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ABSTRACT Infrared-to-visible image generation provides an effective solution for augmenting visible-
spectrum samples in small-sample scenarios and offers important support for cross-spectral information
representation in electromagnetic sensing systems, thereby benefiting downstream visual perception tasks
such as object detection in autonomous navigation and unmanned aerial vehicle (UAV) applications.
However, existing methods often suffer from insufficient semantic consistency and weak generalization
when only limited paired cross-modal data are available. To address this issue, we propose SAMDiff-
TTR, a novel infrared-to-visible image generation framework that combines a diffusion-based generative
model with semantic guidance from a pre-trained SAM2 model and adaptive test-time refinement
(TTR). Specifically, a SAMSeg pre-training stage with a Multi-scale Feature Fusion Module (MFFM) is
introduced to extract multi-scale semantic features from infrared images for visible-image generation. A
denoising U-Net equipped with ResNet Attention (ResAtt) blocks is then employed to synthesize high-
quality visible images. Furthermore, a Boundary- and Appearance-aware Test-Time Refinement (BATTR)
strategy is developed to enhance robustness under limited-data conditions by jointly enforcing boundary
preservation, semantic alignment, and visible-domain appearance constraints during inference without
requiring paired visible references. Experiments on the DroneVehicle dataset demonstrate that SAMDiff-
TTR achieves competitive image quality and consistently improves downstream object detection under
small-sample settings, providing an effective cross-spectral data augmentation framework for infrared
electromagnetic imaging and intelligent visual perception.

INDEX TERMS infrared-to-visible image translation, diffusion models, semantic guidance, electromag-

netic imaging, cross-spectral data augmentation

I. INTRODUCTION

HERMAL infrared-to-visible image generation is of

great importance for data augmentation in cross-modal
visual learning, especially in scenarios where strictly aligned
infrared-visible image pairs are difficult to obtain. In prac-
tical applications such as autonomous navigation, surveil-
lance, and unmanned aerial vehicle (UAV) operations, ther-
mal infrared (TIR) imaging provides stable target responses
under varying illumination conditions and therefore serves
as an important sensing modality[1, 2]. However, down-
stream visual perception models are still predominantly
developed for the visible spectrum and rely heavily on
texture, color, and fine-grained appearance cues. As a result,
the lack of sufficient visible-domain samples, particularly
those corresponding to infrared observations, becomes a
key bottleneck for cross-modal learning and data-driven
perception tasks.
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This problem is especially pronounced when strictly reg-
istered infrared-visible pairs are required. In real-world ac-
quisition, differences in sensor imaging mechanisms, view-
points, resolutions, fields of view, temporal synchronization,
and platform motion make it difficult to collect large-scale
paired data with accurate pixel-level alignment. Even when
infrared and visible images are captured simultaneously,
residual geometric mismatch and content inconsistency are
often unavoidable, which substantially increases the cost of
dataset construction and limits the number of usable training
samples. Under such conditions, infrared-to-visible image
generation provides a practical solution for small-sample
data augmentation by synthesizing semantically consistent
visible images from infrared inputs, thereby alleviating the
shortage of paired training data, enriching visible-domain
sample diversity, and improving the generalization capabil-
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ity of downstream models.

Recent advances in infrared-to-visible generation can
be broadly categorized into supervised and unsupervised
paradigms. Supervised methods, often built upon generative
adversarial networks (GANs)[3, 4], learn the mapping from
infrared images to visible counterparts using paired training
data. For example, PearlGAN improves ToDayGAN][5] by
introducing guided attention mechanisms to enhance seman-
tic retention during translation. Unsupervised approaches,
represented by CycleGAN[6] and MornGAN[7], alleviate
the reliance on strictly paired data through cycle-consistency
constraints or memory-guided translation strategies. Al-
though these methods have shown effectiveness, GAN-based
models often suffer from training instability, mode collapse,
and sensitivity to hyperparameter settings, which may lead
to inconsistent generation quality, especially when available
training samples are limited and scene content is complex.

Diffusion models have recently emerged as a powerful
alternative for generative modeling, providing superior sam-
ple quality and better training stability than conventional
GAN-based frameworks. Starting from the foundational
formulation of diffusion probabilistic modeling[8] and its
practical development as Denoising Diffusion Probabilistic
Models (DDPMs)[9], diffusion models synthesize high-
fidelity images through a progressive denoising process.
Their potential has been demonstrated in several cross-
modal and image restoration tasks, such as SAR image
coloring[10] and underwater image enhancement[11], where
preserving structural information and fine details is essential.
These properties make diffusion models particularly suitable
for infrared-to-visible generation under limited-data settings,
where stable training and strong generative fidelity are both
required. However, their application to small-sample cross-
modal data augmentation remains insufficiently explored,
especially in scenarios where semantic consistency and
downstream utility must be jointly considered.

