence task, open-ended questions for
the color task, and single-choice questions with five can-
didate answers for the relative position and absolute posi-
tion tasks. Detailed explanations of each task’s construc-
tion can be found in Appendix C.1, with examples of Hn-
stD provided in Appendix C.2. HnstD comprises over 45K
question-answer pairs in total. Every question and answer in
HnstD is manually checked to ensure reliability.

#Train Sample #Test Sample
Task QFmt (Fact. / Dec.) (Fact. / Dec.)
Presence Y/N 8,000/ - 242/ -
Color OE  8,000/4,000+1,000 200 /300+100
Absolute Position SC 8,000 / 4,000 100 /300
Relative Position SC 8,000 / 4,000 100 /300

Table 1: Information of HnstD dataset. QFmt refers to the
question format, covering Y/N (Yes-or-No), OE (Open-
End), and SC (Single-Choice). Fact., and Dec. stand for fac-
tual question, and deceptive question, respectively. For the
color task, 4,000/300 and 1,000/100 are the number of de-
ceptive questions stemming from the non-existence of ob-
jects and their presence in panchromatic images.

Honest question answering. Based on HnstD, we intro-
duce a new task, namely honest question answering, to com-
pare the honesty of VLMs. For quantitative evaluation, we
utilize the matching strategy to calculate the accuracy of
the presence, relative position, and absolute position tasks.
Since the relative position and absolute position tasks have
two categories of questions, their accuracy (Acc) is the av-
erage accuracy of factual questions (Accg,e) and deceptive
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questions (Accgec):

Acce = (Acctact + Acchec) /2.0, (1)

where Acceact (Accqec) is expressed as the ratio of the num-
ber of correctly answered questions to the total number of
factual (deceptive) questions. For the color task, we employ
the matching strategy and ChatGPT-3.5 API to evaluate fac-
tual and deceptive questions, respectively. For the prompts
used with ChatGPT-3.5, please refer to Appendix C.3. Since
deceptive questions of the color task have two causes, the
accuracy of this task is calculated as follows:

Ace = (Accpaer + (Accs, + Acchil)/2.0) /2.0,

dec dec

2

where AccSy, and Acch’ are the accuracy of deceptive
questions stemming from the non-existence of objects and
their presence in panchromatic images, respectively.

3 Versatile and Honest VLM
3.1 Model Architecture

Similar to LLaVA (Liu et al. 2024), our VHM consists of
three main components: a vision encoder, a projection layer,
and a Large Language Model (LLM), as shown in Figure 2.
The vision encoder is responsible for compressing RS im-
ages into more compact visual representations. The LLM
receives both visual and textual information to perform rea-
soning tasks. Since LLMs are limited to text perception, the
projection layer is introduced to bridge the modality gap be-
tween natural language and images.

Response

Large Language Model
(Vicuna-v1.5)

, i i
| Concatenate | D L] [ D L] [
i t t

% Compression l—’l"' Projection | Instruction

Image

& Trainable

Figure 2: Architecture of the proposed VHM.

In our implementation, we choose the pre-trained CLIP-
Large (Radford et al. 2021) with an input resolution of
336x336 and a patch size of 14 for encoding images, as
CLIP is trained to align image and text representations. Prior
studies (Kuckreja et al. 2024; Li et al. 2024a) usually use
the final image feature for subsequent processes. However,
several studies (Wang et al. 2022b; Miao et al. 2022) have
highlighted that low-level features contain spatial informa-
tion and contribute to the localization of objects. Therefore,
we integrate multi-level features to obtain a comprehen-
sive visual representation. Specifically, image tokens from
the 8th, 16th, and 24th Transformer layers are concatenated
along the channel dimension and then fed into a compres-
sion layer, followed by the projection layer, resulting in a
sequence of visual tokens. The compression and projection
layers consist of a linear layer and two-layer multi-layer
perceptions, respectively. For the LLM, we select Vicuna-
v1.5 (Chiang et al. 2023) with 7B parameters due to its ex-
cellent instruction-following capabilities in language tasks.



