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Abstract

Current diffusion models struggle to achieve fine-grained remote sensing imagery (RSI) generation. This limitation fundamentally
stems from their reliance on "flattened" text prompts, which overlook the inherent hierarchical structure of RSI. This paper proposes
a fine-grained RSI generation method driven by expert knowledge and hierarchical captions. We first deconstruct RSI into a
hierarchical "element-relation-scene" caption and employ an automatic caption optimization mechanism, grounded in spatial relation
knowledge, to ensure high fidelity. Critically, we introduce a novel hierarchical caption encoding mechanism that efficiently injects
decoupled hierarchical caption segments into the U-Net's cross-attention layers. This design enables the model to exert hierarchical
and decoupled attentional control over the global scene, spatial layout, and geographical element details during the denoising process.
Experiments demonstrate that, when combined with efficient fine-tuning algorithms such as LoRA, our method significantly
outperforms traditional single-level captions across all six evaluation metrics, exemplified by the FID metric decreasing from 228.43
to 205.59 and the GSHPS metric increasing from 0.86 to 0.92. This research provides a new paradigm for controllable remote
sensing scene generation, establishing an effective link between hierarchical semantic understanding and the progressive generation

process of diffusion models.

1. Introduction

Text-to-Image (T2I) diffusion models have achieved
revolutionary progress in generating high-fidelity and diverse
natural images. This success is now driving their application in
specialized domains such as remote sensing. However, while
T2I models excel at simulating natural image features, they face
severe challenges in the fine-grained generation of remote
sensing imagery (RSI), a task demanding precise spatial layouts
and specific combinations of geographical elements. Existing
T2I models in remote sensing applications often struggle to
accurately control the position, quantity, or topological
relationships of key geographical elements, leading to results
that are geospatially unreasonable or semantically distorted.
This bottleneck limits the practical application potential of RSI
generation. Whether serving as a data augmentation strategy to
provide high-quality synthetic samples for downstream tasks
such as object detection and semantic segmentation, or enabling
rapid generation of spatially controllable scene previews from
textual plans in urban planning, there is an urgent demand for
fine-grained control capabilities in generative models.

We argue that this bottleneck stems from the fundamental
reliance of T2I models on "flattened" or "single-level" text
prompts. Standard natural language prompts (e.g., "a bird's-eye
view of a factory") are semantically ambiguous; they lack an
explicit decomposition of the complex scene's internal structure.
A remote sensing scene (RSS) is inherently hierarchical,
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composed of a global scene concept (e.g., "industrial area"), a
set of specific geographical elements (e.g., "factory", "chimney",
"road"), and the precise spatial relations among them (e.g.,
"road surrounds factory"). Flattened prompts cannot provide
this structured, composable guidance for the generation process,

thereby limiting the precision of the model's output.

To overcome this limitation, this paper proposes an expert
knowledge and hierarchical caption-driven method for fine-
grained RSI generation. The method first deconstructs RSI into
a hierarchical "element-relation-scene" triplet to provide
structured guidance. We utilize a hybrid model system to
automatically extract information across these three dimensions
(Ren et al., 2021; Liu et al., 2022; Liu et al., 2024; Ren et al.,
2025; Zhang et al., 2026). We also introduce expert knowledge
to correct noise induced by cross-domain models, thereby
ensuring the high fidelity of the hierarchical captions. Critically,
we propose a novel hierarchical caption encoding mechanism to
efficiently inject this structured hierarchical caption into the
diffusion model. This enables the U-Net's cross-attention
mechanism to exert hierarchical and decoupled attentional
control over the global scene, spatial layout, and geographical
element details at each step of the denoising process. The model
first establishes a global framework based on the "scene"
concept. It subsequently constructs the key spatial structure
using "relation" information and finally populates fine-grained
geographical element details via the "element" caption. In this
way, the model can explicitly learn the complex correspondence
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between the hierarchical caption and the generated imagery,
thus achieving fine-grained control over the RSS.