For small-sample infrared-to-visible generation, semantic
guidance is especially important. Since the generated visible
images are intended not only to appear realistic but also to
support downstream learning, they should preserve object
boundaries, structural layouts, and category-related cues
from the infrared source images. Pre-trained foundation
models, such as Segment Anything Model 2 (SAM2)[12],
provide a promising means of extracting robust multi-scale
semantic priors to guide the generation process. In addition,
models trained with limited paired data are more susceptible
to domain discrepancies caused by variations in illumi-
nation, background complexity, and sensor characteristics.
Under such conditions, Test-Time Refinement (TTR)[13]
becomes important for improving the robustness of gen-
erated samples. Unlike conventional test-time refinement
strategies that rely on paired visible references, the proposed
refinement in this work is reference-free and operates only
on the infrared input and the generated result, making it
more suitable for practical small-sample data augmentation
scenarios.
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In this work, we propose SAMDIff-TTR, a novel infrared-
to-visible image generation framework for small-sample
data augmentation. The proposed method integrates diffu-
sion modeling, SAM2-based semantic guidance, and test-
time refinement into a unified pipeline. Specifically, a
SAMSeg pre-training stage is introduced to extract robust
semantic priors from infrared images, where a Multi-scale
Feature Fusion Module (MFFM) is designed to enhance the
representation of object boundaries and contextual struc-
tures. Based on these semantic cues, a denoising U-Net
equipped with ResNet Attention (ResAtt) blocks and a
Multi-Receptive Field Module (MRFM) is constructed to
improve the quality and fidelity of visible-image generation.
Furthermore, a Boundary- and Appearance-aware Test-Time
Refinement (BATTR) strategy is developed to enhance the
robustness of generated samples under limited-data condi-
tions. By jointly imposing boundary consistency, semantic
consistency, and visible-domain appearance constraints dur-
ing inference, the proposed BATTR improves the structural
reliability and visible-domain plausibility of generated im-
ages without requiring paired visible references. It should
be emphasized that the proposed framework is designed
for training-stage data augmentation under small-sample
conditions, rather than real-time inference. The generated
visible images are used to enhance the training dataset for
downstream perception tasks.

The main contributions of this work are summarized as
follows:

1. We reformulate infrared-to-visible image generation
as a small-sample data augmentation problem and propose
a unified SAMDIff-TTR framework to improve both gen-
eration quality and downstream utility under limited-data
conditions.

2. We introduce a SAMSeg pre-training stage with a
Multi-scale Feature Fusion Module (MFFM) to extract
robust semantic features from infrared images, thereby
strengthening structure preservation and semantic coherence
in generated visible images.

3. We design a denoising U-Net with ResNet Atten-
tion (ResAtt) blocks and a Multi-Receptive Field Module
(MRFM) to capture diverse contextual information and
enhance the visual fidelity of the generated results.

4. We propose a Boundary- and Appearance-aware Test-
Time Refinement (BATTR) strategy that performs reference-
free adaptation using boundary consistency, semantic align-
ment, and visible-domain appearance constraints, improving
the robustness and practical utility of generated samples
under limited-data conditions. Experiments on the DroneVe-
hicle dataset[14] show that the proposed method achieves
strong image generation performance and improves down-
stream object detection under small-sample settings. These
results suggest that SAMDIff-TTR can serve as an effective
cross-modal data augmentation solution for robust visual
perception in practical applications.

Il. METHOD
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A. OVERVIEW REXHXW 3 frozen SAM2 encoder extracts multi-scale

To address the problem of infrared-to-visible image gen-
eration for small-sample data augmentation, we propose
SAMDIff-TTR, a diffusion-based framework that integrates
semantic guidance from a pre-trained SAM?2 with an en-
hanced U-Net architecture. The proposed method consists
of three key stages: (1) SAMSeg pre-training for semantic
feature extraction, (2) diffusion-based generation for visible
image synthesis, and (3) BATTR for reference-free adaptive
refinement under limited-data conditions. An overview of
the framework is presented in Figure 1.

In the SAMSeg pre-training stage, a frozen SAM2 en-
coder is employed to extract multi-scale semantic features
from infrared images. Although SAM?2 is pre-trained mainly
on visible-domain data, it provides structural semantic priors
such as object boundaries, spatial layouts, and region-level
organization, which are relatively invariant across infrared
and visible modalities. Therefore, the frozen encoder is
used to preserve these transferable structural representations
for subsequent generation. These features are further pro-
cessed by the proposed MFFM and a Segmentation Decoder
(Seg Decoder) to train an initial semantic segmentation
model. The learned semantic representations provide crucial
guidance for preserving object boundaries and structural
consistency during the subsequent visible-image generation
process.

In the diffusion generation stage, a Denoising U-Net
enhanced with ResAtt blocks in both the encoder and
decoder is used to synthesize visible images from infrared
inputs. In particular, deep features derived from the pre-
trained SAMSeg model are fused with intermediate features
in the U-Net encoder, enabling the generation network to
exploit richer semantic context and thus produce results
with improved semantic coherence and enhanced visual
realism. This design allows the generated images to better
serve as augmented visible-domain samples in limited-data
scenarios. In the BATTR stage, the model is further refined
on test samples through a reference-free adaptation strategy
that jointly enforces boundary consistency, semantic consis-
tency, and visible-domain appearance constraints. This de-
sign improves the adaptability of the generation framework
to domain discrepancies and appearance variations under
limited-data conditions, thereby enhancing the robustness
and practical utility of the generated images for downstream
data augmentation.