Method ‘ VQA VG IC SC OC IM IR OR GM BV MC HQA Others
RSGPT (Hu et al. 2023) v v

GeoChat (Kuckreja et al. 2024) v e v / RC
SkyEyeGPT (Zhan, Xiong, and Yuan 2024) v v v v/ VC, REG
EarthGPT (Zhang et al. 2024) v v v / v RC, OD
LHRS-Bot (Mubhtar et al. 2024) v v v v v v v/

VHM (ours) v v v v v v v/ v v v v

Table 2: Capability comparisons of RS-specific VLMs. The VQA, VG, IC, SC, OC, IM, IR, OR, GM, BV, MC, HQA, RC, VC,
OD and REG are short for Visual Question Answering, Visual Grounding, Image Captioning, Scene Classification, Object
Counting, Image Modality, Image Resolution, Object Recognition, Geometric Measurement, Building Vectorizing, Multi-label
Classification and Honest Question Answering, Region Caption, Video Caption, Object Detection and Referring Expression
Generation, respectively. Examples of our model’s versatility refer to Appendix E.2.

3.2 Training Strategy

We employ a two-stage strategy for training VHM. Specifi-
cally, starting with the pre-trained weights of LLaVA, we op-
timize all components of VHM using the large-scale VersaD
dataset to incorporate RS visual knowledge into the model.
Utilizing 16 NVIDIA A100-80G GPUs, we pre-train VHM
with a batch size of 256 for 1 epoch (approximately 5400 it-
erations). We apply an initial learning rate of 2e-5, following
a cosine scheduler learning rate strategy.

Subsequently, we use three instruction datasets, VersaD-
Instruct, VariousRS-Instruct, and HnstD, for supervised
fine-tuning (SFT) of the compression layer, projection layer,
and LLM of VHM. VersaD-Instruct contains multi-turn con-
versation and complex reasoning data, aiming to enable
VHM to engage in dialogue with users. VariousRS-Instruct
comprises RS images paired with single-turn conversations,
enabling VHM to perform specific RS image analysis tasks.
Detailed information about the VariousRS-Instruct dataset
can be found in Appendix D. Since visual question answer-
ing, visual grounding, and scene classification are common
capabilities of existing VLMs, we, following comparative
methods, build training sets for fine-tuning to ensure fair-
ness. For the unique capabilities of our VHM, such as build-
ing vectorizing and multi-label classification, we create cor-
responding test sets to evaluate its performance quantita-
tively. HnstD is used to endow VHM with honesty. During
the SFT process, only the vision encoder is frozen to main-
tain generalization. Based on 8 NVIDIA A100-80G GPUs,
we set a batch size of 128 for 1 epoch (nearly 1400 interac-
tions). The learning rate setting remains the same as previ-
ously mentioned.

4 Experiments
4.1 Datasets

We employ multiple RS datasets to conduct comparison ex-
periments across tasks supported by existing VLMs. These
include five scene classification datasets (NWPU, METER-
ML, SIRI-WHU, AID, WHU-RS19), two visual question
answering datasets (RSVQA-LR and RSVQA-HR), and one
visual grounding dataset (DIOR-RSVG). To evaluate VHM-
specific capabilities, such as honest question answering and
building vectorizing, we use the test sets of HnstD and
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VariousRS-Instruct. Evaluation metrics for each task are de-
tailed in Appendix E.1.

