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Abstract

Camouflage Images Generation (CIG) is an emerging re-
search area that focuses on synthesizing images in which ob-
jects are harmoniously blended and exhibit high visual con-
sistency with their surroundings. Existing methods perform
CIG by either fusing objects into specific backgrounds or out-
painting the surroundings via foreground object-guided dif-
fusion. However, they often fail to obtain natural results be-
cause they overlook the logical relationship between camou-
flaged objects and background environments. To address this
issue, we propose CT-CIG, a Controllable Text-guided Cam-
ouflage Images Generation method that produces realistic and
logically plausible camouflage images. Leveraging Large Vi-
sual Language Models (VLM), we design a Camouflage-
Revealing Dialogue Mechanism (CRDM) to annotate exist-
ing camouflage datasets with high-quality text prompts. Sub-
sequently, the constructed image-prompt pairs are utilized to
finetune Stable Diffusion, incorporating a lightweight con-
troller to guide the location and shape of camouflaged objects
for enhanced camouflage scene fitness. Moreover, we design
a Frequency Interaction Refinement Module (FIRM) to cap-
ture high-frequency texture features, facilitating the learning
of complex camouflage patterns. Extensive experiments, in-
cluding CLIPScore evaluation and camouflage effectiveness
assessment, demonstrate the semantic alignment of our gen-
erated text prompts and CT-CIG’s ability to produce photore-
alistic camouflage images.

Code — https://github.com/NikoNairre/CT-CIG

Introduction

Camouflage is an instinctive survival mechanism that organ-
isms utilize to blend into their surroundings, making them
visually indistinct, either to evade predators or to ambush
prey (Merilaita, Scott-Samuel, and Cuthill 2017). Owing to
its interesting and challenging characteristics, camouflage
vision perception has gained attention in research such as
Camouflaged Object Detection (COD) (Fan et al. 2020; Luo
et al. 2024; Yan et al. 2025) and Concealed Instance Rank-
ing (CIR) (Lv et al. 2021). However, progress in this field is
hampered by a performance bottleneck stemming from the
scarcity of camouflage training datasets, underscoring the
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Text: A leaf'insect among  Object: Butterfly. Object: Tabby cat.
green moss and leafy Camouflage scene: the earthy Camouflage scene: earthy
plants on a tree trunk in a  tones of grass and dead leaves tones, soft lighting, texture
lush forest setting. scattered across brown soil.  similar to grass or leaves.

(a) Camouflaged Object (b) Salient Object (c) General Object

Figure 1: Example images generated by CT-CIG, which
proves its ability to handle objects of different attributes.

requirement for effective data acquisition methods. The dif-
ficulty of collecting natural camouflage images—owing to
intricate and environment-specific conditions—has spurred
the emergence of Camouflage Images Generation (CIG)
(Zhao et al. 2025), a paradigm focused on synthesizing arti-
ficial camouflage images.

The technique of generating digital camouflage images
can be dated back to (Chu et al. 2010) via hand-crafted
feature processing. Current CIG methods generally fall into
two paradigms. The first paradigm performs camouflage by
altering the color and texture patterns of objects to blend
themselves harmoniously into arbitrary backgrounds (Zhang
et al. 2020; Li et al. 2022; Gao, Yang, and Liu 2025), con-
cluded as Background fitting. Despite the artistic beauty and
exquisite visual concealment illusion, they fail to match the
camouflage regularity that the natural world represents due
to the damage to objects’ appearances and ignorance of the
logic between foreground objects and background images
(e.g., a tiger face in a mountain). The second paradigm,
on the other hand, leverages generative models (Isola et al.
2017; Ho, Jain, and Abbeel 2020; Rombach et al. 2022) to
outpaint background surroundings with visual color consis-
tency to foreground objects guided by their inherent features
(Zhang et al. 2023; Zhao et al. 2024; Das and Gopalakr-
ishnan 2025), which can be viewed as Foreground guiding.



However, they fail to equip sufficient semantic considera-
tion for the generation of backgrounds, which causes severe
artifacts and makes the backgrounds unrealistic.

