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Abstract—With the increasing demand for terrain visualization
in many fields, such as augmented reality, virtual reality and geo-
graphic mapping, traditional terrain scene modeling methods en-
counter great challenges in processing efficiency, content realism
and semantic consistency. To address these challenges, we propose
a Text-Guided Arbitrary-Resolution Terrain Scene Generation
Network (TG-TSGNet), which contains a ConvMamba-VQGAN,
a Text Guidance Sub-network and an Arbitrary-Resolution
Image Super-Resolution Module (ARSRM). The ConvMamba-
VQGAN is built on top of the Conv-Based Local Representation
Block (CLRB) and the Mamba-Based Global Representation
Block (MGRB) that we design, to utilize local and global features.
Furthermore, the Text Guidance Sub-network comprises a text
encoder and a Text-Image Alignment Module (TIAM) for the
sake of incorporating textual semantics into image representation.
In addition, the ARSRM can be trained together with the
ConvMamba-VQGAN, to perform the task of image super-
resolution. To fulfill the text-guided terrain scene generation task,
we derive a set of textual descriptions for the 36,672 images across
the 38 categories of the Natural Terrain Scene Data Set (NTSD).
These descriptions can be used to train and test the TG-TSGNe
Experimental results show that the TG-TSGNet outperforms,
or at least performs comparably to, the baseline methods in
image realism and semantic consistency with proper efficiency.
We believe that the promising performance should be due to the
ability of the TG-TSGNet not only to capture both the local and
global characteristics and the semantics of terrain scenes, but
also to reduce the computational cost of image generation.

Index Terms—Text-to-image generation, terrain scenes, super-
resolution, Mamba, autoregressive models.

I. INTRODUCTION

ERRAIN scene images have a wide range of applications

in the fields of augmented reality [1], virtual reality
[2] and geographic mapping [3]. As one of the visually
impactful elements in natural scenes, terrains not only visu-
alize environmental characteristics but also play an important
role in the immersion and experience of observers. However,
the acquisition of natural terrain scene images faces many
challenges, particularly in complex geographic environments.
Due to the harsh geographic conditions and high equipment
costs, not only the acquisition of natural terrain scene images
is expensive, time-consuming, labor-intensive and even dan-
gerous, but also the coverage and resolution are often difficult
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Fig. 1. Examples of the terrain scene images generated by the TG-TSGNet
at various resolutions, such as 256x512, 300x400, 512x 1024, etc.

to satisfy the actual requirements, which makes collection
of a large number of high-quality terrain scene images very
difficult. Therefore, terrain scene image generation techniques
have become an alternative solution.

Traditional terrain image generation methods normally were
developed on top of fractal models [4] 5, 6] and physical
erosion models [[7, [8]. Although fractal models can efficiently
generate self-similar terrains using mathematical algorithms,
the images lack physical realism and diversity. In contrast,
physical erosion models are able to generate more realistic
terrain images by simulating natural erosion processes. How-
ever, the computational overhead of these models is more
expensive. In addition, the above methods suffer from limi-
tations in flexibility and cannot precisely control the specific
characteristics of the terrain in terms of the requirements of
users. As a result, the customized and controllable generation
demanded in practical applications is difficult to realize.

With the rapid advancement of deep learning techniques,
terrain images can be synthesized using deep image generation
methods [9] [12]). Although these methods can generate
more realistic and diverse terrain images by learning from a
large number of terrain images, they still encounter challenges,
such as high computational cost and fixed resolution. For
example, the Vector Quantized Generative Adversarial Net-
work (VQGAN) severely relies on the moving-window
sampling and decoding operation in order to generate a high-
resolution image, and is thus computationally inefficient.

Wang et al. introduced a Lightweight VQGAN, i.e.,



Lit-VQGAN, to address this problem using a super-resolution
network. However, this network cannot be end-to-end trained
with the Lit-VQGAN and cannot generate arbitrary-resolution
(see Fig. [[) images. As a result, inconsistent image quality
may be produced at different resolutions. In this situation, the
existing deep learning-based image generation methods are
probably not competent for generation of high-realism images.

On the other hand, the alignment between textual descrip-
tions and images is normally challenging for text-to-image
generation methods. For instance, Xu et al. [[13] proposed an
attention mechanism in order to improve text-image consis-
tency while it struggled with aligning fine-grained textual de-
tails with specific image regions. In [[14], semantic consistency
was enhanced without extra captioning modules. However,
complex spatial relationships that the text described were often
missed. Moreover, the DALL-E [[15] method tended to exhibit
semantic drift when handling complex textual descriptions.

To address the above challenges, we propose a Text-
Guided Arbitrary-Resolution Terrain Scene Generation Net-
work, referred to as TG-TSGNet. This network consists of
a ConvMamba-VQGAN, a Text Guidance Sub-network and
an Arbitrary-Resolution Image Super-Resolution Module (AR-
SRM). Specifically, the ConvMamba-VQGAN follows the
framework of the VQGAN [12]]. However, both the encoder
and decoder are built on top of the Conv-Based Local Repre-
sentation Block (CLRB) and Mamba-Based Global Represen-
tation Block (MGRB). The two blocks are designed to extract
local and global image features, respectively. Furthermore, the
Text Guidance Sub-network contains a pre-trained text encoder
and a Text-Image Alignment Module (TIAM), to inject textual
semantics into image representation. Moreover, we adopt the
ARSRM based on the Neural Operator [16] to overcome the
bottleneck of high-resolution image generation. In contrast
to the VQGAN [12] and Lit-VQGAN [10], our TG-TSGNet
not only discards inefficient moving-window sampling and
decoding by realizing end-to-end arbitrary—resolutiorﬂ gener-
ation (see Fig. [I), but also captures both the local and global
characteristics and the semantics of terrain scenes.

We further augment the Natural Terrain Scene Data Set
(NTSD) [10] with a set of textual descriptions, namely, NTSD-
TD, to fulfill the text-image terrain scene generation task. This
data set associates each of the 36,672 real-world terrain scene
images with a deliberately crafted textual description. Due to
these high-quality terrain-specific descriptions, the utility of
the NTSD for cross-modal learning becomes practical.

To our knowledge, terrain scene generation has not been
performed using such a text-guided arbitrary-resolution gen-
eration manner. The contributions of this research can be
summarized as fourfold.

o We introduce a Text-Guided Arbitrary-Resolution Terrain
Scene Generation Network, i.e., TG-TSGNet. In par-
ticular, an Arbitrary-Resolution Image Super-Resolution
Module (ARSRM) is adopted for the sake of generat-
ing images at various resolutions. Compared with the
baseline methods, the TG-TSGNet can generate arbitrary-

>The term “arbitrary-resolution” used in this paper refers to the ability to
generate images at various resolutions under the ideal hardware configurations.

resolution images with the higher, or at least comparable,
realism and semantic consistency at a proper computa-
tional cost.

e« We build a ConvMamba-VQGAN on the basis of the
Conv-Based Local Representation Block (CLRB) and
the Mamba-Based Global Representation Block (MGRB).
Both the blocks enable this network to efficiently learn
local features and long-range dependencies of terrain
scenes, respectively. As a result, the model trained is able
to capture complicated terrain characteristics.

o To align text semantics and image characteristics, we
design a Text-Image Alignment Module (TIAM). By
combining the self-attention mechanism with Mamba,
this module not only models the joint distribution of texts
and images, but also reduces the number of parameters
and computational complexity.

e We build a Natural Terrain Scene Textual Description
Data Set, namely, NTSD-TD. This data set contains
high-quality textual descriptions for the 36,672 terrain
scene images, allowing the text-to-image terrain scene
generation task to become a reality.