Through experiments on multiple efficient fine-tuning
algorithms, our model demonstrates its capacity to fully
understand and utilize this structured, hierarchical input.
Compared with methods using traditional single-level captions,
our method achieves significant advantages on all key
evaluation metrics, with generated RSS showing substantial
improvements in fidelity, diversity, and semantic consistency.
This research provides a new paradigm for controllable RSS
generation, establishing an effective link between hierarchical
semantic understanding and the progressive generation process
of diffusion models.

2. Related Work
2.1 Natural Image Captioning

Natural Image Captioning (NIC) aims to generate
grammatically correct and semantically accurate natural
language descriptions for a given image. Early research in this
domain was based on template matching and retrieval methods,
subsequently shifting to encoder-decoder architectures. These
architectures utilize convolutional neural networks (CNNs) to
extract visual features and employ recurrent neural networks
(RNNs) or their variants (e.g., LSTM) as decoders to generate
sequential text. The introduction of attention mechanisms
significantly improved descriptive accuracy by allowing the
model to dynamically focus on different image regions while
generating each word. Recent research paradigms have migrated
towards large-scale vision-language pre-trained models (VLMs),
such as those using CLIP's contrastive learning paradigm. By
pre-training on massive image-text pairs, these models have
achieved stronger zero-shot and few-shot generation capabilities,
trending towards more controllable and fine-grained
descriptions. However, these methods primarily generate single,
holistic sentences. They lack the capability for explicit
modeling of hierarchical structures or multi-scale relationships
within complex scenes, failing to meet the structured knowledge
input required for fine-grained scene generation.

2.2 Remote Sensing Image Captioning

The Remote Sensing Image Captioning (RSIC) task inherits the
basic framework of natural image captioning but faces
challenges unique to remote sensing images, such as vast
differences in object scale, complex backgrounds, and a large
volume of specialized geographical element terminology. Early
RSIC models directly applied CNN-RNN architectures, which
had been validated on natural images, to remote sensing data
(Lu et al., 2018). To address the co-existence of multiple objects
and complex spatial relations in remote sensing images,
subsequent research focused on exploring multi-scale feature
fusion, graph neural networks (GNNs), and more refined visual
attention mechanisms. The recent trend is to build remote
sensing-specific vision-language pre-trained models (RS-VLMs)
or design specific modules to capture the fine-grained semantics
and spatial relations of remote sensing images, thereby
generating captions that contain richer geographical element
details and precise spatial layouts. Although these methods have
achieved progress on RSIC metrics, their generated captions
remain semantically flattened.

2.3 Natural Image Generation

Image generation techniques aim to synthesize photorealistic

and diverse images. Variational autoencoders (VAEs) and
generative adversarial networks (GANs) are two major
milestones in this field. VAEs excel at learning the latent
distribution of data, but the generated images are prone to
blurriness. GANs, through an adversarial process between a
generator and a discriminator, achieved breakthroughs in the
clarity and realism of generated images, with style-based
generators (StyleGAN) performing exceptionally well in high-
resolution face synthesis (Karras et al., 2019). Currently,
diffusion models have become the dominant paradigm. By
simulating a progressive denoising reverse process, diffusion
models have surpassed GANs in both generation quality and
diversity. For instance, denoising diffusion probabilistic models
(DDPM) (Ho et al., 2020) achieve extremely high generation
fidelity through a progressive denoising process. T2I models,
such as the latent diffusion model (Rombach et al., 2022), have
demonstrated the powerful conditional generation capabilities
of diffusion models and have gradually formed the core of
large-scale T2 models like DALL-E 2 (Ramesh et al., 2022)
and Stable Diffusion 3.

2.4 Remote Sensing Image Generation

The core challenge in remote sensing image generation (RSIG)
lies in simultaneously ensuring the spectral authenticity and
geospatial reasonableness of the generated images. Initial efforts
primarily relied on GANs and their conditional variants (Mirza
and Osindero, 2014), which were used for synthesizing specific
geographical elements (e.g., airplanes, ships) or for image style
transfer. As the demand for scene controllability increased,
research shifted towards using semantic maps or scene graphs
as conditions to guide the generation process, aiming to control
the categories and spatial layout of geographical elements.
Inspired by the success of T2I models, recent RSIG research has
begun to focus on text-driven remote sensing scene generation.
This involves using diffusion models or GANs to take natural
language captions as input to generate complex remote sensing
scenes that conform to the text semantics (Ren et al., 2024,
Tang et al., 2024). However, achieving precise control over a
scene's specific geographical element attributes and fine-grained
spatial relations remains a critical, unsolved problem.