Motivated by the problems mentioned above, we aim to
design a CIG method that can produce realistic and natural-
istic camouflage images, and finally propose CT-CIG. Ex-
amples of generated camouflage images are displayed in Fig.
1. Specifically, CT-CIG employs stable diffusion to handle
input images from existing COD datasets, with the corre-
sponding text descriptions for the content guidance on both
foreground objects and background environments. Compen-
sating for the absence of text prompts in COD datasets, we
set a Camouflage-Revealing Dialogue Mechanism (CRDM)
to exploit the image perception and contextual comprehen-
sion of Large Vision Language Models (VLM) (Li et al.
2023; Wang et al. 2024a) to obtain camouflage-sensed and
semantically aligned text descriptions, which are of vital sig-
nificance towards realistic camouflage generation. Further-
more, a lightweight control network is utilized to handle bi-
nary masks of camouflaged objects and provide signals of
objects’ shapes and locations for the diffusion process. To
reduce pattern artifacts raised from noisy latents and endow
the generated images with greater fidelity and more intri-
cate details, we additionally design a Frequency Interaction
Refinement Module (FIRM), which is capable of captur-
ing high-frequency textures by attention weighing on Fast
Fourier Transform (FFT) features (Campbell and Robson
1968). Our key contributions can be summarized as follows:

* We leverage VLMs and develop a Camouflage-Revealing
Dialogue Mechanism to generate high-quality text
prompts for camouflage images, which makes the
paradigm of Text-guided Camouflage Images Generation
implementable.

* We propose CT-CIG, a Controllable Text-guided Camou-
flage Images Generation method that leverages the pow-
erful ability of diffusion to generate camouflage images
with natural realism, along with a lightweight controller
for geometric guidance of camouflaged objects and a Fre-
quency Interaction Refinement Module to ensure the tex-
ture stability and content fidelity.

* Experiments on the evaluation of metrics such as FID,
KID, and CLIPScore, effectively demonstrate the fidelity
of generated images and the descriptive accuracy of the
generated text prompts. Related vision comparisons with
previous methods validate CT-CIG’s ability to produce
photorealistic and logically feasible camouflage images.

Related Works
Camouflage Images Generation

The early CIG method (Chu et al. 2010) exploits hand-made
features and devises a specialist algorithm for camouflage
texture synthesis. DCI (Zhang et al. 2020) and LCG-Net (Li
et al. 2022) leverage convolution networks (Simonyan and
Zisserman 2014) on both foreground and background im-
ages and utilize feature fusion strategies inspired by style
transfer (Huang and Belongie 2017) to camouflage objects
into specific backgrounds. PTDiffusion (Gao, Yang, and Liu
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2025) transfers a reference image containing the target ob-
ject to a text-instructed scene picture in which the object
hides as a form of illusion. These methods all follow the
background-fitting paradigm without considering the plausi-
bility of camouflaged objects and background surroundings,
which makes camouflage a representation of vision art and
optical illusion rather than a natural phenomenon.

Regarding foreground-guiding CIG methods, Generative
Adpversarial Networks (GAN) are used to synthesize artifi-
cial camouflage images based on the input of real images
and masks from COD datasets (Zhang et al. 2023; Lam-
douar, Xie, and Zisserman 2023; He et al. 2023). LAKE-
RED (Zhao et al. 2024) outpaints backgrounds that have
similar colors to the foreground objects by knowledge re-
trieval with the combination of VQVAE (Van Den Oord,
Vinyals et al. 2017) and latent diffusion. FACIG (Chen et al.
2025) further refines the feature integration manner to re-
duce foreground distortion. Due to the lack of any compo-
nents to facilitate the background’s semantic understanding,
their generated images exhibit severe texture artifacts that
fail to realize natural realism. CamOT (Das and Gopalakr-
ishnan 2025) alleviates this problem to some degree by
constructing a representation engineering work on clip-
processed embeddings (Radford et al. 2021). However, en-
suring logical feasibility and content controlability remains
a challenge, since their prompts contain merely the literal
word ”background” and object labels in COD datasets. Our
CT-CIG, with VLM-produced prompts, opens the paradigm
of Text-guided CIG, which enables generating logic-feasible
and realistic camouflage images.

