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Abstract

Recent advances in controllable text-to-image (T2I) genera-
tion have achieved impressive results in natural images, but
remote sensing (RS) T2I generation remains challenging due
to the unique nature of geospatial data. Existing methods
struggle to integrate diverse spatial controls and model com-
plex spatial relationships, often failing to maintain seman-
tic consistency with typically vague or incomplete textual
descriptions. Moreover, limited by small-scale, low-quality
datasets, these models produce outputs with inconsistent lay-
outs and unrealistic content. To address these issues, we pro-
pose Any2RSI, a flexible framework for controllable RS T2I
generation. It features a Cross-Modal Multi-Control Adapter
that extracts modality-agnostic embeddings from heteroge-
neous spatial inputs, enabling precise spatial guidance. To
compensate for sparse or ambiguous text prompts, we intro-
duce a VLM-Empowered Enriched Description Generation
module that enhances input descriptions with cross-modal se-
mantics for more coherent T2I generation. Furthermore, we
present RST2I-110K, a dataset of over 115,000 high-quality
RS image-text pairs across diverse scenes, addressing the cur-
rent lack of semantically grounded textual annotations needed
for RS T2I generation. Any2RSI achieves state-of-the-art per-
formance on both existing and new datasets, improving the
realism and structural accuracy of generated RS imagery.

Code — https://github.com/House-yuyu/Any2RSI

Introduction

Remote sensing (RS) text-to-image (T2I) generation synthe-
sizes photorealistic RS images from textual descriptions of
geospatial scenes, transforming abstract semantics into vi-
sually coherent and spatially accurate imagery. By bridging
human language and machine-processable RS data, it en-
hances the interpretability and accessibility of geospatial in-
formation. With growing demand in applications such as en-
vironmental monitoring, urban planning, disaster response,
and agriculture (Li et al. 2025a, 2024b; Lu et al. 2023; Xu
et al. 2025; Li et al. 2025b; Himeur et al. 2022; Lu et al.
2024; Rong et al. 2025; Lu et al. 2025), RS T2I enables in-
tuitive data synthesis and scenario simulation through real-
istic, semantically meaningful image generation.
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(a) Coarse Description

“A baseball field is near some
green trees”

=

,@ Enriched Description

“The image is an aerial view of a baseball field. The infield is composed of a dirt area,
with the pitcher's mound centrally located and slightly elevated. The home plate area is
marked by a reddish-brown patch of dirt. The outfield is covered in grass and light poles
are visible. The top right corner features trees and some nearby infrastructure”
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Figure 1: This figure illustrates the difference in the impact
on generation performance between using rich descriptions
and the ability to fully utilize multiple control conditions
during the process of RS image generation.

However, existing RS T2I methods still face two ma-
jor limitations: 1) Data level: Current datasets suffer from
limited scale, low image quality, monotonous scenes, and
coarse textual descriptions, making it difficult to capture
complex geospatial patterns. 2) Method level: Despite ad-
vances in generation quality (Xu et al. 2023; Tang et al.
2024), most approaches fail to effectively integrate diverse
spatial controls (e.g., edges, segmentation masks). This rigid
control hinders modeling of spatial dependencies and syn-
ergistic interactions among geographic elements, leading
to structurally inconsistent layouts. As shown in Fig. 1(a),
models using coarse descriptions (e.g., from RSICD (Lu
et al. 2017)) produce semantically inconsistent results, such
as generating objects not mentioned in the text, due to
over-reliance on spatial constraints without sufficient tex-
tual grounding. Moreover, even with detailed descriptions
(Fig. 1(b)), methods that poorly fuse multiple control con-



ditions still generate suboptimal outputs. They struggle to
model synergies across control conditions and fail to achieve
cross-modal alignment between textual and spatial inputs,
resulting in comparatively poorer generation quality.

To address these challenges, we propose Any2RSI, a
controllable RS T2I generation method that improves con-
trol flexibility and semantic consistency. First, to enable
precise spatial guidance from heterogeneous control sig-
nals, we design the Cross-Modal Multi-Control Adapter
(CMMCA). This module extracts modality-agnostic embed-
dings through two complementary mechanisms: a Cross-
Modal Context Aggregation unit that aligns textual seman-
tics with visual queries via self-attention, and a Multi-
Control Cross-Attention unit that uses learnable queries to
fuse spatial cues from multiple control conditions. Second,
recognizing that RS textual prompts are often sparse or am-
biguous, we introduce a VLM-Empowered Enriched De-
scription Generation module that enhances input descrip-
tions with cross-modal semantics, yielding richer, more ac-
curate guidance. Third, to alleviate data scarcity, we present
RST2I-110K, a large-scale dataset of over 115,000 high-
quality image-text pairs across diverse scenes, expanding re-
sources for RS T2I generation research.