3. Fine-Grained Remote Sensing Scene Generation Method
Driven by Expert Knowledge and Hierarchical Captions

3.1 Hierarchical
Knowledge

Caption Generation Fusing Expert

3.1.1 Knowledge-Guided Remote Sensing Image
Preprocessing: Condensed prior knowledge indicates that
appropriate resolution and image size for deep learning model
input are critical for constructing high-quality remote sensing
scene datasets (Ren et al., 2024, Yin et al., 2025, Ren et al.,
2026). Scaling remote sensing images often introduces
discrepancies in recognition results. Therefore, this paper first
performs channel selection and format conversion on the
original multi-channel remote sensing images, converting them
into three-channel RGB images. Preprocessing methods such as
slicing, cropping, and padding are then applied to maintain the
consistency of the preprocessed images. This ensures
compatibility between the remote sensing images and deep
learning algorithms, enhances model performance and
generalization ability, and enables the model to accurately
understand and analyze complex remote sensing scenes.
Specifically, different preprocessing methods are selected based
on the relationship between the original image size and input
size, including large-size image slicing, medium-size image
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cropping, and small-size image padding:
if S[mage > 2x Sinpul
1if Sinpur < Simage < 2 X Sinpur (1)
if Simage < Sinpur

Here, Sinage represents the size of the remote sensing image 7,

slicing
preprocessing=- cropping

padding

denoted as mxn ; Supu represents the size of the remote

sensing image data D input to the deep learning model, denoted
assxs.

Through these preprocessing methods, the key information of
the training samples becomes more distinct and conforms to the
input specifications of deep learning models. This ensures the
size and content of the images meet the model's training and
inference requirements, effectively bridging the size disparity
between remote sensing images and traditional deep learning
input images. These methods provide suitable training data,
ensure the applicability, consistency, and quality of the input
data, and allow for better adaptation to complex geographic
information scenarios, thereby improving model performance
and generalization.

3.1.2 Automatic Generation of Hierarchical Captions for
Remote Sensing Scenes Based on Spatial Relation
Knowledge: To achieve automatic captioning of remote sensing
scenes, Figure 1 illustrates the specific workflow of the
proposed automatic generation method for hierarchical captions,
which is based on spatial relation knowledge. This method
employs multiple automatic captioning algorithms at different
granularities for the same remote sensing image, including the
geographical element-level Deep Danbooru (Liu et al., 2023)
algorithm, the spatial relation-level BLIP-2 (Li et al., 2023)
algorithm, and the scene concept-level EfficientNet (Tan and Le,
2019) algorithm. The resulting geographical element, spatial
relation, and scene concept are organized according to an
element-relation-scene structure. Spatial relation knowledge is
then utilized to optimize the generated captions, ultimately

achieving a precise, hierarchical cognition of the entire scene.
Remote
Sensing
Image

A
Automatic
Caption Generation
Algorithm

Description
Granularity

word sentence word
Element-level Relation-level Scene-level
Caption Caption Caption
Generation Generation Generation
A 4
Geographual Spanal Scene
Element Relation Concept
aggregate
Initial Hierarchical Caption
Element-level Relation-level Scene-level
Caption Caption Caption

Figure 1. Automatic generation of hierarchical captions for
remote sensing scenes based on spatial relation knowledge.

1) Automatic Extraction of Remote Sensing Scene
Geographical Element Labels and Scene Concepts Based on
Convolutional Neural Networks

For the automatic extraction of geographical element labels and
scene concepts in remote sensing scenes, the complexity does
not involve intricate spatial relation cognition. Therefore,
directly utilizing convolutional neural networks for multi-label
classification or semantic segmentation is sufficient to acquire
the specific geographical element labels and scene concepts.
This study employs the lightweight and efficient Deep
Danbooru to extract geographical element labels from remote
sensing scenes and utilizes EfficientNet for scene classification
on remote sensing images to generate scene concepts.