The structure of this paper is organized as follows. In
Section we review the related literature. Our textual de-
scription data set is introduced in Section [[TI} In Section [IV]
the proposed TG-TSGNet is presented. The experimental setup
and results are introduced in Sections [V] and respectively.
Finally, we draw our conclusion in Section [VII

II. RELATED WORK

A. Text-to-Image Generation

Many methods were introduced for text-to-image genera-
tion, aiming at generating images that accurately reflect the
meaning of a given textual description. As the first method
designed to generate images from natural language, Align-
DRAW [17] evolved from the text-conditional GAN [18]],
which were followed by more studies [19} 20]. Autoregressive
(AR) model-based approaches, e.g., DALL-E [15] and Pixart-
o [L1]], typically used a sequence-to-sequence generation man-
ner to gradually predict pixels or latent codes of an image,
which achieved precise text-to-image parsing and realistic
image generation. Recently, Diffusion Models (DMs), such as
Stable Diffusion [9], GLIDE [21] and DALL-E2 [22], have
attracted attention due to the stepwise generation process.
These methods controlled text conditioning using a pre-trained
text encoder and flexibly manipulated the generated content by
introducing negative prompts and multi-modal conditioning.
To improve scalability and representation ability, Mamba and
wavelet transforms were used in conjunction with diffusion
models [23]].

None of the aforementioned methods were focused on text-
to-image generation of natural terrain scenes. To fulfill this
task, we derived the NTSD-TD for the 36,672 real-world ter-
rain scene images [10]. Those methods normally suffered from
high computational complexity and lack of arbitrary-resolution
generation ability. In contrast, our TG-TSGNet avoids the
inefficient moving-window generation operation and supports



arbitrary-resolution image generation by introducing the AR-
SRM. In addition, we designed the TIAM, which produced
the higher semantic consistency between textual descriptions
and images, compared to the existing methods.

B. Latent Space-Based Generation

Typically, latent space-based generation methods were
adopted on top of a two-stage strategy [9, [15, 24, 23].
The Vector Quantized Variational Autoencoder (VQVAE) [26]]
pioneered this strategy to learn discrete representations of
images. The VQVAE-2 enhanced the ability to model
complex structures by designing a hierarchical latent space.
In [12]], the VQGAN was introduced on the basis of VQVAE,
to optimize the latent representation using both the combating
loss and perceptual loss functions. However, the moving-
window sampling and decoding operation was computationally
inefficient. To address this issue, Razavi et al. proposed
a Masked Generative Image Transformer (MaskGIT) using
a two-way Transformer instead of the AR model. Li et al.
[28] further introduced a pure Mamba-based autoregressive
framework, i.e., Scalable Autoregressive Image Generation
with Mamba (AiM), for scalable image generation. This mod-
ification improved the efficiency of the generation operation.

Progressive generation using diffusion models has also been
integrated into two-stage approaches. In [29]], the diffusion
process was modeled in the latent space for the VQ-Diffusion
model, which enabled precise control over the details of the
images generated while improving the quality of these images.
The Latent Diffusion Model (LDM) [9] conducted diffusion
modeling in the continuous latent space, which reduced com-
putational cost and could generate higher-resolution images.
In contrast, the control conditions of the pre-trained model
was incorporated into the latent space for the ControlNet [30].
Nevertheless, the depth of exploration and interpretability of
the latent space were still poor.

Compared with these methods, the ConvMamba-VQGAN
included in the proposed TG-TSGNet is able to learn discrete
representations of images by integrating both local and global
features, which enhances the quality of image reconstruc-
tion. Besides, the ARSRM enables end-to-end super-resolution
without relying on the computationally intensive moving-
window generation, thereby achieving the more flexible and
efficient arbitrary-resolution generation.

C. Implicit Neural Representations for Super-Resolution

Image Super-Resolution (SR) aims to recover high-
resolution images from a low-resolution image. Arbitrary-
resolution image super-resolution approaches were developed
on top of interpolation [31]], meta-learning [32], dynamic con-
volution and implicit neural representations [33].
Since implicit neural representations could map discrete values
to continuous representations, they were applied to modeling
the shape and appearance of 3D objects. Compared to discrete
representations, continuous implicit representations capture
fine shape details with fewer parameters.

Inspired by this finding, implicit neural representations were
introduced into the Local Implicit Image Function (LIIF) [16].
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Fig. 2. Twelve images contained in the NTSD [10] and the corresponding
textual descriptions that we annotated in this study. It can be seen that diverse
terrain categories and concise, accurate textual descriptions are included in the
NTSD [10] and NTSD-TD, respectively.

This function achieved continuous representation by mapping
the discrete pixel values to continuous values. Consequently,
the LIIF realized arbitrary-resolution image super-resolution.
In [34], the spatial coding technique was proposed, which
improved the accuracy of high-frequency texture prediction.
Lee and Jin designed a Local Texture Estimator (LTE)
by bringing together a frequency estimation module, allowing
implicit functions to capture high-frequency details. In [33],
implicit neural representation was inserted into the Super-
Resolution-Neural-Operator (SRNO) for high-frequency tex-
ture and edge processing.

In contrast, we adopted the ARSRM by integrating the
multi-scale features extracted using the encoder with the neural
operator, which enhanced the ability to capture image details.
In addition, the ARSRM can be jointly trained with the
ConvMamba-VQGAN, which optimizes the parameters of the
encoder with regard to the generation and super-resolution
tasks. Therefore, the performance of both the tasks conducted
using our TG-TSGNet is further improved.

III. NATURAL TERRAIN SCENE TEXTUAL DESCRIPTION
DATA SET

This study was focused on generating images of the nat-
ural terrain scene in terms of a textual description. To our
knowledge, however, there is not a publicly available terrain
text-image pair data set. The scarcity of such a data set poses a
challenge to the task of text-to-image terrain scene generation.
To overcome this challenge, we deliberately derived a set
of textual descriptions for the 36,672 images included in
the Natural Terrain Scene Data Set (NTSD) [10]. (Refer to
Fig. 2] for examples). This data set is referred to as Natural
Terrain Scene Textual Description Data Set, or NTSD-TD for
short. Since the NTSD-TD provides terrain-specific textual
annotations, text-image alignment can be learned using them,
which supports the text-to-image terrain scene generation task.



TABLE I
THE 38 TERRAIN CATEGORIES OF THE NTSD [[10]] AND THE NUMBER OF
THE IMAGES CONTAINED IN EACH CATEGORY.