Vision Language Models

Large Vision Language Models (VLM) are capable of un-
derstanding the visual-language correlation for various tasks
(e.g., object recognition, segmentation, graphic and image
understanding) by learning rich vision (photo or video) text
pairs that are almost infinite at web scale (Zhang et al. 2024).
Therefore, VLMs excel in zero-shot prediction on different
tasks. (Li et al. 2025). Pioneer VLMs such as CLIP (Rad-
ford et al. 2021) and BLIP (Li et al. 2023) are built by
training the integrated vision encoder and the text encoder
from scratch. In contrast, subsequent powerful VLMs like
LLaVA (Liu et al. 2023) and Qwen-VL (Bai et al. 2023) ex-
ploit LLMs as a backbone and design projectors for visual-
language alignment in a shared embedding space. Camobj-
Llava (Ruan et al. 2025) is the first VLM that specializes
in understanding camouflage scenarios by learning camou-
flage content produced by GPT-40. We choose Qwen2.5-VL
(Bai et al. 2025) and impose Camouflage-Revealing Dia-
logue Mechanism to obtain text prompts paired with cam-
ouflage images for consideration of both performance and
deployment convenience.

Diffusion Models for Controllable Generation

Diffusion (Ho, Jain, and Abbeel 2020; Song, Meng, and
Ermon 2020) is widely used in various image generation
tasks for its powerful ability to predict and eliminate noise.
LDM (Rombach et al. 2022) transforms pixel images to la-
tent features and performs diffusion in the latent space. With
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to blend seamlessly into the surroundings.

CLIP Text
encoder

Figure 2: Overall framework of our proposed CT-CIG, which performs camouflage generation via three steps. (1) Extracting
features of input images and masks through VAE and controller, followed by control augmentation through FIRM and CN. (2)
Generating text prompts from the VLM through CRDM and using the CLIP encoder to obtain embeddings. (3) Performing

controllable stable diffusion and generating results.

support for extra condition inputs, such as text prompts, it
succeeds in producing content-controlled outcomes and pi-
oneers downstream tasks like layout-to-image (Wang et al.
2024b), image inpainting (Chen et al. 2024) or outpainting
(Eshratifar et al. 2024), and editing (Nguyen et al. 2025).
ControlNet (Zhang, Rao, and Agrawala 2023) is subse-
quently proposed to enable the generation of images with
structural consistency to the multi-modal control signals
(e.g., depth map, instance segmentation, scribble) that are
handled by parallelism blocks in the stable diffusion UNet
encoder, adaptively grasping the related spatial distributions.
ControlNext (Peng et al. 2024) furthermore processes ex-
ternal control signals only with a simple, lightweight net-
work, which significantly accelerates training and serves as
the foundation of CT-CIG.

Methodology

Preliminaries

The core of diffusion lies in predicting noise added to data
under the paradigm of forward diffusion and reverse denois-
ing. DDPM (Ho, Jain, and Abbeel 2020) estimates the pos-
terior pg (x¢—1|x;) with its corresponding noise adding pro-
cess formulated as:

Ty = Vouxri—1 + V1 — ae = awwo + V1 —ae, (1)

where zg is the original image and z; is the noisy ver-
sion at timesetp ¢, oy denotes the diffusion constant and
ap = H§=1 «;. DDIM overcomes DDPM'’s bottleneck of
inference time raised from the Markov Chain to support
step-skipped prediction. More details can be found in (Song,
Meng, and Ermon 2020).

To reduce computation cost, LDM (Rombach et al. 2022)
utilizes a pre-trained autoencoder ¢ (Kingma, Welling et al.
2013) to transform z to a smaller latent representation zy =
¢(xo) and then performs diffusion. The training objective is
to optimize noise prediction eg(z,t) via MSE loss:

Lsp = Ee(a) t.ennonlllea(ze,t) — €ll3]. 2
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Extra condition c (e.g., text prompt) is optional in LDM
for task-specific training, and ControlNeXt further integrates
control signal cy. The loss function can be calculated as:

3

Lsp = Be(a)tecpemnionlllea(ze, b, cp) = €ll3].