4.2 [Evaluation on Versatility

VHM-specific capabilities. In Table. 2, we list the capa-
bilities exhibited by VLMs tailored for RS image analy-
sis. Notably, VHM can perform more tasks, such as build-
ing vectorizing and multi-label classification, which are cru-
cial for natural resource monitoring. Since the tasks re-
lated to VHM-specific capabilities involve open-ended ques-
tions that are not supported by competitors, we only eval-
uate VHM’s performance quantitatively using the test set
from VariousRS-instruct. As shown in Table. 3, VHM ex-
cels in image attribute recognition, achieving a 95% accu-
racy on the image modality task and a mean absolute error of
0.24 on the image resolution task. For building vectorizing
and zero-shot multi-label classification tasks, VHM demon-
strates competent performance. However, it faces challenges
in accurately counting objects and measuring geometric
properties, evidenced by higher mean absolute errors of 6.75
and 12.82, respectively. Overall, these results confirm the
potential of VLMs to facilitate more RS image analysis
tasks.

Task Metric Score
Object Counting mean absolute error 6.75
Image Modality accuracyt 95.00%
Image Resolution mean absolute error] 0.24
Geometric Measurement mean absolute error] 12.82

Building Vectorizing
Multi-label Classification

complexity-aware IoUT  71.25%
Fy-measuret 51.87%

Table 3: Performance of VHM on specific tasks.

VLM-common capabilities. To further verify the versa-
tility of our model, we compare VHM with various VLMs
on common RS image analysis tasks, as shown in Table. 4
to 7. From Table. 4, it is evident that VLMs pre-trained
on large-scale RS image-text datasets outperform generic
VLMs by a large margin, confirming the importance of ac-
counting for domain shift between natural and RS images.
While LHRS-Bot performs excellently, VHM is able to ob-
tain a further boost in both fully supervised and zero-shot



settings'. The improvements on the NWPU and SIRI-WHU
datasets (10.6% and 8.22%) are remarkable, demonstrating
VHM’s effective acquisition of RS visual knowledge and
strong generalization ability.

Method ‘ NWPU METER-ML SIRI-WHU AID WHU-RS19 Avg.
LLaVA-1.5 34.96 21.73 17.71 31.10 54.55 32.01
MiniGPTv2 28.15 14.29 35.46 32.96 64.80 35.13
Qwen-VL-Chat | 42.73 38.77 54.58 55.30 72.25 52.73
Gemini-Vision | 66.89 23.36 60.46 66.43 68.70 57.16
LHRS-Bot 83.94 69.81 62.66 91.26 93.17 80.17
VHM (ours) 94.54 72.74 70.88 91.70 95.80 85.13

Table 4: Performance of VLMs on various scene classifica-
tion datasets.

In Table. 5 and 6, we report the results of different VLMs
on the visual question answering task under both fully super-
vised and zero-shot settings. With the same training setting
(one epoch and 10K samples), VHM achieves supervised
results comparable to LHRS-Bot’s (89.33% vs 89.19%)?. In
the zero-shot setting, VHM stands out as the top-performing
model, exceeding the sub-optimal EarthGPT by 2.6% in
average performance. This demonstrates that our VersaD,
which contains varied-resolution RS images, contributes to
incorporating RS visual knowledge at different scales into
VLMs. As aresult, VHM excels in handling high-resolution
RS images that were not encountered during training.

Method \ LR-rural LR-presence LR-compare Avg.
Gemini-Vision 63.00 60.95 70.32 64.76
RSGPT 94.00 91.17 91.70 92.29
GeoChat 94.00 91.09 90.33 91.81
SkyEyeGPT 75.00 88.93 88.63 84.19
LHRS-Bot 89.07 88.51 90.00 89.19
VHM (ours) 88.00 90.11 89.89 89.33

Table 5: Performance of VLMs on the visual question an-
swering dataset (RSVQA-LR).

Method | HR-presence HR-compare ~ Avg.
Gemini-Vision 63.60 64.60 64.10
LLaVA-1.5 69.83 67.29 68.56
MiniGPTv2 40.79 5091 45.85
Qwen-VL-Chat 66.44 60.41 63.43
GeoChat 58.45 83.19 70.82
EarthGPT 62.77 79.53 71.15
VHM (ours) 64.00 83.50 73.75

Table 6: Performance of VLMs on the visual question an-
swering dataset (RSVQA-HR).