Terrain Number of Terrain Number of Terrain Number of
Category Images Category Images Category Images
Adarce 1,182 Coast 1,017 Glacier 1,041
Beach 920 Coniferous Forest 963 Islands 935
Canyon 899 Danxia 1,017 Lake 1,118
Cavern 1,204 Desert 1,002 Loess Plateau 817
Earth Forest 861 Farmland 1,018 Mangrove 1,812
Flowerland 1,032 Meander 858 Mountain 880
Qasis 824 Peak Forest Plain 1,210 Prairie 830
Pier 868 Rainforest 849 Reef 1,033
River 774 Saline Soil 508 Sandbar 718
Sand Dunes 807 Sands 1,091 Sea 1,027
Snow Mountain 864 Snowfield 1,074 Stone Forest 815
Terrace 1,168 Volcano 945 Waterfall 1,001
Wetland 925 Yardang 705
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Fig. 3. Four terrain scene images contained in the NTSD [10], each of which
is followed by two textural descriptions. The top description is generated using
the OFA [36] model. The bottom description is further optimized to obtain
the more consistent meaning with the scene, in which the red font indicates
the details that have been appended while the blue font indicates the text that
has been modified.

A. Natural Terrain Scene Data Set

The images used in this study were directly sourced from the
NTSD [10], which covered a wide variety of land and oceanic
terrains, e.g., Desert, Glacier and Pier, and unique landforms,
e.g., Danxia and Yadan. They were divided into 38 categories.
The details of these categories and the number of each
category are shown in Table I} In contrast to aerial or satellite
data sets, the NTSD [10]] contains ground-level photographs
that capture intricate details of terrain morphology, lighting
and contextual characteristics. These details are crucial for
generating realistic terrain scenes from a textual description.
In Fig. |2} an image of 12 categories is presented along with
the textual description.

B. Annotation and Optimization of Textual Descriptions

To support text-image cross-modal learning, we first used
the pre-trained OFA [36] model to generate a raw textual
description for each image. Then we inspected whether or
not each description accurately described the content of the
associated image by manual screening. It was found that the
generated descriptions often suffered from problems, such as
hallucination and omission of the background information.

We further manually optimized each textual description in
order to guarantee that it matched the scene in semantics. We
also modified the descriptions using some terrain terminolo-
gies for the sake of ensuring that they accurately reflected the
terrain categories, geographic characteristics, subject-object
landscapes and other key elements shown in the images. Fi-
nally, the optimized textual descriptions have an average length

of 9.59 words, with a vocabulary size of 2,563 unique words.
In terms of four terrain scene images [10], the descriptions
generated using the OFA [36] model and those optimized by
the authors are compared in Fig. [3] While maintaining the
conciseness of the text, we managed to retain the transmission
of information. Thus, high-quality textual descriptions were
derived which can be used for cross-modal learning.

IV. TEXT-GUIDED ARBITRARY-RESOLUTION TERRAIN
SCENE GENERATION NETWORK

With regard to existing image generation methods, the
computational cost is usually very high while images are gen-
erated at a fixed resolution. Since this study aims to generate
realistic terrain scene images from a textual description, image
realism and the modality gap between textual descriptions
and terrain images are also challenging. To address the above
challenges, we introduce a Text-Guided Arbitrary-Resolution
Terrain Scene Generation Network, referred to as TG-TSGNet,
motivated by the two-stage strategy [12l [26]]. This network
comprises a ConvMamba-VQGAN, a Text Guidance Sub-
network and an Arbitrary-Resolution Image Super-Resolution
Module (ARSRM). In particular, the ARSRM is designed for
the sake of reducing the computational cost of the generation
process. Compared with the two-stage methods [12] that re-
peatedly perform sampling and decoding in a moving-window
manner, our TG-TSGNet only runs this operation once and
then uses the ARSRM to generate an image at the arbitrary
resolution. Fig. [ shows the pipeline of the TG-TSGNet.

A. ConvMamba-VQGAN

Inspired by the success that the VQGAN [12] has achieved,
we introduce a ConvMamba-VQGAN, which consists of a
ConvMamba-VQVAE and a discriminator. The architecture of
the ConvMamba-VQGAN is presented in Fig. [5[a).

1) ConvMamba-VQVAE: The ConvMamba-VQVAE in-
cludes an encoder, a Vector Quantization (VQ) module and
a decoder. The encoder comprises a Conv-Based Local Rep-
resentation Block (CLRB) and four consecutive Mamba-Based
Global Representation Blocks (MGRBs). Similarly, the de-
coder contains four MGRBs and one CLRB symmetrically.
Within the bottleneck, there is the VQ module.

Conv-Based Local Representation Block. To effectively
extract local features from terrain scene images, we design a
lightweight Conv-Based Local Representation Block (CLRB),
as illustrated in Fig. [5|b). This block consists of a depthwise
separable convolution sub-block and a Multilayer Perceptron
(MLP) sub-block. Each sub-block has a residual connection.
The CLRB can be formulated as follows:

F! = Convixi (DWConv (Conviy; (FY))) + EFL, (1)
Fi=MLP (F2) + F, 2)

where F! denotes the feature maps fed into the i-th CLRB

and FC’ represents the feature maps produced by this CLRB.
Compared with the convolutional blocks that the VQGAN [12]]
utilizes, the CLRB contains fewer parameters.
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Mamba-Based Global Representation Block. Since ter-
rain scene images normally manifest large-scale topological
structure, long-range dependencies are particularly useful for
representation of these images. However, the encoder and de-
coder of the VQGAN [12] only comprise convolutional layers,
which cannot capture long-range dependencies well. Although
Transformer can utilize these data, the computational cost is
high. Recently, Mamba [37]], designed based on the Structured
State Space Sequence (S4) model, has attracted the attention
of researchers, as it addresses the limitations of Transformer
in computational complexity and long sequence modeling. Liu
et al. [38]] further extended it to Vision Mamba, which showed
the ability to capture global spatial dependencies.

To efficiently capture long-range dependencies, we adopt
a Mamba-Based Global Representation Block (MGRB) (see
Fig. [5c)) inspired by the existing work [39]. The MGRB
contains a Variable State Space Module (VSSM) [38] and a
Channel Attention Block (CAB) [40], along with two residual
connections, respectively. Since a single VSSM may lead to
the problem of local pixel forgetting and channel redundancy
[38], the CAB is used to recover local characteristics. The
MGRB can be expressed as follows:

an = LayerNorm (ﬁ’j) + VSSM (LayerNorm (léj)) , 3
FJ, = Convix (LayerNorm (Fg@))

+ CAB (Conle 1 (LayerNorm (Fﬂn) )) , “)

where FJ, represents the feature maps produced by the j-th
MGRB.