Framework of CT-CIG

To effectively synthesize camouflage images, CT-CIG must
understand the intricate traits of natural camouflage, includ-
ing object concealment, color consistency, texture similar-
ity, and logical plausibility between objects and their back-
ground surroundings. All traits except logical plausibility
are learnable through training with authentic camouflage im-
ages. Logical plausibility is not explicitly exhibited in the
pixel domain but is presented implicitly in the semantic do-
main. To compensate for the gap, text prompts paired with
training images, which are available through VL.Ms and con-
tain detailed semantic content, serve as conditional informa-
tion for training CT-CIG. Inspired by ControlNeXt (Peng
et al. 2024), binary masks of objects in COD datasets can
be used more effectively as spatial guidance to control the
location and shape of generated objects.

The general framework of CT-CIG is illustrated in Fig. 2.
z € R¥*MW and ¢y € RY*"* are paired RGB and mask
images. Text prompt that describes x is generated through
Vision Question Answering (VQA) in VLM by the CRDM
and subsequently fed into a CLIP Text-encoder to form text
embeddings c. We use a VAE to encode the RGB camouflage
image to the latent 2y € R**%4*64 and subsequently add
Gaussian noise to obtain z;, where ¢ is randomly sampled
from [0, T] (T = 1000). A lightweight controller, comprises
Resblocks (He et al. 2016), is exploited to encode c; to get
the control feature x.¢. FIRM then processes x .y along with
2z to calculate its frequency-enhanced x ¢, to grasp high-
frequency texture details, followed by Cross Normalization
(CN) to obtain the mean and variance aligned control feature
:z:’frc - After that, the denoising procedure to recover latent



System

You are a highly advanced vision-language model with exceptional capabilities in image understanding and description. Your task is to carefully analyze the image and provide

messages detailed, accurate, and helpful responses about what you see. For camouflaged objects, pay special attention to subtle patterns, colors, and shapes that might indicate hidden

3

Camouflage images

Question 1: Describe the outlined
camouflaged object and explain
how it is/are camouflaged in the
surroundings.

Answer 1: The camouflaged object appears to be a leaf
mimic butterfly resting on forest floor debris......

Question 2: Describe the environment outside the outline
and explain how it can camouflage the object successfully.

Answer 2: The environment outside the contour is a dense
array of fallen leaves, twigs, and scattered plant matter, all
in earthy tones that range from

T,
%

Question 3: Describe the image in detail.

Answer 3: The image shows a close-up of a leaf-
mimic butterfly perched on a bed of dried, brown
leaves scattered across the forest floor. The
butterfly's wings are large, broad, and shaped like
a leaf, with a predominantly brown coloration that
includes various shades of tan and subtle hints of
darker brown speckles
Question 4: According to the conversation
history, summarize this image in one sentence.
Answer 4: A leaf-mimic butterfly with green-
edged wings rests on a forest floor covered in dried
leaves and twigs, blending into the earthy tones.

elements in the scene. Your response is up to five sentences in default; do not add any extra commentary, greetings, or introductory phrases. Just provide the answer. Important:
The annotated outline is only a visual aid; never mention it or acknowledge its existence in your response.

Non-camouflage images (Salient, General)
Question 1: Describe the outlined 5
object/objects and explain its/their details.

Question 2: The environment outside the outline is not suitable.
Please describe the ideal environment that might succeed in
camouflaging the object, paying attention to the color similarity
and logic between the object and the ideal environment.
Question 3: Describe the target camouflage image of the object
in the ideal environment in detail.

Question 4: According to the conversation history, summarize
the target camouflage image in one sentence.

Answer 4: A dog with dark markings in a dense, leaf-

am
L/ covered forest with varying shades of green and brown.

Figure 3: Intra details of the Camouflage-Revealing Dialogue Mechanism. VLMs should obey the rules in system messages to
produce answers that meet our requirements. Different queries are designed for camouflage images and non-camouflage images

to guide them to generate camouflage-originated responses.

noise-free z(, from z; with the condition of ¢ and .., is
conducted via UNet (Ronneberger, Fischer, and Brox 2015)
based stable diffusion. Finally, a VAE decoder transforms
z{, back to image domain and generates the result camou-
flage image x(,. Parameters in the controller, FIRM, and lin-
ear projectors in UNet’s cross-attention blocks are trainable,
while the remaining parts are kept frozen.