!The instruction datasets of LHRS-Bot and VHM include only
the NWPU and METER-ML datasets. All other datasets are absent.

2RSGPT is fine-tuned for five epochs on the RSVQA dataset
and GeoChat is trained with 50K training samples.
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Table. 7 presents the results of the visual grounding task
on the DIOR-RSVG dataset, using an intersection over
union (IoU) threshold of 0.5 as the evaluation metric. The
original size of images in this dataset is 800x800. To adapt
to VLMs’ input, images are usually downsampled. The
higher the downsampling ratio, the smaller the object size
and the fewer its visual features, posing challenges for ac-
curately locating objects. Nevertheless, our VHM surpasses
the best competitor by 11.59, even with the smallest input
size of 336x336. This advantage stems from our design of
leveraging spatial information within low-level features.

Method | Input Size DIOR-RSVG
CogVLM* 490490 44.58
Qwen-VL-Chat | 448x448 31.86
VHM (ours) 336x336 56.17

Table 7: Performance of VLMs on the visual ground-
ing dataset (DIOR-RSVG). * indicates use of the cogvlm-
grounding-generalist version.

Qualitative results. In Appendix E.2, we present exam-
ples of conversations between users and VHM. These exam-
ples highlight VHM’s ability to provide detailed descriptions
of objects, scene, and their attributes, such as color, shape,
and layout, showcasing its comprehensive understanding of
input RS images. Consequently, VHM effectively performs
RS image analysis tasks, including object counting, relative
position recognition, and image resolution estimation, while
producing honest answers.

4.3 Evaluation on Honesty

Honesty is a significant property for VLMs in RS applica-
tions such as national defense security. Based on the Hn-
stD dataset, we compare VHM with various VLMs on the
honest question answering task, as shown in Table. 9. For
the presence task, which includes only factual questions,
VHM outperforms all competitors by a large margin with
a gap of 10.35%, thanks to the incorporation of RS visual
knowledge. In other tasks, competitors generally achieve
higher accuracy on factual questions compared to deceptive
questions, indicating a tendency toward dishonesty. Notably,
CogVLM (Wang et al. 2023) gives excellent results on de-
ceptive questions of the color task, but at the cost of a sig-
nificant accuracy drop on corresponding factual questions.
In contrast, VHM consistently gets good accuracy on both
factual and deceptive questions, particularly in the color and
absolute position tasks. While VHM’s accuracy on the rel-
ative position task is remarkable, there is still room for im-
provement. To encourage further research on the honesty of
VLMs in the RS domain, we will release the HnstD dataset.

4.4 Ablation Studies

Training strategy. We compare the model additionally
pretrained on VersaD with one that directly adopts the pre-
trained weights of LLaVA. Both models are fine-tuned on
our VariousRS-Instruct and HnstD. To ensure fairness, we



.. . . . Scene Visual Visual Honest
W/ RS Pretraining - w/Multi-level Vis. Rep.  Pretraining Dataset ‘ Classification  Question Answering Grounding Question Answering
X X - 73.22 77.19 28.23 61.65
v X VersaD (ours) 84.71 82.09 51.06 80.50
v v RS5M-5M (Zhang et al. 2023) 83.38 82.22 48.71 75.45
v v RS5M-1.5M (Zhang et al. 2023) 83.03 82.53 48.08 75.84
v v SkyScript (Wang et al. 2024) 80.20 83.32 16.01 65.38
v v VersaD (ours) 84.79 81.18 59.52 78.59

Table 8: Comparisons with different training strategies and pretraining datasets. Vis. Rep. stands for Visual Representation. The
performance of scene classification and visual question answering is the average accuracy across multiple datasets.