Vector Quantization. We use the discrete representation
learning method which has been utilized in the VQVAE [26].
The input image z is fed into the encoder. The result is a set of
feature vectors, denoted as F' = [F, Fy, F3,--- , Fy]. Then
each feature vector I}, is mapped to the closest code T, in the
terrain codebook (i.e., Terrainbook or Bre,rain), t0 Obtain a

quantized code sequence I, which can be expressed as:

I=VQ(F) :=argming cpp cp, |F,~T,l. ()

As a result, each terrain image is uniquely represented
by a sequence of codes of length N, denoted as I =
[I1,15,13,- -+ ,IN] (I, € Brerrain)- To reconstruct the image,
I is passed to the decoder Dec(-), which can be written as:

= Dec(I). (6)

2) Discriminator: The patch-based discriminator [41] that
Esser et al. [12] used for the VQGAN is utilized, which
aims to distinguish reconstructed images from real images.
The discriminator learns the subtle differences between the
real and reconstructed images by performing a patch-level
analysis on the input images. Therefore, the accuracy of image
reconstruction is improved.

B. Text Guidance Sub-network

The Text Guidance Sub-network comprises a text encoder
and a Text-Image Alignment Module (TIAM). This sub-
network extracts text tokens from the textual description and
aligns these with the quantized codes, to guide the image
generation process using the semantics of the description.

1) Text Encoder: In [42], it was found that the pre-trained
Byte Pair Encoding (BPE) model improved the generalization
of unregistered words. In addition, this model does not depend
on specific language rules and has good linguistic generality,
which makes it suit text encoding tasks. Therefore, we utilize
the pre-trained BPE model as the text encoder. Given a textual
description, it is sent to this encoder. The result is a token
sequence of length M, denoted as T = [T1,T%, 15, , Th]-

2) Text-Image Alignment Module: Since the text token and
image code sequences lie in different feature spaces, a text-
image alignment operation is necessary. To establish a seman-
tic consistency between the token and code sequences, we treat
this operation as an autoregressive problem. Transformer has
been widely applied to autoregressive modeling because it can



Real/Fake

P
I ConvMamba-VQGAN

| 7 Terrainbook

! :

I 2

I 3

! =

L — '

| o3 ﬂ Quantization

| | — —>| ol E—
|

|

|

|

|

|

Conv 1<1
DWConv
MLP

LayerNorm

——_— e e~

CLRB (b)

MGREB (¢)

Fig. 5. The architecture of the ConvMamba-VQGAN (a), which comprises a

J

H—

Integral
Integral

\
|
|
|
|
|

|
|
|
|
|
|
\

-

ARSRM (d)

ConvMamba-VQVAE and a discriminator. The encoder and decoder are built

using the Conv-Based Local Representation Block (CLRB) (b) and Mamba-Based Global Representation Block (MGRB) (c). An Arbitrary-Resolution Image
Super-Resolution Module (ARSRM) (d) is also adopted based on the Neural Operator [16], to reduce the computational cost of the generation process.

capture long-range dependencies. However, the self-attention
mechanism that Transformer utilizes suffers from the quadratic
complexity with respect to the length of sequences.

Although recent studies [43| 44] addressed this issue by
sparsifying the attention matrix, applying low-rank approxi-
mations or using linear projections, they often compromised
alignment accuracy due to the limited context modeling ability.
In contrast, Mamba [37]] avoids the explicit computation of the
global attention matrix and achieves a linear computational
complexity in terms of the length of sequences. We are moti-
vated to propose the Text-Image Alignment Module (TIAM)
(Fig. ). This module brings together the self-attention mech-
anism and Mamba [37], to achieve a proper trade-off between
the accuracy of alignment and computational complexity.

To encode the relative and absolute position data, we use
Rotary Position Embedding (RoPE) [45] to embed the position
data of the image code sequence I and the text token sequence
T. They are concatenated into a single sequence, denoted as:

z € RY, (7)

The sequence Z is first passed through the Multi-head Self-
attention (MHSA) layer, to capture long-range dependencies.
The output is then processed using a Layer Normalization
(LN) unit. For the purpose of capturing the sequential structure
and facilitating precise semantic alignment, the output of the
LN unit is further fed into a Mamba layer. Due to the causality
constraints required in the autoregressive generation process,
we utilize the unidirectional Mamba. This choice ensures the
validity and consistency of the sequence generation.

In contrast to modeling long-range dependencies using self-
attention alone, which may suffer from the context dilution
issue [46], the joint use of Mamba enables the more effec-
tive retention of the historical context through its continuous
state update mechanism. Hence, the TIAM exploits both the
merit of self-attention in capturing cross-modal long-range
dependencies and the strength of Mamba in modeling long

Z = [213227"' aZN-‘rM]a

sequences. As a result, it can achieve high alignment accuracy
while keeping a relatively small number of parameters when
processing long sequences. Finally, a sequence of aligned
tokens, i.e., I' = [I1, 1,15, -+ , Iy, is produced, which can
be fed into the image decoder to generate an image.

C. Arbitrary-Resolution Image Super-Resolution Module

To overcome the challenge of high computational complex-
ity that two-stage methods [12] normally encounter, we apply
image super-resolution to the generation process. This choice
avoids computationally intensive moving-window sampling
and decoding. As existing super-resolution methods [32} [33]]
typically process discrete pixels, the model cannot produce an
arbitrary-resolution image. A solution is to learn the mapping
from the Low-Resolution (LR) image to the High-Resolution
(HR) image. To this end, we use the Neural Operator [16]
to convert an image from the discrete pixel matrix into a
continuous representation. This process can be expressed as:

So H(er) —H (Qhr)a (3)
where Sy denotes a Neural Operator parameterized by 6, and
H(Qy,) and H () represent the functions of continuous
representations defined over the LR and HR domains, i.e., €2,
and .., respectively.

On top of the Neural Operator, we adopt an Arbitrary-
Resolution Image Super-Resolution Module (ARSRM) (see
Fig. Ekd)), which contains three convolutional layers, an in-
terpolation layer and two integral layers. Given an image z,
the multi-scale features extracted at the image encoder are
fused via the convolutional layers. Due to the multi-scale
representation, the richer image characteristics can be captured
by the ARSRM. The fused features Enc,, () are then fed into
the interpolation and integral layers. The interpolation layer is
used to construct a continuous representation while the integral



layer aims to learn the mapping relationship between the LR
and HR images. The final HR image x g is obtained as:

THR = Tup + ARSRM (Enc,(z)), ©

where Z,, is the coarse HR image obtained by upsampling
the generated image and ARSRM (Enc,(x)) is the super-
resolution image. The fusion of the two HR images restores
high-frequency details and ensures global consistency.