In summary, our main contributions are as follows:

* We propose Any2RSI, a controllable RS text-to-image
generation framework that supports the flexible combina-
tion of multiple spatial control conditions while ensuring
semantic consistency between text and image.

We design a Cross-Modal Multi-Control Adapter that in-
tegrates diverse spatial control signals through alternat-
ing cross-modal aggregation and attention mechanisms,
ensuring semantically coherent image generation.

We introduce a VLM-Empowered Enriched Description
Generation module that leverages detailed ground-object
descriptions as additional semantic guidance to further
refine the generation results.

Related Work
Text-to-Image Generation

Text-to-Image (T2I) generation, which synthesizes images
from textual descriptions, has evolved significantly. Early
GAN-based methods (Reed et al. 2016; Zhang et al. 2017)
achieved moderate resolution but suffered from training in-
stability. The advent of autoregressive models like DALL-E
(Ramesh et al. 2021) enabled strong zero-shot capabilities,
while diffusion models (Ho, Jain, and Abbeel 2020; Song,
Meng, and Ermon 2021; Rombach et al. 2022) have be-
come dominant due to their superior sample quality and flex-
ible conditioning mechanisms (e.g., cross-attention (Rom-
bach et al. 2022; Zhang et al. 2025a), latent-space modeling
(Huang et al. 2025; Zhang et al. 2025b, 2023)).

However, most T2I research focuses on natural images,
where semantics are object-centric and spatial layouts are
relatively unconstrained. In contrast, RS imagery involves
complex geospatial semantics, structured land-cover pat-
terns, and strict geometric relationships. Recent efforts have
begun adapting T2I to RS, such as hierarchical prototype
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learning for semantic alignment (Xu et al. 2023) and diffu-
sion frameworks (Khanna et al. 2024). Yet, these works still
rely heavily on text alone, which is often sparse or ambigu-
ous in describing spatial configurations.

Controllable Image Generation

To overcome the limitations of text-only guidance, control-
lable image generation incorporates auxiliary spatial condi-
tions (Avrahami et al. 2023) to enforce structural fidelity.
General-purpose frameworks like ControlNet (Zhang, Rao,
and Agrawala 2023) and GLIGEN (Li et al. 2023b) enable
flexible conditioning in natural image domains by injecting
control signals into diffusion backbones. Inspired by these
advances, unified multi-control models (Zhao et al. 2023;
Qin et al. 2023; Chen et al. 2025; Xiao et al. 2025; Wang
et al. 2025; Sun et al. 2024; Tan et al. 2025; Zhang et al.
2025c; Li et al. 2025¢; Pan et al. 2025) have emerged, al-
lowing a single network to handle diverse control types, im-
proving practicality for real-world applications. However,
these methods remain largely designed for natural scenes
and fail to account for RS-specific challenges, such as the
need for physically plausible rendering under environmental
constraints.

Recent efforts have begun adapting controllable genera-
tion to RS (Tang et al. 2024; Sastry et al. 2024; Goktepe
et al. 2025; Pang et al. 2025). For instance, while CRS-Diff
(Tang et al. 2024) enables controllable RS image genera-
tion by fusing text and spatial guidance in a diffusion model,
EcoMapper (Goktepe et al. 2025) generates satellite imagery
that reflects climatic conditions by conditioning on environ-
mental variables. However, these approaches lack a unified
mechanism to jointly model diverse spatial conditions in a
flexible and semantically consistent manner, and they ne-
glect the importance of rich textual semantics.

Remote Sensing Text-to-Image Datasets

In recent years, several datasets (Lu et al. 2017; Zhang et al.
2024; Cheng et al. 2022; Liu et al. 2025) have been intro-
duced to support RS T2I generation. Among them, RSICD
(Lu et al. 2017) is widely used but suffers from limited
scale, low-resolution imagery, and simplistic textual descrip-
tions with minimal fine-grained annotations. On the other
hand, Git-10M (Liu et al. 2025) provides a massive-scale
collection, yet its extreme size comes with high scene redun-
dancy. This not only increases computational overhead dur-
ing training but also dilutes semantic learning due to repeti-
tive or irrelevant samples. To overcome these issues, we in-
troduce RST2I-110K, a large-scale, multi-scene dataset de-
signed specifically for RS T2I generation. It contains over
115,000 high-quality image-text pairs with detailed descrip-
tions covering both global scene attributes and local object-
level information.