Deep Danbooru identifies geographical elements by performing
multi-label classification on the image, generating a series of
words (e.g., color, shape, texture) as its initial caption. However,
these labels lack specific subordinate or spatial relations and
cannot reflect the overall functional effect of the geographic
scene. This study utilizes EfficientNet fine-tuned on remote
sensing scene images to achieve automatic cognition and scene
concept extraction. Furthermore, if an image originates from an
open-source dataset with existing class labels, that label can be
directly adopted as the scene concept.

2) Automatic Generation of Remote Sensing Scene Spatial
Relations Based on Spatial Relation Knowledge

For automatic spatial relation captioning, this study utilizes the
BLIP-2 algorithm to generate a concise natural language caption
for the image. This caption represents key geographical targets
(e.g., mountains, rivers, cities, farmland) and their spatial
relations (e.g., adjacent, across, contains).

A "golden rule" is to select captions that contain spatial
relations. It is important to note that, unlike the side-view
perspective of natural images, the vertical, nadir-looking
perspective of remote sensing images almost never uses vertical
spatial relations (e.g., underneath). Removing this class of
spatial relations, which are common in natural image captions
but nearly impossible in remote sensing images, effectively
reduces descriptive inaccuracy and highlights the importance of
prior knowledge (Zhang et al, 2025) . Therefore, by
condensing expert knowledge, we define a spatial relation
knowledge collection (SRKC). BLIP-2, wusing different
decoding algorithms, is then employed to randomly generate
multiple candidate text captions until a caption containing a
spatial relation from the SRKC appears, at which point that
caption is automatically selected.

In summary, the proposed automatic generation method for
hierarchical captions, which is based on spatial relation
knowledge, allows for the comprehensive acquisition of scene
cognition results at different granularities. This process
successfully transforms complex remote sensing images into
structured, interpretable, multi-granularity text captions,
providing high-quality input for subsequent fine-grained remote
sensing image generation tasks.

3.2 Fine-Grained Remote Sensing Scene Generation
Method Based on Hierarchical Captions and a Latent Space
Diffusion Model

This paper proposes a fine-grained remote sensing scene
generation method based on hierarchical captions and a latent
space diffusion model. This method utilizes the generated
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hierarchical caption dataset to efficiently fine-tune a diffusion
model pre-trained on natural images. This approach achieves

efficient remote sensing scene generation while remaining
Hierarchical Caption

compatible with the visual model's original text-understanding
capabilities. The overall workflow is illustrated in Figure 2.
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Figure 2 Fine-grained remote sensing scene generation method based on hierarchical captions and a latent space diffusion model.

3.2.1 Remote Sensing Scene Generation Model Based on
Diffusion Models: Diffusion models are a class of generative
models that generate data by simulating a progressive noising
process and a denoising process. These models, initially derived
from the thermodynamic diffusion process in physics, have
achieved significant success in computer vision, particularly in
natural image generation. The fundamental principle is: starting
from a real data distribution x, , Gaussian noise is added
multiple times until a noise sample xr from a standard normal
distribution is obtained. A reverse process then progressively
removes this noise to recover the original data sample xo. By
introducing diffusion models to the remote sensing image
generation domain, initial remote sensing images can be
generated.

1) Forward Process (Noising Process)

For an original remote sensing image xo ~ g(xo) , the forward
diffusion process progressively adds Gaussian noise at each step,
generating a series of noisy image samples xi,...,xr . Each step
adds Gaussian noise to the data x,-1 from the previous step as
follows:

q(xi | xi1) = N ezl = Bixia, BI) @)
Here, I is the identity matrix, ¢ is the time step, and £, is the
variance used at each step, valued between 0 and 1. Typically,
later steps use a larger variance, satisfying i</ <...<fr.
Under a well-designed variance schedule, as 7 — o, the final
x: completely loses the original information and becomes
random noise:

q(x: | x0) = N (xe;\/ @ xo,(1—a)I) 3)

1]
Here, é,znax , and o, =1-p is the proportion of the

s=1

original data retained at each step.