D. Model Training

The training operation of the TG-TSGNet is performed in
two steps. During the first step, both the ConvMamba-VQGAN
and ARSRM are end-to-end trained. The loss function of the
ConvMamba-VQGAN consists of three components, including
the reconstruction loss, perceptual loss and adversarial loss.
These loss functions are defined as:

LRee = |z — 2|°, (10)

Lper =Y Mlpi(x) — @u(@)]3, (1D
l

LAdv = logD(:U) + 1Og(1 - D(i))a (12)

respectively, where ;(z) and ¢;(Z) are the features extracted

at the [-th layer of the pre-trained VGG-VD-16 [47] model,

A is the weighting factor, and D(-) denotes the discriminator.
The loss of the ConvMamba-VQGAN is defined as:

LGAN = LRec + LPer + /\LAdv

+llsg (F) =I5+ lsg (I) = Fll3,  (13)

where sg [-] denotes the stop-gradient operation, and \ repre-
sents an adaptive weight, which is defined as:

_ VG (LRec + LPer)
VL adw ’

|lsg (F) — I||> updates the parameters of Terrainbook, and
lsg (I) — F||5 compensates for the backpropagation using the
straight-through gradient estimator. On the other hand, the
ARSRM uses the L7 loss function.

Hence, the loss function used in the first step is defined as:

Lpirst = BLgan + (1 — B) Ly, (15)

where [ is the weighting coefficient that regulates the balance
between the two components. Both the ConvMamba-VQGAN
and ARSRM will be jointly trained using this loss function.

Within the second step, the Text Guidance Sub-network is
trained with the weights in the encoder, decoder, Terrainbook
and ARSRM are frozen. Given the text sequence 7', the text-
image alignment task is considered an autoregressive problem.
Its objective is to maximize the conditional log-likelihood of
the predicted image code sequence I':

A

(14)

N+M
max log P(I' | T) = > log P(I{ | I.;,T),  (16)
t=1
where P (I'; |I' <+, T) denotes the probability for prediction
of I’; based on the preceding image codes and text tokens. To
fulfill this objective, we use the Mean Squared Error (MSE)

as the training loss to minimize the discrepancy between the
predicted code sequence I’ and the original code sequence I:

. 1 N+M ) )
mse = 57 2o e =Ll (17)
t=1

Once the training operation of the Text Guidance Sub-network
is complete, it can be used to align the image code sequence
and the text token sequence.

E. Model Inference

During the inference process, only a textual description is
received, from which a sequence of text tokens 7T is extracted.
The sequence processed by RoPE [45] is concatenated with an
empty image code sequence before being fed into the TIAM.
The prediction of I’ is performed code by code. At each time,
the most likely next code is computed using the TIAM. The
Temperature Sampling strategy [48] is used to ensure that
the resulting code sequence matches the data distribution and
maintains a certain level of diversity based on the existing
image codes and text tokens. This operation is iterated until a
complete code sequence has been produced. The sequence is
sent to the decoder and a new image is generated.

To derive an arbitrary-resolution image, the new image is
resized to the desired resolution. This image is also fed into the
ARSRM and an image at the desired resolution is predicted.
Both images are fused using the element-wise addition op-
eration. In essence, the predicted image compensates for the
missing high-frequency details. As a result, a higher-quality
image is derived at the desired resolution.

V. EXPERIMENTAL SETUP

In this section, we present the data set, evaluation metrics
and implementation details involved in our experiments.

A. Data Set

Within the first step of the training process, only the Natural
Terrain Scene Data Set (NTSD) [10]] was used. Both the NTSD
and our NTSD-TD were utilized in the second step of the train-
ing process. Two thirds of the images and textual descriptions
contained in both data sets were randomly selected from each
category as the training data, while the remaining data was
employed as the test data. In total, the training set contained
24,437 pairs of textual descriptions and images, and the test
set comprised 12,235 pairs. Note that category labels were not
utilized. All the training images were resized to a resolution
of 256x256 pixels. They were pre-processed using the same
procedure as that used for the VQGAN [12].

B. Evaluation Metrics

We used six evaluation metrics, including Fréchet Inception
Distance (FID) [49]], Inception Score (IS) [S0]], No-Reference
Image Quality Assessment (NIQE) [51]], Zero-Shot Classifi-
cation Overall Accuracy (Zero-Shot Classification OA) [52],
Visual-Question-Answering (VQA) Score [53] and Human
Preference Score v2 (HPSv2.1) [54]. These metrics were



computed across the test set in the case that 256256 images
were generated, if not specified.

Both FID and IS were used to evaluate the quality of
images generated. The Inception-V3 [S5] model pre-trained on
the NTSD [10] was used for these metrics. NIQE evaluated
the naturalness and realism of images by comparing their
statistical features with a predefined distribution of natural
images. Both Zero-Shot Classification OA and VQA Score
were used to assess the semantic consistency between textual
descriptions and images. Regarding the Zero-Shot Classifi-
cation OA metric, we trained ResNet-18 [56] using 12,235
generated images and performed zero-shot classification on
36,672 real images. Considering that the text encoder of CLIP
[57] can act as a “Bag of Words” [53]], we used a VQA model
to produce an alignment score. In addition, HPSv2.1 was used
to evaluate text-image alignment by averaging the scores com-
puted between each generated image and the associated textual
description, providing a measure of semantic consistency.

C. Implementation Details

During the first training step, we used the Adam optimizer
with an initial learning rate of 4.5e-6, where §; and (5, were
set to 0.5 and 0.9, respectively. The Terrainbook contained
1,024 codes. We set the weighting coefficient, 3, to 0.6. The
batch size was set to 4. The training operation was conducted
on two GeForce RTX 3090 GPUs for 200 epochs. During the
second training step, the settings of the optimizer were kept
unchanged. The number of text tokens, M, was set to 256. We
set the batch size to 32. The training operation was carried out
on a single GeForce RTX 4090 GPU for 150 epochs.

VI. EXPERIMENTAL RESULTS

In this section, we report the results obtained in the quanti-
tative evaluation, qualitative evaluation, performance analysis
and ablation study.

A. Quantitative Evaluation

To assess the effectiveness of the proposed method, we
used 12 state-of-the-art text-to-image generation networks as
baselines, including Lafite 58], GALIP [59], Attn-GAN [25]],
DF-GAN [42], DM-GAN [37], U-ViT [60], Dimba [61],
Pixart-o [11], VQGAN-CLIP [62]], DALL-E [15], Txt2Img-
MHN [52]] and Infinity [63l]. These baselines were designed
on top of Diffusion Models (DMs), GAN and Autoregressive
(AR) models. For the purpose of fair comparison, all the
networks were trained on the NTSD [10] and our NTSD-TD
by following the setup and hyperparameters described in the
original publications.