Methodology
Overview Pipeline

As shown in Fig. 2, Any2RSI comprises three core com-
ponents. First, the VLM-Empowered Enriched Descrip-
tion Generation (EDG) enhances input text by leveraging



Text embedding

d@— EDG »

Overall Framework

@ Time embedding
zZr 2t Z1
Denoisin, Denoisin, Denoisin,
Encoder g N — g L > > g o]
UNet €pr UNet 69,6 UNet 69,6 I” Decoder —™
+ 1 s 1 + 1 z
%o ) boow s 0
CMMCA & CMMCA & CMMCA
| Diffusion .E
s mEs mE s
[z1, 22,5 27] Cor Conditions €0, Conditions €0, Conditions

VLM-Empowered Enriched Description Generation (EDG)

Prompt-Guided Optimization (PGO)

Cross Modal Multi-Control Adapter (CMMCA) .
= = = = = Conditions

/ \ % Ty Interactive Attention Feature
! ! “The image shows an oval- Al OOoOoo@moo
1 1 shaped stadium with a S
1 ! rainbow-colored track /xL S

3
) . < ) encircling a green playing %CL IP Image T Multi-Control l— “mA o
' i ! { ) field, situated amidst urban Cross Attention
' . Scene Pri . Encod. S
: Scene Prompt :_, ‘\r.) —p  Surroundings with buildings LSSy ?gﬁ S :; N
V=5 “Stadium” Type 1 . and roads nearby” VAE Cross-Modal NI Pre-trained
! e v Decoder Context Aggregator SE Visual
' (‘om‘sc Description ¢ VLM l & S
=) : % t Cross-Modal n Encoder
1 ‘A large playground || CLIP Text Context A. t A ]
| issurround by many || Encoder ontext Aggregator *
! buildings” { Enriched 2t Vision Tokens
- ’ embedding Text Embedding Query Tokens

Figure 2: An overview of the proposed Any2RSI architecture. Any2RSI integrates three key components: (1) the EDG to enrich
sparse textual prompts with cross-modal semantics; (2) the PGO to refine intermediate outputs via CLIP-based alignment; and
(3) the CMMCA to fuse heterogeneous control signals through multi-control attention and cross-modal context aggregation.

cross-modal semantics from a VLM, producing richer and
more accurate descriptions to guide semantically coherent
image generation. Second, the Prompt-Guided Optimiza-
tion (PGO) improves text-image semantic alignment dur-
ing the diffusion process and mitigates early-stage devia-
tions caused by noise accumulation or unstable predictions.
Third, the Cross-Modal Multi-Control Adapter (CMMCA)
enables fine-grained spatial and semantic control through a
multi-level fusion architecture, using enhanced text to better
integrate heterogeneous control conditions. Together, these
components enable Any2RSI to effectively fuse diverse in-
puts and generate high-quality, semantically consistent RS
images under informative textual guidance.

VLM-Empowered Enriched Description
Generation

Manually constructing large-scale RS image-text datasets is
costly, time-consuming, and prone to inconsistencies due to
subjective interpretations. Moreover, the limited length of
human-written descriptions often results in vague or incom-
plete object annotations, compromising the authenticity and
richness of generated images. To address these issues and
improve generation quality, we propose EDG, which auto-
matically generates detailed and semantically rich descrip-
tions by leveraging cross-modal understanding and contex-
tual reasoning.

Specifically, we employ InternVL2.5-8B (Chen et al.
2024) to generate detailed and semantically rich descrip-
tions for given scene types. Given an input image x, orig-
inal coarse description 7', and a scene prompt P, (e.g.,
“stadium’), we design a structured prompting strategy that
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guides the model to identify not only the primary scene but
also salient objects, spatial layouts, environmental context,
and other visual attributes. This yields fine-grained, context-
aware descriptions that go beyond basic labeling, capturing
both global and local semantics. For existing datasets like
RSICD, which contain T', we use these captions as prompts
to generate enhanced descriptions via the VLM. In contrast,
for our newly constructed RST2I-110K, we directly gener-
ate high-quality annotations from scratch using EDG with-
out coarse description, eliminating reliance on low-quality
initial labels. The enriched descriptions are then encoded
into text embeddings using the CLIP text encoder. The entire
process can be described as:

¢ =VLM(P,,x,T), T.=or(c), )

where, ®7(-) denotes the CLIP text encoder. ¢’ and 7T, rep-
resent the enriched text and text embedding, respectively.