Camouflage-Revealing Dialogue Mechanism. As shown
in Fig. 3, Camouflage-Revealing Dialogue Mechanism
(CRDM) leverages VLM'’s ability in visual perception and
contextual comprehension. We design four questions for
each image with camouflage-guided instructions that grad-
ually teach the VLM to make camouflage-oriented descrip-
tions. All images are pre-processed by using random semi-
transparent colored outlines to annotate object boundaries,
where they directly adjoin the backgrounds and the key in-
sights of camouflage lie. Thanks to the semi-transparent
effect, it not only helps the VLM to localize and famil-
iarize the camouflaged object but also preserves the re-
lated boundary pixel details to understand the camouflage
paradigm. For camouflage images, questions 1 and 2 are
designed to obtain the descriptions of objects and the sur-
rounding environments, along with their relationships. Sub-
sequently, these descriptions are reorganized to form de-
tailed prompts through question 3. The final question 4 is
defined to review all contents and summarize each prompt
into one sentence. We denoted the detailed and summarized
prompt as Tgesqir and Tgimpie. Despite a suitable dialogue
mechanism to handle camouflage images, the descriptions
of background environments act as negative knowledge re-
garding non-camouflage images (e.g., salient object images
and general images). Therefore, we ask the VLM to imagine
an ideal scenery that might successfully camouflage the ob-
jectin question 2 and produce related Tijerq4 and Tsipmpie in
later questions, as illustrated in the right part of Fig. 3. Addi-
tionally, we pre-define some system messages to aid VLMs
for camouflage perception and to force VLMs to avoid pro-
ducing any unrelated and redundant content. T;,y,. 1S uti-
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Figure 4: Frequency Interaction Refinement Module.

lized during inference for generation diversity, while Tyetq4
is used for training CT-CIG because it encapsulates more in-
tricate information, which forces CT-CIG to learn complex
camouflage patterns and prevents catastrophic forgetting.

Frequency Interaction Refinement Module Compared
to other controls such as depth map, infrared map, or ob-
ject canny, binary masks only indicate rough position and
geometric cues for target camouflaged objects, without sub-
tle information about spatial hierarchy or objects’ intra ap-
pearance. Consequently, z.; encoded by the controller is
information-deficient. Through easy control convergence, it
has the potential risk of producing texture artifacts and un-
natural hallucinations. To address this issue, we propose the
Frequency Interaction Refinement Module (FIRM), based
on the Fourier Transform, to enhance the information gran-
ularity of x.s. According to the theory of the Fourier Spec-
trum, low frequencies contribute to the image’s overall struc-
tural information, while high frequencies contribute to the
image’s texture and intricate pattern information (Campbell
and Robson 1968; Zhou et al. 2023). Therefore, it is possi-
ble to equip x.y with detailed texture representations learned
from the image latent z; through FIRM.

Fig. 4 displays the detailed pipeline of FIRM. Designed
to strengthen the granularity of the control signal guided by
the input feature, x.; and z; are first applied to Fast Fourier



Transform (FFT) to obtain related spectrums &,y and Z; in
the frequency domain. An attention map A that takes magni-
tude |Z;| as source data is generated by an Attention Gener-
ator block, which consists of 2 convolution layers. The ini-
tial pattern of |2 is not continuous because high-frequency
components are separated in the center and corners. To fit
convolution’s local spatial perception, fftshift is employed to
permutate a continuous spectrum where low frequencies are
around the image center, with high frequencies uniformly
arranged in the outer ring. The formulation for obtaining the
frequency attention weights matrix A is:

A = ifft-shift (AG(fft-shift(|2¢]))), 4
where AG denotes Attention Generator, and ifft-shift re-
stores the spectrum to its original pattern. Subsequently, we
interact £y with A to capture subtle texture details and cal-
culate the attention-enhanced control spectrum % ¢4y and
the refinement gain V... The refinement gain is then
added to Z.y with its intensity adaptively controlled by a
learnable gate to form the frequently refined control spec-
trum % ¢, 7. Related equations are presented as follows:

5
(6)
@)

Finally, Inverse Fast Fourier Transform (IFFT) is applied
to transfer the refined control back to the feature domain,
denoted as  fr..r. Compared to x, this FIRM refined con-

trol feature is more fine-grained for ensuring robustness and
facilitating the generation of complex camouflage textures.