2) Reverse Process (Denoising Process)

The reverse process attempts to learn a denoising model
po(xi—1 | x:) to recover the real data xo from the noisy data xr.

Similar to the forward process, the reverse process can be
defined as a Markov chain:

po(xor) = p(xT)Hpa(xffu [ x:) ()]

Therefore, starting from random noise xr ~A'(0,/) and
progressively denoising it can generate a real sample. The
reverse process is thus the remote sensing image generation
process. Where p(xr)=N(xr;0,I) , and po(xi1|x) is a
parameterized Gaussian distribution:

Ppo(ximt | x0) = N (xim1; o (x0,0), Zo (X1, 1))
The key to the model is parameterizing the mean o .

(%
By
deriving g(x:-1|x:,x0) using Bayes' theorem and matching it
with pg , it can be proven that the optimal form of x4 depends
on an estimation of xo (i.e., X ). In DDPM (Ho et al., 2020),
Mo 1s not predicted directly. Instead, a neural network eg(x:,¢)
is trained to predict the noise e added at time ¢ . Given

X =+auxo++1—aie, po canbe derived from e :
Ho(x:,1) ! X b €o(xi,1) 6)
90Xt 1) = —F—| Xt ——F———=€9(Xs,
O \/1—&1

Here, the variance Zo(x:,f) is typically fixed as £ , where

~  l-ar-
fr="—p
1-a:
3) Training Objective

The training objective can be expressed as the L2 loss between
€ and the true noise € :

Lyimple(g)z Exo Le~N(0,1),t |:

‘e—ea(\/atfxo+\/l—07fe,t)H2} %

3.2.2 Hierarchical Caption Encoding for Remote Sensing
Scene Generation: As illustrated in Figure 2, the hierarchical
caption is mapped into segmented and layered conditional
signals. For this segmented and layered conditional encoding,
our study designs a temporally scheduled conditional signal
generation mechanism. First, the hierarchical caption Chierarchicar
is obtained via the following expression:
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Chierarchical = {Cscenes  Crelations Celement } )

It is then encoded into a feature representation E. using a pre-
trained language model:

E. = Encoder(Chierarchical ) )

Here, the scene, relation, and element layers correspond to

different semantic granularities. A conditional fusion module

injects the weighted hierarchical features into the U-Net's cross-

attention mechanism, achieving progressive scene generation

from macroscopic layout control to microscopic detail
enhancement.
3.2.3 Knowledge-Aware Diffusion Model for Fine-

Grained Remote Sensing Scene Generation: As shown in
Figure 2, to accelerate the generation efficiency of remote
sensing images, we adopt the approach of Stable Diffusion,
centering on latent space diffusion. An encoder ¢ is used to
compress the image into a low-dimensional latent data zo ,
whose dimensionality is 48 times smaller than the original
image space:

zo=¢&(x0) (10)
After the diffusion process is completed in the latent space, a
decoder D is used to decode the resulting latent data back into
an image. This greatly reduces computational complexity and
memory consumption while preserving the image's important
features:

X, ="D(z0) (11)
The true power of Stable Diffusion lies in its ability to accept

conditional inputs, enabling image generation from text prompts.

This is achieved by converting the internal diffusion model into
a conditional image generator using a cross-attention
mechanism in the U-Net. For text inputs, they are first
converted into embeddings (vectors) using a language model
7o (e.g., CLIP), and then they are mapped to the intermediate
layers of the U-Net via a cross-attention layer:

, (QKTJ
Attention(Q, K, V') = softmax -V (12)
Jd

For other spatially aligned inputs (e.g. semantic maps, images,
inpainting), the conditioning can be done using concatenation.
By inputting the hierarchical caption encoding E. into the
diffusion model, progressive denoising synthesis from
semantics to image is achieved using text-conditional cross-
attention. Finally, to further enhance training efficiency, various
efficient fine-tuning algorithms are employed. Taking LoRA

fine-tuning as an example (Hu et al., 2021):
W =Wy + AW =W, + BA (13)

Here, AcR™ , BeR™ ,and r<d.