Prompt-Guided Optimization

Even with enriched textual descriptions, generated images
may drift from target semantics during diffusion, as most
models rely solely on the initial text embedding without en-
forcing semantic consistency at each denoising step. This
causes early errors to accumulate, resulting in misalignment
between the output and the intended description.

To enhance semantic alignment and mitigate early-stage
deviations, we introduce a CLIP-based generation loss at
diffusion time step t, integrating semantic guidance from
detailed textual descriptions throughout the generation pro-
cess. Unlike traditional methods that assess text-image
alignment only at the final output, our approach provides



dynamic feedback during the diffusion pipeline, ensuring in-
termediate results remain semantically consistent with the
input description. At step ¢, the latent representation z; is
decoded into the generation result Z; = D(z;) via VAE
decoder and optimize its CLIP-space distance to the target
text-image pair:

Ly =1-8(P7(), (), 2

here, ®7(-) denote the CLIP image encoder. S(-) represents
cosine similarity function.

Cross-Modal Multi-Control Adapter

RS T2I generation faces unique challenges: (1) Complex
Spatial Control Integration: Users often provide diverse, po-
tentially conflicting spatial controls that overlap in intricate
geographical regions (e.g., mountainous cities), making it
difficult to prioritize local signals. (2) Hierarchical Spatial
Structures: RSIs exhibit strong multi-scale characteristics
(e.g., cities, roads, buildings), requiring guidance at differ-
ent semantic levels. To address these, we propose CMMCA
that harmonizes any combination of spatial controls with
enriched textual guidance for RS T2I generation. The pro-
posed CMMCA using three token representations: (1) en-
riched text embedding 7., encoded from input text T' via
the CLIP text encoder; (2) query tokens @, implemented
as trainable vectors that enable dynamic cross-modal inter-
action; and (3) vision tokens V', extracted by a pre-trained
visual encoder from user-provided image-based spatial con-
trols.

Cross-Modal Context Aggregator. To resolve the ambi-
guity in prioritizing conflicting spatial control signals within
overlapping geographical regions, we propose a Cross-
Modal Context Aggregator. This module leverages the en-
riched text prompt as global semantic guidance to harmonize
the multi-control inputs, ensuring that the generated scene
adheres to the overall geographical context described in the
text. In this module, a task-specific text embedding is first
appended to the user-provided description before tokeniza-
tion, effectively bridging the modality gap across diverse
spatial conditions by embedding task-aware semantics into
the textual representation. Subsequently, the query tokens @
and text embedding T are then concatenated and processed
via self-attention at k-th Cross-Modal Context Aggregator:

Qri1, Trs1]) = Sel fAL.([Qy, Th)). 3)

The Self-attention enables query tokens to align semanti-
cally with user-control prompts by exchanging context with
text embedding. This cross-modal aggregator enables dy-
namic alignment and semantic grounding between visual
control signals and textual context, ensuring that the gen-
erated content remains globally coherent and contextually
consistent under complex multi-control settings.

Multi-Control Cross Attention. To ensure that all input
control conditions are semantically aligned and mutually
compatible, we employ Multi-Control Cross Attention that
facilitates interactions between the query tokens @ and the
vision tokens V' from all spatial control conditions.
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Given n spatial conditions in diverse modalities, we
first extract vision tokens V; for each condition C|
from the k-th block of a pre-trained visual encoder. Let
{V1k:Vak,..., Vy i} denote the collection of these vision
tokens across all spatial conditions at k-th block. The pro-
cess within the Multi-Control Cross Attention can be de-
scribed as:

Vik=Vir+P, @

Q; = CrossAtt. (Q;,[V'1,;,V 25, V'njl),  (5)
where P denotes a learnable position embedding added to
each V1, resulting in V’; x, which facilitates better align-
ment between query and vision tokens. As this, the spatial
conditions information embedded in the V' is transferred to

the Q.