Bracy = Tef ® A,
vi:fT'Cf = i’facf - j:cf,
Tfref = Tef + gate X VTgrey.

Diffusion with Cross Normalization The discrepancy
between the FIRM refined control feature and the noisy im-
age latent poses a risk of color instability. Motivated by
(Peng et al. 2024), Cross Normalization (CN) is utilized as
an alternative to the ”zero convolution” layers in ControlNet
to enhance training robustness. Initially, channel-wise mean
and standard deviation of the control feature .. and latent
zt, notated as i and o, are calculated via:
n1

1 1 &
Hzs Pef = nizztyﬁizxcf;i:
=1

n
1 =1 2 =

®)

ni n2

1 1
Ufﬂff o Z(th - #2)27 o Z(mcf,i - Hcf)2~

=1 =1

©))

We subsequently perform CN that undergos x ¢, stan-
dardization and z; affine transformation formulated as:

Lfref = Hef

1/Uff + €

where we define ¢; = ;... ; as the final control signal. This
concise and ingenious strategy renders c} distributally con-
sistent with z;, effectively facilitating training.

Cprep = bz + X 0, (10)

Training optimization Apart from the condition inte-
grated diffusion loss Lgsp, we empoly an LPIPS perceptual
loss (Zhang et al. 2018) to minimize the feature discrepancy
of the predicted result x(, and the input image x(, which ben-
efits the generation of natural and realistic images. The per-
ceptual loss is calculated as:

[»Lpips:ZﬁZH’yl'(fél_fé)Hza (11)
1 hyw
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where f§, fo are VGG encoded feature stacks of x{, and o,
[ and ~ denote the stack id and scale factor. The overall loss
function is formulated below, with perceptual loss multiplied
by the corresponding weight.

L= [*SD + ALpips . ELpips~ (12)

Experiments
Experimental Settings

Datasets and metrics We utilize the LAKE-RED dataset
(Zhao et al. 2024), which comprises 4040 images for train-
ing, 19419 images for validation, and 5066 images for eval-
uation. The training dataset consists of camouflage images
from COD10K(Fan et al. 2020) and CAMO (Le et al. 2019).
There exist three subsets in the test dataset, including Cam-
ouflaged Objects (Lv et al. 2021), Salient Objects (Wang
et al. 2017), and General Objects (Lin et al. 2014); each
category contains 6473 images. We process these images
through VLM to form related image-text pairs and use the
CLIP Score (Hessel et al. 2021) to measure image-text align-
ment in both training and testing. Following previous works,
we choose FID (Binkowski et al. 2018) and KID (Heusel
et al. 2017) to quantify the quality of generated images, tak-
ing the 5066 camouflage images from COD10K as the eval-
uation benchmark.

Implementation Details To obtain text prompts, we build
Qwen2.5-VL via the VLLM framework and perform VQA
with 2 NVIDIA RTX 4090 GPUs. Subsequently, we imple-
ment CT-CIG based on ControlNext and take a pre-trained
SDXL as the foundation of diffusion. During training, im-
ages and control masks are resized to 512 x 512 and then
transformed to 128 x 128 latents with a batch size of 4. We
set the control scale as 1.2 and A, py pg=1e-3. For quick con-
vergence, the learning rate of the lightweight controlnet and
FIRM are set to le-4, which facilitates control signal adap-
tation, while SDXL UNet’s learning rate is set to Se-6 for
cautious finetuning. It takes around 8 hours to train our CT-
CIG for 80 epochs with 4 NVIDIA RTX A5000 GPUs.