As shown in Table our method achieved the best
performance in terms of the FID [49], NIQE [51], Zero-
Shot Classification OA metrics [52, 58] and HPSv2.1 [54].
It is indicated that our method produced the better semantic
consistency and visual quality, compared with its counterparts.
With regard to the IS [50] and VQA Score [53|] metrics, the
proposed method derived the third and fourth best results,
respectively. It should be noted that the TG-TSGNet outper-
formed the other AR-based methods. Regarding the terrain

TABLE II
COMPARISON BETWEEN OUR METHOD AND 12 BASELINES ON TERRAIN
SCENE GENERATION IN TERMS OF FIVE EVALUATION METRICS. FOR EACH
METRIC, THE BEST, SECOND BEST AND THIRD BEST RESULTS ARE
HIGHLIGHTED IN RED, Cyan AND BLUE FONTS, RESPECTIVELY. THIS
CONTINUES IN TABLE [l

Zero-Shot

Method Type  FIDL IST NIQEL o SN\ 4 VQAScore T HPSV2IT
Lafite [38] 16.5 18.89 5.00 56.29 0.68 21.33
GALIP [59. 41.5 14.70 4.73 54.85 0.63 20.26
Atin-GAN (13 GAN 771 931 6.16 20.56 0.28 13.54
DF-GAN [14 75.1 9.89 4.92 30.26 0.29 14.30
DM-GAN (64 641 965 5.20 30.17 0.28 14.42
U-ViT [60 505 1034 562 4851 0.50 19.19
Dimba [6] DM 380 1372 523 48.37 0.53 19.11
Pixart-or [L] 298 1370 698 53.62 0.53 15.87
VQGAN-CLIP [62 112.6 9.04 7.46 37.55 0.55 20.28
DALL-E (VQGAN) (I3 4420 1000 721 4146 0.39 17.31

Txt2Img-MHN (VQVAE) [52] AR 140.6 1.10 13.85 221 0.26 12.10
Txt2Img-MHN (VQGAN) [52 117.9 4.31 5.83 26.70 0.41 13.65
Infinity [63. 372 5.20 5.26 51.20 0.59 2318
TG-TSGNet (Ours) 15.6 15.13 4.61 60.17 0.62 24.96

scene generation task, the generated images should not only
exhibit high visual realism but also accurately capture terrain
characteristics while maintaining semantic consistency. In this
context, our method is able to produce visually realistic terrain
scene images which present accurate semantic alignment with
textual descriptions, offering a competitive solution to terrain
scene generation.

In general, GAN-based methods, except Lafite [58]] and
GALIP [59], were trained by directly optimizing image quality
[15] and manifested the better generalization ability in low-
resolution scenes. This finding explains the relatively better
performance of these methods on the FID and IS metrics,
compared to the AR-based methods. In particular, both Lafite
[58] and GALIP [59] utilized the pre-trained CLIP [57] model
as the constraint during the training process, which benifited
them in the VQA Score metric. However, GANs may suffer
from training instability and mode collapse, specifically when
they are applied to complex structured data. The inferior
performance of Attn-GAN [13], DF-GAN [14] and DM-GAN
[64] should be attributed to these issues. In contrast, our TG-
TSGNet maintained stable training dynamics through a two-
stage training process, which improved both the generation of
high-quality terrain scene characteristics and the preservation
of structural consistency.

Since DM-based methods generated images by stepwise de-
noising, they normally produced the higher image quality than
the three GAN-based and four AR-based baselines. However,
DM-based methods often encounter a high computational cost
and a large number of parameters. In contrast, the proposed
TG-TSGNet utilizes the significantly fewer parameters and
has the lower computational complexity. Therefore, it is more
efficient and scalable for both high- and low-resolution data
sets than its DM-based counterparts.

AR-based methods sequentially generate images, which al-
lows them to capture fine details. However, they usually strug-
gle with modeling long-range dependencies, which impairs
the representation of global characteristics of terrain scenes,
such as river paths and mountain continuity. This shortage
should be responsible for the poor performance of the AR-
based baselines. In contrast, our method takes advantage of
the long-range dependency modeling ability of Mamba, which
improves the representation of complex terrain structures.
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Fig. 6. Comparison of the images generated using seven baselines and our method in terms of a given textual description. The corresponding VQA Score
value is shown below each image. Here, the highest and second highest scores are indicated in red and blue, respectively.

B. Qualitative Evaluation

The subjective evaluation of generated images by human
observers is also important to topographic image generation
tasks, where the details and naturalness of these images are
critical for practical applications. Fig. [ shows the terrain scene
images generated using seven baselines and our method with
regard to the textual descriptions in nine different categories. It
can be observed that our TG-TSGNet demonstrates the supe-
rior performance to its counterparts across multiple categories
in terms of visual quality and image realism, which is further
augmented by the VQA Score metric.

Regarding the textual description in the Adarce category,
the image generated using our TG-TSGNet not only preserves
complete scene elements but also accurately reconstructs the
details of water reflection. This phenomenon can only be
observed in the images generated by our model and GALIP
[39]. In terms of the textual description in the Coniferous
Forest category, the scene involves both snow and forest,
demanding a model that can capture the layering of trees in
the snow and the variations in light reflections. Our method,
together with Pixart-o [[I1], were able to generate the snow
on the ground better and produced the more natural transition
between the snow and trees. However, the rest of the baselines
generated the blurring snow area and even lacked snow.

With regard to the textual description in the Mangrove
category, it is more difficult to generate realistic images due
to the complexity and natural distribution of tree branches.
Some baselines were unable to adequately capture the details
of intertwined branches, resulting in the chaotic and blurred

content that lacked naturalness and hierarchy. In contrast, our
method accurately produced the intertwining and interlacing of
branches and retained the complex ecological characteristics
of mangrove forests. Considering the textural description of
the Waterfall category, the proposed method reproduced the
transparency and dynamics of the water flow and naturally
blended the waterfall with the elements of the surrounding
vegetation better than its counterparts.

It is noteworthy that the images that some baselines gen-
erated lack element integrity and spatial structure from the
perspective of human visual perception, even if they produced
high scores in terms of quantitative metrics. In contrast, the
images generated using the proposed TG-TSGNet not only
show visual realism and semantic consistency with regard to
terrain characteristics but also present high quality in line with
human visual perception.

C. Performance Analysis

We computed the computational complexity (FLOPs) and
the number of parameters for each model using THOPEl The
average inference time per image was also calculated in terms
of the generation of 256x256 images across the test set. To
ensure a fair comparison, the inference time was evaluated
on the same GeForce RTX 3090 GPU. The results are shown
in Table It can be seen that the proposed TG-TSGNet
has the fewer parameters and lower computational complexity
compared to the DM-based and AR-based methods.

3https://github.com/Lyken17/pytorch-OpCounter



TABLE III
COMPARISON BETWEEN 12 STATE-OF-THE-ART BASELINES AND OUR
METHOD IN TERMS OF THE NUMBER OF PARAMETERS, COMPUTATIONAL
COMPLEXITY (FLOPS) AND INFERENCE TIME.

Method Num. of Param. (B) | FLOPs (G) | Inference Time (S) |
Lafite [58] 0.23 170 0.09
GALIP [59] 0.32 180 0.10
Attn-GAN [13 0.23 140 0.93
DF-GAN (14 0.019 17 0.06
DM-GAN [64] 0.046 32 0.55
U-ViT [60] 0.44 133 5.75
Dimba [61] 0.86 210 1.56
Pixart-o [11] 0.60 168 1.12
VQGAN-CLIP [62] 0.90 195 263.21
DALL-E[15] 12.00 250 1.91
Txt2Img-MHN [52 0.11 75 1.92
Infinity (63 0.13 40 0.18
TG-TSGNet (Ours) 0.11 37 1.36
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Fig. 7. Comparison of the inference times used by five models for generating
images at varying resolutions. The VQGAN [10] and Lit-VQGAN [12] were
run for unconditional image generation. Note that Lafite [S8|] cannot generate
images at a resolution of 768 x768 pixels due to the inherent limitation.