To ensure effective information interaction and compat-
ibility among various control conditions, we introduce L
alternating Cross-Modal Context Aggregator and Multi-
Control Cross Attention modules. Furthermore, consider-
ing the inherent multi-scale nature of RS scenes (Zhang,
Rao, and Agrawala 2023), we adopt a multi-level vision to-
ken extraction strategy. In each training step, visual tokens
are extracted from different layers of the pre-trained visual
encoder, corresponding to different semantic levels. These
multi-level tokens from any provided spatial control condi-
tions are fed into the Multi-Control Cross Attention module.
This enables hierarchical modeling and guidance of spatial
structures, ensuring both global layout coherence and local
detail fidelity in the generated RSI.

- RST2I-110K

Figure 3: Examples of images from the RST2I-110K dataset.
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Figure 4: Visual comparison of our Any2RSI against other T2I methods on the RSICD test set.

Experiments
Experimental Setup

Datasets. We evaluate our method on both RSICD and
RST2I-110K datasets. RSICD contains 10,921 images
across 30 scene categories, each with five human-written
captions, using 8,734 pairs for training and 2,187 for test-
ing. To address limitations in scale and diversity, we build
RST2I-110K by integrating and reprocessing three author-
itative RS datasets: DOTA-V2.0 (Ding et al. 2021), DIOR
(Li et al. 2020), and FAST (Wang et al. 2023) (derived from
FAIRIM-2.0 (Sun et al. 2022)). The final dataset contains
115,200 curated image-text pairs (108,000 training, 7,200
test) with greater scene, object, and condition diversity. Each
image is paired with one high-quality description generated
by InternVL2.5-8B (Chen et al. 2024).

Evaluation Metrics. For text-to-image generation evalu-
ation, we use four standard metrics: 1) Fréchet Inception
Distance (FID) (Heusel et al. 2017), 2) Inception Score (IS)
(Salimans et al. 2016), 3) CLIP Score (Radford et al. 2021),
and 4) Zero-Shot Classification Overall Accuracy (OA) (Xu
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et al. 2023). Following Txt2Img-MHN, FID and IS are com-
puted using an Inception-v3 model (Szegedy et al. 2016)
fine-tuned on RSICD. The CLIP Score is evaluated using
a CLIP model similarly fine-tuned on the same dataset.

Implementation Details. We adopt Stable Diffusion v1.5
as the backbone of Any2RSI. The model is fine-tuned for
40K iterations using the AdamW optimizer with a learning
rate of 1 x 1075. For inference, we use the DDIM sam-
pler with 50 denoising steps and a classifier-free guidance
scale of 7.5. Following ControlNet, input images are con-
verted into multiple conditional representations, such as seg-
mentation masks, Canny edges, and HED maps (Xie and Tu
2015), using pre-trained annotator networks. The CMMCA
leverages 256 query tokens with shared position embed-
dings across spatial conditions for fine-grained feature ex-
traction, initialized from pre-trained QFormer weights (Li
et al. 2023a), while the queries and embeddings are ran-
domly initialized. All input and conditional images are re-
sized to 512x512 pixels. Experiments are conducted on
NVIDIA GeForce RTX 4090 GPUs with a batch size of 2.



Method | Source | Architecture | FID] |Inception Scoret|CLIP Score? | Zero-Shot OA+
Attn-GAN (Xu et al. 2018) CVPR’18 95.81 11.71 20.19 32.46
DAE-GAN (Ruan et al. 2021) ICCV’21 GAN-based 93.15 7.71 19.69 29.74
DF-GAN (Tao et al. 2022) CVPR’22 109.41 9.51 19.76 51.99
Lafite (Zhou et al. 2022) CVPR’22 74.11 10.70 22.52 49.37
DALL-E (Ramesh et al. 2021) ICML21 191.93 2.59 20.13 28.59
Txt2Img-MHN (VQVAE) (Xu et al. 2023) TIP’23 | Transformer-based | 175.36 3.51 21.35 41.46
Txt2Img-MHN (VQGAN) (Xu et al. 2023) TIP’23 102.44 5.99 20.27 65.72
SD 1.5 (Rombach et al. 2022) CVPR’22 113.25 12.31 20.04 51.96
SD 2.1 (Rombach et al. 2022) CVPR’22 91.27 12.84 20.41 54.25
GLIGEN (Li et al. 2023b) CVPR’23 80.11 13.52 19.87 57.76
ControlNet (Zhang, Rao, and Agrawala 2023) | ICCV’23 66.57 14.15 20.96 61.47
Uni-ControlNet (Zhao et al. 2023) NeurIPS’23 | Diffusion-based | 61.12 15.53 20.74 64.01
ControlNet++ (Li et al. 2024a) ECCV’24 51.23 16.18 20.92 68.33
CRS-Diff (Tang et al. 2024) TGRS’24 53.49 16.07 21.05 67.82
EasyControl (Zhang et al. 2025c) ICCV’25 48.71 16.37 21.49 71.28
Any2RSI (w/o EDG) — 44.05 16.54 21.63 71.89
Any2RSI (Ours) — 41.14 16.86 21.87 72.54