M ‘Presence‘ Color ‘Absolute Position‘Relative Position
ethod

‘ Fact. ‘ Fact. Dec.-Ex / Pan ‘ Fact. Dec. ‘ Fact.  Dec.
LLaVA-1.5 70.40 [66.96 23.33/42.00 |61.61 12.00 |34.71 31.67
CogVLM 74.71 |31.25 68.00/100.00(33.93  16.67 |29.34 11.00
Qwen-VL-Chat| 72.99 [47.62 8.33/39.00 {5429 29.52 |31.79 2891
VHM (ours) 85.06 |81.50 93.33/93.00 {76.79 90.67 |47.52 87.67

Table 9: Performance of VLMs on the honest question an-
swering task (HnstD). Fact. and Dec. stand for factual ques-
tions and deceptive questions. The suffixes Ex and Pan refer
to deceptive questions stemming from the non-existence of
objects and their presence in panchromatic images.

Method | SC  VQA VG HQA
Single level | 85.47 81.74 46.96 79.03
Multi level | 85.13 81.54 56.17 80.93

Table 10: Performance with different architectures. SC,
VQA, VG and HQA are short for Scene Classification, Visual
Question Answering, Visual Grounding and Honest Ques-
tion Answering, respectively.

use the same model architecture for both, as LLaVA only
employs single-level visual representation. As shown in Ta-
ble. 8, the model pretrained with RS data significantly out-
performs the baseline across multiple tasks. This confirms
the importance of incorporating RS visual knowledge by
pertaining with large-scale RS image-text datasets.

Rich-content caption v.s. sparse-content caption. Cur-
rently, several large-scale RS image-text datasets are avail-
able for pretraining, such as RSSM-5M (Zhang et al. 2023)
and SkyScript (Wang et al. 2024). We conduct experiments
to evaluate the superiority of our VersaD, and the results
are presented in Table. 8. Since VersaD-Instruct is created
with rich-content captions, all models are fine-tuned only on
VariousRS-Instruct and HnstD. We observe that the model
pretrained using VersaD significantly outperforms all base-
lines across various tasks, particularly in object grounding.
This is due to VersaD captions containing diverse objects
and their attributes, unlike the captions in existing datasets
that merely mention prominent objects. Furthermore, an in-
teresting comparison arises between models pretrained on
VerasD and SkyScript. Despite SkyScript having a similar
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number of image-text pairs as VersaD (1.5M for SkyScript
vs 1.4M for VersaD) and higher caption accuracy (96.1%
vs 82.3%), the model pretrained using VersaD shows an im-
provement of over 43% on the visual grounding task. There-
fore, we infer that rich-content captions are vital for the per-
formance of VLMs and contribute to VLMs being less sen-
sitive to label noise.

Multi level v.s. single level. To assess the impact of us-
ing multi-level visual representation, we compare it with a
model that uses single-level image features from the final
Transformer layer of the vision encoder. Both models are
optimized on VersaD, VersaD-Instruct, VariousRS-Instruct,
and HnstD. The results, presented in Table. 10, show that in-
tegrating multi-level visual representation significantly im-
proves the accuracy of object localization, gaining over 9%
on the visual grounding task. This clearly demonstrates the
necessity of leveraging detailed spatial information within
low-level image features.

5 Conclusion

In this paper, we create a large-scale remote sensing image-
text dataset with rich-content captions, and an honest in-
struction dataset comprising factual and deceptive questions,
aiming to endow vision language models with versatility
and honesty for remote sensing image analysis. Building
upon these datasets, we develop VHM by implementing a
two-stage training strategy and integrating multi-level vi-
sual representations. VHM achieves state-of-the-art perfor-
mance on various public datasets across multiple common
remote sensing tasks. Additionally, it demonstrates the po-
tential of vision language models to facilitate more remote
sensing tasks and offers insights into the honesty of models,
which is crucial in applications such as national defense se-
curity. while VHM shows superiority in several remote sens-
ing image analysis tasks, it currently lacks the capability for
pixel-wise perception, preventing it from performing seman-
tic segmentation or change detection of remote sensing im-
ages. Addressing this limitation is a key to future research.
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