VLM Choice

VLMs vary in their ability to understand the input content
and make responses. We employ CRDM to several open-
source VLMs (Li et al. 2023; Liu et al. 2023; Team et al.
2025; Bai et al. 2025) and use CLIPScore to measure the
quality of their produced content. As shown in Table 1,
Tietas 18 likely to outperform 7'y, pie under the same VLM
because it contains more corpus that explains images at a
finer grain. Qwen2.5-VL is chosen as our VLM backbone
for its superior text-image alignment performance.

Comparison with SOTA methods

We compare our CT-CIG with 11 SOTA methods; some are
specialized in CIG (Zhang et al. 2020; Li et al. 2022; Zhao
et al. 2024), while others can be adapted to camouflage gen-
eration (Pérez, Gangnet, and Blake 2003; Huang and Be-
longie 2017; Zheng et al. 2022; Rombach et al. 2022; Lug-
mayr et al. 2023; Zhang, Rao, and Agrawala 2023; Eshratifar
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Figure 5: Results of generated images with different methods. The first two columns show the real images and paired masks in
the COD datasets. Backgrounds in column 3 are randomly selected. Methods in columns 5-8 require text prompts as a condition.
All methods take masks as shape guidance except LDM-T2I.

Method CLIP simple T CLIP detail 1
BLIP2-2.7B 0.2461 0.2859
LLaVA-13B 0.2986 0.2969
Gemma3-4B 0.3127 0.3136

Qwen2.5-VL-7B 0.3183 0.3242

Table 1: CLIPScores of detailed and summarized prompts
generated by employing CDRM to different VLMs.

et al. 2024), covering the paradigms of Background fitting,
Foreground guiding, and Text guiding.

Qualitative Results Fig. 5 displays the generated im-
ages of different methods. The background-fitting LCGNet
camouflages objects into arbitrary background images ex-
cessively, which causes severe distortion and makes them
barely visible. LAKERED outpaints the background regions
with similar colors guided by the foreground objects. Both
of these paradigms ignore the semantic relationship be-
tween camouflaged objects and environments, which con-
tributes to little logical plausibility. With the integration of
text prompts, LDM-T2I produces images with overall se-
mantic tendency, but their compositions are disorganized
without control guidance. Taking masks as a control signal,
ControlNet successfully generates objects in the correct lo-
cation and shapes. However, the generative artifacts lead to
a lack of photorealism, which places them in the uncanny
valley. Salient Object Outpainting (SOO) is designed to fill
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the background with general prompts, which can’t guarantee
its fitness for camouflage. Our CT-CIG, in contrast, is ca-
pable of generating photorealistic camouflage images with
detailed textures, depth of field, and contextual coherence.

Quantitative Results According to the LAKERED test
dataset, we split the generated images into three groups.
Apart from FID and KID, we use CLIPScore in text-guided
methods to evaluate the semantic alignment of generated im-
ages and text prompts. Related results are shown in Table 2.
Background fitting methods perform the worst in all object
types due to the object appearance destruction. Foreground
guiding methods achieve some improvement by maintaining
object consistency, but the textual artifacts in background
regions limit their performance upperbound. Large perfor-
mance enhancement can be realized with the combination
of mask control signal in text guiding methods. Our method
achieves the best performance on the image quality and text
alignment in the overall setting, and remains highly com-
petitive in category-specific entries. Holistically, CT-CIG
presents the most compelling performance profile.

Ablation Study

As illustrated in Fig. 6 (a), the baseline model (without
FIRM and CN) struggles to produce high-quality camou-
flage images. Adding Cross Normalization effectively re-
duces spurious color speckles. The integration of FIRM fur-
ther mitigates the issue of missing high-frequency details
and enables CT-CIG to generate camouflage images with