Table 1: Comparison of Any2RSI against baseline methods using four metrics: FID, Inception Score (IS), CLIP Score, and
Zero-Shot Classification OA on the RSICD test set. Any2RSI (w/o EDG) indicates that EDG is not used, and the original
coarse-grained texts are directly used as input. For fairness, all Diffusion-based methods have been retrained.

Method | HED | Camny | Seg. | HED+Canny | HED+Seg. | Canny+Seg. | HED+Canny+Seg.
| FIDY/SSIM{ | FIDY/SSIM{ | FID|/mloUt | FID| | FID}/mloUt | FIDy/mloUt |  FID|/mloUt
SD 1.5 119.33/0.325 | 113.25/0.604 | 128.74/0.281 - - - -
SD 2.1 100.39/0.357 | 91.27/0.629 | 107.98/0.309 - - - -
GLIGEN 84.27/0.395 | 80.11/0.619 | 87.65/0.334 - - - -
ControlNet 68.33/0.417 | 66.57/0.737 | 72.64/0.359 - - - -
Uni-ControlNet | 66.05/0.431 | 64.12/0.747 | 69.39/0.370 62.61 65.73/0.391 | 63.04/0.380 61.12/0.406
ControlNet++ 62.58/0.466 | 56.34/0.762 | 67.02/0.357 56.83 57.45/0.417 | 61.36/0.395 57.38/0.414
CRS-Diff 59.23/0.479 | 58.15/0.751 | 65.18/0.354 53.49 59.91/0.426 | 56.28/0.410 54.16/0.403
EasyControl 51.36/0.473 | 48.57/0.814 | 50.13/0.371 50.79 49.61/0.428 | 50.85/0.438 47.91/0.438
Any2RSI (Ours) | 43.75/0.491 | 41.52/0.824 | 46.25/0.365 42.26 44.07/0.410 | 43.51/0.427 41.14/0.451

Table 2: Results comparison of Any2RSI against other controllable T2I methods on the RSICD test set.

Method | FID{ | Inception Scoref | CLIP Scoret
GLIGEN 65.17 14.59 20.64
ControlNet 55.33 15.68 21.29
Uni-ControlNet | 50.62 15.94 21.51
ControlNet++ 49.28 16.13 21.13
CRS-Diff 46.61 16.42 21.34
EasyControl 41.03 16.90 21.81
Any2RSI (Ours) | 35.12 17.48 22.37

Table 3: Results comparison of Any2RSI against baseline
methods on the RST2I-110K test set with enriched text.

Controllable Text-to-Image Generation Results

Quantitative Analysis. As shown in Table 1, Any2RSI
achieves the best performance on all evaluated metrics, par-
ticularly with an FID of 41.14 and a zero-shot overall accu-
racy (OA) of 72.54%, outperforming existing state-of-the-
art methods. Diffusion-based models (e.g., ControlNet, Uni-
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ControlNet, CRS-Diff, and EasyControl) generally perform
well, reflecting their suitability for high-resolution and se-
mantically coherent generation. Transformer-based models
like DALL-E and Txt2Img variants also achieve competitive
results. In contrast, GAN-based methods (Attn-GAN, DAE-
GAN, DF-GAN, and Lafite) underperform across most met-
rics, likely due to training instability and mode collapse.
Moreover, a clear correlation exists between CLIP Score and
Zero-Shot OA, suggesting CLIP Score serves as a reliable
proxy for evaluating cross-modal consistency. Furthermore,
under multi-condition settings (Table 2), Any2RSI achieves
nearly the best performance across all metrics.