4. Experimental Setup and Data
4.1 Datasets

We selected the AAAAD (Adopt-Amend-Annihilate-Add
Dataset) as the experimental dataset (Ren et al., 2025). This
dataset comprises 11 common remote sensing scenes (church,
commercial, dense residential, industrial, medium residential,
park, railway station, resort, school, sparse residential, and
square). The image resolution is 512x512 . It contains 3510
high-quality hierarchical remote sensing image captions,
totaling 154826 words and 7141 sentences. The average caption
length is 44.11 words (approx. 279.27 characters), with the
longest caption containing 104 words (approx. 679 characters).
Captions feature a maximum of 6 sentences, an average of 2.03
sentences, and 3.43 spatial relations, enabling detailed captions

of the positional distribution of key geographical elements
within the remote sensing images.

4.2 Relevant Algorithms

The algorithms involved in this study primarily encompass
image-to-text generation, text-to-image generation, and their
corresponding model fine-tuning algorithms. Specifically, the
image-to-text algorithms include Deep Danbooru (Liu et al.,
2023) for geographical element label generation, and BLIP-2
(Li et al., 2023) for spatial relation generation. The text-to-
image algorithms include the mainstream Stable Diffusion and
RS-SD (Zhang et al., 2024), which was trained on a massive
remote sensing image dataset (approx. 1 million training
samples). The model fine-tuning algorithms include current
mainstream methods: Fine-Tune, Textual Inversion (Gal et al.,
2022), LoRA, and DreamBooth (Ruiz et al., 2023).

4.3 Evaluation Metrics

The purpose of image quality assessment is to quantitatively
compare the differences between generated and real images,
thereby reflecting the generative model's performance, which
primarily includes image quality and diversity. To
comprehensively measure the quality of the generated images,
we selected full-reference metrics such as PieAPP (Prashnani et
al., 2018), LPIPS (Zhang et al., 2018), and GSHPS (Ren et al.,
2024), as well as no-reference metrics including FID (Heusel et
al., 2017), Q-Align (Wu et al., 2023), and CLIPScore (Hessel et
al., 2021). This selection allows for a thorough assessment from
different perspectives, aiding researchers in fully understanding
and improving the performance of scene generation methods.

4.4 Model Implementation Details

We utilized the Stable Diffusion v1.5 pre-trained model as the
foundation and employed Fine-Tune, Textual Inversion,
DreamBooth, and LoRA algorithms to train the remote sensing
scene generation models on the hierarchical captions. It is
important to note that since RS-SD was already trained on a
massive volume of remote sensing images (approx. 1 million
training samples), which includes images from AAAAD, it can
be directly applied to remote sensing scene generation without
requiring additional training.

The dataset was split into training and test sets at an 8:2 ratio.
During the training phase, the optimizer was AdamW8bit, and
the initial learning rate was set to le-4 with a "cosine" decay
strategy. The batch size was set to 10, and the maximum input
token length was 75. The image resolution was 512x512, and
mixed-precision training (fp16) was adopted. Each model was
trained for 10 epochs to ensure an efficient training process and
resource utilization. During the testing phase, the generated
image resolution was consistent with the training phase
(512x512). We used DDIM sampling for 30 steps, a CFG set
to 7, and a Denoising strength set to 0.7. All experiments in this
study were conducted on a single NVIDIA GeForce RTX 4090
and a single Quadro RTX 6000, using the Pytorch 2.1.0 deep
learning framework and CUDA 12.1.

5. Results and Discussion

To systematically evaluate model performance, we utilized
hierarchical captions to fine-tune multiple different text-to-
image algorithms, obtaining several remote sensing image
generation models. We then used different levels of captions as
prompts to generate remote sensing images. These results were
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compared against current state-of-the-art (SOTA) image
generation models to evaluate the difference in generated image

Scene

Element

Relation

Hierarchical
Caption

Hierarchy  Vanilla-SD RS-SD Fine-Tune Textual Inversion DreamBooth LoRA

quality between hierarchical captions and traditional single-
level captions.