The inference times of different models are also plotted
in terms of four resolutions in Fig. [/l As can be seen, our
TG-TSGNet always used the shorter time than that used by
the VQGAN [10] and Lit-VQGAN [12]]. Compared to Pixart-
o [L1], this was also the case when images over 256x256
pixels were generated while our method maintained a flatter
growth trend as the resolution increases. In addition, Lafite
[S8] generated images faster than our method, which should
be due to the fact that Lafite [S8] directly generated images
at a given resolution. However, the gap became smaller and
smaller as the resolution increased. It should be noted that
our TG-TSGNet can be used to generate arbitrary-resolution
images once it has been trained. In contrast, its counterparts
have to be retrained for a specific resolution. Thus, our method
can perform image generation more flexibly. Referring to the
results reported in Table it is demonstrated that our method
achieved a proper trade-off between the generation quality
and semantic consistency, and the model size, computational
complexity and inference time.

D. Ablation Study

To investigate the impact of different modules of our TG-
TSGNet on its performance, we conducted a series of ablation
experiments, which were performed using the textual prompts
contained in the test set of our NTSD-TD, generating a total
of 12,235 images.

TABLE IV
COMPARISON BETWEEN OUR CONVMAMBA-VQGAN AND ITS FOUR
VARIANTS DERIVED BY REPLACING THE MGRB BY DIFFERENT BLOCKS
FOR THE IMAGE RECONSTRUCTION TASK.

Variant LRec | Lper d
MGRB — Conv Block [12] 0.481 0.449
MGRB — VSSM [38] 0.473 0.339
MGRB — EFFB [10] 0.472 0.342
MGRB — RSSB [39] 0.481 0.342
ConvMamba-VQGAN (Ours) 0.452 0.332
TABLE V

IMPACT OF THE NUMBER OF MGRBS FOR THE IMAGE
SUPER-RESOLUTION TASK.

Number of MGRBs [ 1 2 3 4
PSNR T [ 27.62 30.61 28.51 27.96

1) Impact of the MGRB on Image Reconstruction: To
assess the impact of the MGRB on our ConvMamba-VQGAN,
we replaced it by different modules, including the convolution
block in the VQGAN [10], the VSSM in Vision Mamba [38]],
the EFFB in the Lit-VQGAN [10] and the RSSB in the Mam-
balR [39], separately. Correspondingly, we constructed four
variants of the ConvMamba-VQGAN. They were applied to
the image reconstruction task. We computed the reconstruction
loss and perceptual loss between the original and reconstructed
images as the evaluation metrics. The results are presented
in Table It can be seen that our ConvMamba-VQGAN
achieved the superior performance to that derived using the
four variants. It is demonstrated that our MGRB is able to
produce the better reconstruction quality than its counterparts.

2) Impact of the Encoder on Image Super-Resolution: As
shown in Fig. [} the encoder of the ConvMamba-VQGAN was
used as the feature extractor of the ARSRM. Given that the
CLRB is used, different MGRBs in the encoder can be used.
To examine the impact of the encoder on the image super-
resolution task, we used different MGRBs with the ARSRM.
The features extracted at the CLRB and different MGRBs were
fused in a similar manner to that shown in Fig.[5] Peak Signal-
to-Noise Ratio (PSNR) was used as the evaluation metric.
As reported in Table [V] the best result was produced when
two MGRBs, i.e., the first and second MGRBs, were utilized.
Furthermore, the PSNR values derived using and without the
CLRB were 32.02 and 30.61, respectively. It is suggested that
the super-resolution task is particularly sensitive to the shallow
features and the utilization of the CLRB is useful for our
ARSRM to perform this task.

3) Impact of the ConvMamba-VQGAN on Image Genera-
tion: To evaluate the impact of the ConvMamba-VQGAN on
the task of image generation, we replaced it with four encoder-
decoder networks [10} 12} 24} 27] individually, while keeping
the other modules unchanged. We also tested the proposed
TG-TSGNet by removing the ARSRM from it. In total, we
derive five variants of the TG-TSGNet. The results derived
using the variants and our method are compared in Table [V1] It
can be seen that the use of ConvMamba-VQGAN without the
ARSRM produced images with the better quality and semantic
consistency, compared to the four encoder-decoder networks.



TABLE VI
COMPARISON BETWEEN OUR TG-TSGNET AND ITS FIVE VARIANTS
OBTAINED BY REPLACING THE CONVMAMBA-VQGAN WITH DIFFERENT
NETWORKS OR REMOVING THE ARSRM FOR IMAGE GENERATION.

Zero-Shot

Method FIDL ST NIQEL (o Ge0tiP0, + VA Score? HPSV2.I T
—» DiscreteVAE {27 1093 735 754 25.63 038 14.49
— VQGAN (12 357 110 528 46.05 0.50 17.58
— Lit-VQGAN [0 179 1423 474 55.75 059 17.82
— ViT-VQGAN [24] 1844 3.16 13.5 18.15 033 17.54
TG-TSGNet (w/o ARSRM) 174 1468  4.63 55.95 059 2298
TG-TSGNet (Ours) 156 1513 461 60.17 0.62 24.96

TABLE VII

COMPARISON BETWEEN THE TG-TSGNET AND ITS FOUR VARIANTS
OBTAINED BY REPLACING THE TIAM BY A DIFFERENT MODULE OR
REMOVING ROPE [45]] FROM THE TIAM FOR IMAGE GENERATION.

Zero-Shot

Variant FID L IST  NIQEL o GertiPoap  VOAScore T HPSV2IT
— Hopfield Layer (521~ 27.1 1394  4.94 50.73 053 18.31
— Transformer [15] 195 1462 495 52.87 044 17.49
— Mamba (37 219 1402 479 4897 043 17.98
wlo RoPE 244 1278 485 49.22 044 2131
w/ RoPE 156 1513 461 60.17 0.62 24.96

In addition, the incorporation of the ARSRM into the TG-
TSGNet further improved the performance.

4) Impact of the TIAM on Image Generation: To assess
the effect of our proposed TIAM on text-image alignment, we
replaced it with three modules individually, including the Hop-
field Layer used by the Txt2Img-MHN [52], the Transformer
used by the DALL-E [15] and Mamba [37]. Correspondingly,
we constructed three variants of the TG-TSGNet. In addition,
we removed RoPE from the TIAM and derived a fourth
variant. The four variants were applied to the image generation
task. As reported in Table the results show that the TIAM
with RoPE manifested the stronger capability of text-image
alignment, compared to its counterparts. In particular, the
removal of RoPE caused a performance drop, which indicated
that the use of proper positional encoding plays an important
role in improving the accuracy of text-image alignment.