In addition to validation on RSICD, we evaluate Any2RSI
on the proposed RST2I-110K dataset. As shown in Ta-
ble 3, Any2RSI achieves the best FID score of 35.12, out-
performing ControlNet++ at 49.28, CRS-Diff at 48.61, and
EasyControl at 41.03, which indicates better preservation of
global structures and fine-grained details in complex scenes.
It also attains the highest Inception Score of 17.48, reflect-
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Figure 5: Visual comparison under multi-conditions and
single-condition settings.

ing strong visual fidelity and generative diversity. Notably,
Any2RSI achieves the best CLIP Score of 22.37, demon-
strating superior text-image alignment that is critical for ac-
curate semantic grounding in RS applications such as urban
planning and disaster simulation.

Qualitative Analysis. As shown in Figure 4, Any2RSI
achieves superior performance in RS image generation, par-
ticularly in semantic fidelity, structural coherence, and vi-
sual realism. Qualitative comparisons show that Any2RSI-
generated images closely resemble the ground truth across
diverse complex scenes, including dense residential ar-
eas, stadiums, harbors, farm, airports, and baseball fields.
The effectiveness of Any2RSI stems from its integration
of enriched textual descriptions and multiple control con-
ditions. By leveraging detailed captions with object-level
information and spatial relationships, the model receives
stronger semantic guidance than standard text inputs, en-
abling better understanding of fine-grained scene seman-
tics and more accurate outputs. Furthermore, as shown in
Figure 5, we present the generation results under differ-
ent single-condition and multi-condition controls, with three
images generated each time. The results demonstrate that
our method can maintain excellent and flexible generation
performance under various condition combinations.

Ablation Study

Effects of Different Components. As shown in Table 4,
ablation studies on Any2RSI start from a baseline with an
FID of 58.95 and an Inception Score of 15.02. Adding
any single component improves performance, and CMMCA
yields the strongest gain with an FID of 51.50 and an In-
ception Score of 16.30. Combining components further en-
hances results, and the full model achieves the best per-
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Index ‘ EDG PGO CMMCA ‘ FID] ISt
Baseline X X X 58.95 15.02
I v X X 53.13  15.87

II X v X 54.67 16.09
I X X v 51.50 16.30
v v v X 47.60 16.23
A% v X v 4552 16.67
VI X v v 44.05 16.54
Ours v v v 41.14 16.86

Table 4: Effectiveness of each component.

formance with an FID of 41.14 and an Inception Score of
16.86, demonstrating clear synergy among EDG, PGO, and
CMMCA.

Method | HED | Camny | Seg.
|FID] ISt |FID| IS |FID| ISt
w/o EDG 49.03 16.18 | 45.52 16.67 | 53.28 15.97
GPT-40 4523 16.71 | 42.69 1548 |49.17 16.25
LLaVA-1.5-7B | 46.26 16.97 | 43.09 16.33 | 50.17 15.92
Qwen2.5-VL-7B | 44.15 16.87 | 42.03 17.24 | 47.38 16.31
InternVL2.5-8B | 44.35 16.62 | 41.52 16.81|46.25 16.13

Table 5: Effectiveness of various VLMs.

Effects on Different Vision-Language Models. We
systematically evaluate the impact of different Vision-
Language Models (VLMs) on RS T2I generation by using
their outputs as textual conditions. As shown in Table 5, the
choice of VLM influences generation quality. Under HED
guidance, Qwen2.5-VL-7B (Bai et al. 2025) achieves the
best FID of 44.15, while LLaVA-1.5-7B (Liu et al. 2024)
obtains the highest Inception Score of 16.97. In the Canny
condition, InternVL2.5-8B (Chen et al. 2024) yields the best
FID of 41.52, and Qwen2.5-VL-7B attains the highest In-
ception Score of 17.24. For segmentation, all models ex-
hibit degraded performance, which is consistent with the
limited spatial guidance provided by segmentation maps in
relatively simple scenes. Notably, all VLM-based methods
outperform the baseline (w/o EDG), confirming their effec-
tiveness in enhancing text quality for RS T2I generation.

Conclusion

In this paper, we propose Any2RSI, a controllable RS
T2I generation method that improves con- trol flexibility
and semantic consistency. First, we design the CMMCA
to unify heterogeneous spatial conditions. Second, we in-
troduce EDG module to enrich textual prompts via cross-
modal semantics. Finally, we present RST2I-110K, a large-
scale dataset of over 115,000 high-quality image-text pairs
across diverse scenes, expanding resources for RS T2I gen-
eration research. Extensive experiments show that Any2RSI
achieves state-of-the-art performance on both existing and
new datasets, improving the realism and structural accuracy
of generated RS imagery.
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