Square

city, building,
ground vehicle,
house, motor
vehicle, scenery, car,
) tree, road, outdoors,
grassland, grass,
impervious surface,
crosswalk,
roundabout, pool.

A bird's eye view of
a roundabout in the
middle of a city

. with lots of
buildings around it.

» Ground Truth

Figure 3. Direct comparison of generated images using single-level captions and hierarchical captions as prompts.

Metric
Method Model Full Reference No Reference
PieAPP| LPIPS| GSHPS?T FID| Q-Align? CLIPScoret

Traditional 2.87 0.81 0.66 268.20 4.11 0.77
Vanilla-SD - - -
Hierarchical 2.73 0.82 0.64 279.89 4.25 0.77
RS-SD Traditional 2.70 0.77 0.63 321.63 2.63 0.69
Hierarchical 2.75 0.77 0.63 319.42 2.67 0.71

Table 1. Direct input of traditional single-level captions and hierarchical captions into existing text-to-image models. "Traditional"
represents traditional single-level caption, and "Hierarchical" represents hierarchical caption. Bold and underlined values indicate the

optimal result.

Metric
Method Model Full Reference No Reference
PieAPP| LPIPS| GSHPS?T FID| Q-Align? CLIPScore?t
. Traditional 3.08 0.70 0.84 240.28 3.06 0.74
Fine-Tune . .
Hierarchical 2.90 0.69 0.88 242.57 3.04 0.74
. Traditional 3.38 0.78 0.61 274.33 3.46 0.72
Textual Inversion . . - - -
Hierarchical 3.20 0.79 0.63 268.59 3.46 0.70
Traditional 3.26 0.72 0.82 213.59 1.66 0.73
DreamBooth
Hierarchical 2.80 0.68 0.88 202.44 1.84 0.76
LoRA Traditional 3.14 0.70 0.86 228.43 2.46 0.72
o

Hierarchical 2.51 0.67 0.92 205.59 2.81 0.75

Table 2. Fine-tuning existing algorithms with hierarchical captions,

captions into the fine-tuned text-to-image models. "Traditional"

and inputting traditional single-level captions and hierarchical
represents traditional single-level caption, and "Hierarchical"

represents hierarchical caption. Bold and underlined values indicate the optimal result.

Figure 3 clearly demonstrates the significant improvement in
generation quality afforded by hierarchical captions. Starting
with the scene concept, a concise word like "square" can
quickly generate the basic annular structure of a square but

often lacks detail and surroundings, as seen in the result from
the Fine-Tune model (row 1, column 3). Furthermore, results
like those in row 1, columns 1 and 6, still exhibit issues with
ambiguity. The introduction of geographical elements (e.g.,

This contribution has been peer-reviewed. The double-blind peer-review was conducted on the basis of the full paper.
https://doi.org/10.5194/isprs-annals-XI-3-2026-253-2026 | © Author(s) 2026. CC BY 4.0 License. 258



ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XI-3-2026
XXV ISPRS Congress 2026 “From Imagery to Understanding”, Commission Ill, 4-11 July 2026, Toronto, Canada

"cars, trees, buildings") can enrich the scene content, but may
result in unreasonable spatial layouts. The spatial relation
caption further enhances the structural accuracy of the image.
For instance, "4 bird's eye view of a roundabout in the middle of
a city with lots of buildings around it" significantly improves
the spatial structural accuracy, making the model aware that the
scene to be generated is not just a "square" but one that must
also contain a "roundabout". The stark difference between the
generated results from the second and third rows clearly
illustrates this conclusion. The hierarchical captioning method,
by integrating these three levels, not only preserves the overall
scene structure but also adds rich details and an accurate spatial
layout. This is fully embodied in the results from the LoRA
model in the final row, where we can observe a complete square
scene that is detail-rich, geospatially sound, and contains a large
roundabout with surrounding buildings and greenery.
Hierarchical captions combine the global perspective of scene
concepts, the rich detail of geographical elements, and the
precise layout of spatial relations, further enhancing the realism
and complexity of the generated image. This descriptive
approach effectively overcomes the limitations of single-level
captions, significantly improving the quality and diversity of
remote sensing image generation and offering a more
comprehensive and effective solution for the task.