5) Impact of the Resolution on Image Generation: To
evaluate the impact of the resolution on image generation, we
used the TG-TSGNet, together with Pixart-o [[11]] and Lafite
[58], to generate images at different resolutions. The results
are reported in Table It can be seen that the performance
of these methods dropped as the resolution increased while
our TG-TSGNet normally produced the better results than
its counterparts at the same resolution. It is noteworthy that
Pixart-o [11]] and Lafite [58] had to be retrained in order
to generate 512x512 or 1024 x 1024 images. In contrast, our
TG-TSGNet was only trained once because it could generate
images at arbitrary-resolution.

6) Impact of the Optimization of Textual Descriptions on
Image Generation: To examine the effect of the optimiza-
tion process of textual descriptions, we repeated the image
generation experiment on three sets of textual descriptions,
including the original descriptions generated by OFA [36],
the original descriptions generated by BLIP-2 [65], and the
manually optimized descriptions that we obtained. As shown
in Table[IX] we derived much better results using the manually
optimized descriptions than those obtained using each set of
original descriptions. It is demonstrated that the naturalness of
textual descriptions is important to text-to-image generation.

TABLE VIII
COMPARISON BETWEEN THE TG-TSGNET AND PIXART-o [[L1] AND
LAFITE [58]] FOR IMAGE GENERATION AT DIFFERENT RESOLUTIONS.

Zero-Shot

Method Resolution  FID | IST  NIQE L ¢ Sl o VQAScore T HPSV2.I T
Lafite (38 512 x 512 185 1477 536 50.78 055 21.24
Pixart-o (L] 512 x 512 386 1022 549 49.30 052 15.61
TG-TSGNet (Qurs) 512 x 512 188 1489 519 55.88 055 2451
Lafite (3§ 1024 x 1024 198 1489 9.64 54.81 046 21.28
Pixart-o (L] 1024 x 1024 528 3.57 6.74 46.79 046 15.34
TG-TSGNet (Ours) 1024 x 1024 192 1434 599 55.70 055 22.01
TG-TSGNet (Ours) 512 x 256 178 1604 587 56.84 059 2322
TG-TSGNet (Ours) 512 x 1024 193 1503 577 57.30 056 23.37
TABLE IX

COMPARISON BETWEEN THE RESULTS OBTAINED USING THE TEXTUAL
DESCRIPTIONS DIRECTLY GENERATED USING OFA [36] AND BLIP2 [65]
AND MANUALLY OPTIMIZED BY THE AUTHORS.

Zero-Shot

Textual Descriptions  FID | IS NIQEL ¢, 5%\ VQA Score 7 HPSV2.1 1

Original (OFA {36)) 219  13.08  4.98 38.16 040 17.82

Original (Blip2 [65) 217 1312 477 42.45 042 17.83
Optimized (Ours) 156 1513 461 60.17 0.62 24.96

In addition, terrain scene images often contain unique or
rare landforms that remain challenging even for state-of-the-
art vision-language models to describe accurately. In this
situation, manual optimization is still necessary for precise
semantic alignment and high-quality text-to-image generation.

7) Comparison with Pre-trained Generative Models: We
compared our model with four state-of-the-art pre-trained
generative models, including Stable Diffusion XL (SD-XL)
[67], Stable Diffusion 3 Medium (SD3-Medium) [66]], Pixart-
o [11] and Infinity [63], for terrain scene image generation.
These models were directly used to generate images without
fine-tuning. As shown in Table our TG-TSGNet outper-
formed, or at least performed comparable to, the four pre-
trained models, while our method used fewer parameters. It is
suggested that the domain-specific adaption to terrain scenes
is effective and is even superior to large pre-trained models.

8) Comparison with Fine-Tuned Generative Models: To
investigate the effect of the fine-tuning operation of generative
models on their performance, we fine-tuned the pre-trained
SD3-Medium [66]], SD-XL [[67], Pixart-o [[L1] and Infinity [63]
models. As shown in Table the fine-tuned model normally
achieved the better performance, compared to the correspond-
ing pre-trained model, in terms of different evaluation metrics.
This finding demonstrates that the domain-specific adaption
to terrain scenes is useful. In addition, our TG-TSGNet still
performed the best with regard to three metrics, including
FID [49], NIQE [51] and Zero-Shot Classification OA [52]. It
should be noted that our TG-TSGNet only used 0.11B param-
eters, which were fewer than those utilized by its counterparts.
It is suggested that the proposed TG-TSGNet achieves a good
trade-off between accuracy and complexity.

VII. CONCLUSION

In this paper, we proposed a Text-Guided Arbitrary-
Resolution Terrain Scene Generation Network (TG-TSGNet),
which comprised a ConvMamba-VQGAN, a Text Guid-
ance Sub-network and an Arbitrary-Resolution Image Super-
Resolution Module (ARSRM). Specifically, the ConvMamba-
VQGAN was built using a Conv-Based Local Representation



TABLE X
COMPARISON BETWEEN OUR TG-TSGNET AND FOUR PRE-TRAINED
GENERATIVE MODELS ON TERRAIN SCENE IMAGE GENERATION.

Zero-Shot

Method Num. of Param. (B) | FID | IST  NIQE L ¢ ST | VQA Score T HPSv2I T

SD3-Medium (66 2.00 525 1065 7.36 40.76 0.62 2427

SD-XL [67 2.60 355 1857 522 48.96 0.60 2581

Pixart-o |11 0.60 278 1255 508 44.59 0.61 2325

Infinity [63 0.13 649 1521 534 35.56 0.58 2375

TG-TSGNet (Ours) 011 156 1513 461 60.17 0.62 2496
TABLE XI

COMPARISON BETWEEN OUR TG-TSGNET AND FINE-TUNED
GENERATIVE MODELS ON TERRAIN SCENE IMAGE GENERATION.

Zero-Shot

Method Num. of Param. (B) | FID | 181 NIQEL o, GeCil0 o VA Score T HPSv21 1
SD3-Medium (66 2,00 396 1322 645 4171 069 2531
SD-XL [67 2,60 21 2058 547 4936 069 2435
Pixart-o (L] 060 260 1623 587 5411 071 2416
Infinity [03 013 613 1521 522 41.03 061 25.37
TG-TSGNet (Ours) 0.11 156 1513 461 60.17 062 24.96

Block (CLRB) and a Mamba-Based Global Representation
Block (MGRB). Thus, this network was able to learn both
local features and long-range dependencies. The Text Guid-
ance Sub-network aimed to inject textual semantics into image
representation. To this end, we designed a Text-Image Align-
ment Module (TTAM). For the purpose of generating images
at various resolutions, we adopted the ARSRM. Furthermore,
we derived a set of textual descriptions for the 36,672 images
in the Natural Terrain Scene Data Set (NTSD) to facili-
tate the text-to-image generation task. Experimental results
showed that our TG-TSGNet generated the better, or at least
competitive, images in terms of image realism and semantic
consistency at a proper computational cost, compared to the
baselines. However, our method could generate arbitrary-
resolution images. These promising results should result from
the capability of the TG-TSGNet to not only encode both the
local and global image characteristics and the semantics of
terrain scenes but also decrease the computational cost.
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