. Camouflaged Objects  Salient Objects  General Objects Overall
Paradigm Method
FID | KID | FID| KID| FID| KID] FID]| KID] CLIPt
AB (2003) 117.11 0.0645 126.78 0.0614 133.89 0.0645 120.21 0.0623 -
Background AdAIN (2017) 125.16 0.0721 133.20 0.0702 13693 0.0714 126.94 0.0703 -
fitting DCI (2020) 130.21 0.0689 13492 0.0665 137.99 0.0690 130.52 0.0673 -
LCGNet (2022) 129.80 0.0504 136.24 0.0597 132.64 0.0548 129.88 0.0550 -
TFill (2022) 63.74 0.0336 9691  0.0453 122.44 0.0747 80.39  0.0438 -
Foreground ~LDM-Inpaint (2022)  58.65 0.0380 107.38  0.0524 129.04 0.0748 84.48  0.0488 -
guiding RePaint-L (2023) 76.80 0.0459 11496 0.0497 136.18 0.0686  96.14  0.0498 -
LAKERED (2024) 39.55 0.0212 88.70  0.0428 102.67 0.0625 64.27  0.0355 -
LDM-T2I (2022) 51.24 0.0206 102.04 0.0217 12041 0.0304 73.51 0.0261 0.2873
Text ControlNet (2023) 39.67 0.0121 81.72 0.0303 102.94 0.0422 59.52 0.0227 0.2950
guiding SO0 (2024) 30.92 0.0056 89.46  0.0267 117.31 0.0423 59.75 0.0187 0.3043
CT-CIG (ours) 30.59 0.0085 81.60 0.0230 104.46 0.0241 52.88 0.0169 0.3243

Table 2: Quantitative evaluation results on FID, KID, and CLIPScore for generated images of CT-CIG compared with 11 SOTA
methods. The best results are highlighted in bold, and the second-best results are underlined.

Stick insect with green and yellow mottled patterns on a
leafy, moss-covered surface.

Text prompt:

w/o CN&FIRM w/o CN w/o FIRM

(2)

Trained by éimple text

Spider perched on a branch with dry foliage against

Text prompt: a blurred forest-like background.

Mentioned outlne

o objct outline Silent outline (ours)

Figure 6: Visionalizations of ablation studies, including (a) the role of FIRM and CN in CT-CIG, and (b) training with text
prompts that were generated via different query settings in CRDM.

Configration FID| KID/|
w/o FIRM&CN  32.37  0.0079
w/o CN 33.99 0.0114
w/o FIRM 31.66  0.0080
CT-CIG 30.59 0.0085

Table 3: Image quality quantification for ablating FIRM and
Cross Nomalization. "w/0” denotes without.

clear structures and subtle textures. The results in Table 3
show the improvement in performance after incorporating
FIRM and CN. Fig. 6 (b) and Table 4 show the effect of
different text prompt configurations in CRDM. Silent out-
line means that anything directly related to object outlines
is forbidden to appear in generated text prompts. Training
with Ty, causes CT-CIG to suffer catastrophic forget-
ting that produces blurry results. We find that prompts gen-
erated without object outlines, even those achieving a high
CLIPScore with the source image, often fail to match shape
guidance. When the restrictions on outline-related content
are removed, the resulting prompts tend to include explicit
descriptions of outlines, which can mislead the generation
process and produce line-drawing-like artifacts. These abla-
tion studies effectively demonstrate the necessity and effec-
tiveness of each designed component in CT-CIG.
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Configration CLIP Scoret FID| KID|
Trained by simple text 0.3183 5492  0.0387
No object outline 0.3247 39.24  0.0112
Mentioned outline 0.3218 39.79  0.0138
Silent outline (ours) 0.3242 30.59 0.0085

Table 4: The impact of different text prompts obtaining con-
figurations on model performance.

Conclusion

In this paper, we propose a Controllable Text-guided Cam-
ouflage Images Generation method, termed CT-CIG, which
leverages a Stable Diffusion backbone with a lightweight
controller to generate camouflage images with logical plau-
sibility and natural realism. CT-CIG incorporates three key
components: a Camouflage-Revealing Dialogue Mechanism
that obtains text prompts for camouflage images with the aid
of VLMs, a Frequency Interaction Refinement Module for
capturing high-frequency texture details, and Cross Normal-
ization to ensure generation stability. Rigorous experiments
demonstrate the superior performance of CT-CIG. We hope
that our work lays the groundwork for the Text-guided Cam-
ouflage Images Generation paradigm and will spur further
research in this field.
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