To validate the effectiveness of the hierarchical captions, we
conducted a series of comparative experiments. First, as shown
in Table 1, we input hierarchical captions and traditional single-
level captions into text-to-image models without any fine-tuning.
The experimental results exposed a critical issue: when using
the traditional Vanilla-SD model, the hierarchical captions
performed worse than traditional captions, achieving optimal
results on only 3 of the 6 metrics, while traditional captions
secured 4. Our method was at a disadvantage, particularly on
the key FID metric (279.89 vs. 268.20). This strongly indicates
that for a model not specifically trained for it, our more
complex, information-rich, structured caption may instead
become a "burden", as the model cannot effectively parse its
hierarchical information. Interestingly, when using the RS-SD
model, which already possesses remote sensing domain
knowledge, the situation improved; hierarchical captions
achieved optimal results on 5 of the 6 metrics. This suggests
that the model's prior knowledge of the domain aids in
understanding our structured information.

As shown in Table 2, we fine-tuned various text-to-image
algorithms using the hierarchical captions. The results further
confirmed our hypothesis: not all fine-tuning methods can
effectively utilize these structured, hierarchical captions. After
standard Fine-Tune and Textual Inversion fine-tuning, the
performance of hierarchical captions remained unstable. For
example, with Fine-Tune, traditional captions still held an
advantage in FID (240.28 vs. 242.57) and Q-Align (3.06 vs.
3.04). With Textual Inversion, traditional captions won on 4 of
the 6 metrics. This series of negative results highlights a
limitation of our method: it places higher demands on the
decoding capability of the text-to-image model's text encoder.
However, when fine-tuning with DreamBooth and LoRA, the
potential of hierarchical captions was fully unleashed, achieving
optimal results on all six evaluation metrics. Using LoRA as an
example, hierarchical captions substantially optimized PieAPP
from 3.14 to 2.51, increased GSHPS from 0.86 to 0.92, and
significantly reduced FID from 228.43 to 205.59. These results
provide strong evidence that once a text-to-image model learns
to understand this structured, hierarchical input through fine-
tuning, it can guide the generation process more precisely and
comprehensively than traditional single-level captions, thereby

significantly enhancing the quality and fidelity of the generated
images.
6. Conclusion

This paper addresses the problem of insufficient control
precision in fine-grained remote sensing image generation with
diffusion models. We propose a fine-grained remote sensing
image generation method driven by expert knowledge and
hierarchical captions. This method deconstructs remote sensing
images into a hierarchical "element-relation-scene" structure
and injects this structure into the diffusion model's U-Net via a
novel encoding mechanism, significantly improving the
fineness and controllability of the generated results.

Our experimental results reveal a key finding: the effectiveness
of hierarchical captions is highly correlated with the fine-tuning
strategy employed. The key to unlocking the potential of these
structured captions lies in the synergistic adaptation between the
model and the captions. The study demonstrates that base
models without specific fine-tuning (such as Vanilla-SD or the
domain-aware RS-SD) struggle to effectively parse this
complex structured information, with generation results that are
sometimes inferior to those from traditional single-level
captions. However, when our method is combined with efficient
fine-tuning algorithms like LoRA or DreamBooth, its
performance is fully realized, achieving optimal results across
all six evaluation metrics. This strongly proves that after
specific training, a diffusion model can learn to decouple and
utilize this hierarchical semantic guidance, achieving precise
control from macroscopic layout to microscopic detail.

Despite its success, this work also reveals the method's
dependency on specific fine-tuning techniques (e.g., LoRA).
Future research should explore more robust conditional
injection architectures to reduce this dependency and to further
enhance the accuracy and robustness of the automated
hierarchical caption generation pipeline. Furthermore, applying
this hierarchical control framework to generation tasks in other
specialized domains, such as medical imaging or architectural
design, represents a valuable direction for future exploration.
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