B. SAMSEG PRE-TRAINING STAGE

The SAMSeg pre-training stage is designed to learn ro-
bust semantic priors from infrared images for subsequent
infrared-to-visible image generation under small-sample
conditions. Since the target task is cross-modal data aug-
mentation rather than standalone semantic segmentation, the
purpose of this stage is not merely to produce segmentation
maps, but to distill multi-scale semantic representations that
can provide reliable structural and category-level guidance
for visible-image generation. Given an infrared image i,y €
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feature representations {F&ay i |, where K denotes the
number of feature scales. By freezing the encoder, the model
preserves the transferable structural priors learned by SAM?2
while avoiding overfitting caused by fine-tuning a large-
scale encoder under limited infrared-visible paired data.
This design also reduces the number of trainable parameters
and enables more stable semantic feature extraction from
infrared inputs.

1) Multi-scale Feature Fusion Module

The Multi-scale Feature Fusion Module (MFFM), illus-
trated in Figure 2, is introduced to aggregate multi-scale
features {F¥, 1, extracted by the SAM2 encoder into
a fused feature map Fre € RCouwXHXW The goal of
this module is to enhance semantic richness and structural
sensitivity, thereby providing stronger semantic guidance for
downstream visible-image generation. Using a multi-branch
convolutional architecture, the MFFM captures contextual
information at multiple spatial scales from an input feature
map x € RC»*HXW "\which is beneficial for preserving ob-
ject boundaries, target regions, and scene layout information
in the generated visible images.

The design of different kernel sizes and dilation rates in
the MFFM is motivated by the multi-scale characteristics
of objects in the DroneVehicle dataset. Specifically, targets
such as cars typically occupy relatively small spatial re-
gions, while larger objects such as trucks and buses span
broader areas and require wider contextual perception. To
address this variation, the proposed four-branch structure
progressively enlarges the receptive field through increasing
dilation rates (3, 5, and 7), enabling the model to capture
contextual information at multiple spatial scales. Smaller
dilation rates focus on local details and object boundaries,
while larger dilation rates provide broader contextual cues
that are important for scene layout understanding. This
multi-scale design is consistent with commonly used context
aggregation strategies in semantic segmentation and helps
improve both structural fidelity and robustness to scale
variation in infrared-to-visible image generation.

The MFFM consists of four parallel convolutional branches,
a fusion layer, and a residual connection, as detailed in
Figure 2.
1) Branch 0: A 1 x 1 convolution is used to adjust the
channel dimension from Cj, to Cy,¢ While preserving
fine-grained local information:

xo = Cony {7 Coue (), (1)

2) Branch 1: Medium-scale contextual information is
captured using factorized convolutions (1 x 3 and
3 x 1) for parameter efficiency, followed by a 3 x 3
dilated convolution with dilation rate 3 to enlarge the
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receptive field:

= COHVS ;\éﬁ ;c:;out (COnVSCO‘it%COUt (

2

Conv1 our —Cout (Convc‘"_>0°“‘ (2))) ) )

3) Branch 2: A larger receptive field is obtained by using
1x5 and 5x 1 convolutions, followed by a 3 x 3 dilated
convolution with dilation rate 5:

xy = Convy ;‘g‘?%’““ (Conv5 our = Clone (

3)

Convy °‘g°_>c°“‘ (Convc”‘l_%"’“t (:1:)))) )

4) Branch 3: The largest-scale contextual patterns are
modeled using 1 X 7 and 7 x 1 convolutions together
with a 3 x 3 dilated convolution with dilation rate 7:

T3 = COHV3 >c;ugt ;C’;out (COHV7 'out —>Cout (

4)

Conv{izs o (Conv (O (2)) )

The output features from the four branches x¢, x1, 2, and
x3, each with dimensions C,; x H x W, are concatenated
along the channel dimension:

2’ = Concat(zg, z1, T2, 73), s
$, c R4Cc,ut><H><W. ( )
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A subsequent 3 x 3 convolution compresses the channel
dimension back to C,,, yielding the branch-fused feature

Th h-
rane _ C 4Cout—Cout / 6
Tbranch = LONVg3, 3 (QL‘ ) (6)

Finally, a residual connection is introduced to preserve
the original feature response and stabilize optimization. The
input x is first projected to the target channel dimension by
a 1 x 1 convolution and then added to the fused branch
output. The fused output feature Fp,s is obtained through
a ReLU activation:

Lres = Cony in~ Conr (),

Fruse = ReLU(xbranch + xres)
(N
Through this multi-scale design, the MFFM enhances
feature discriminability across local details, object bound-
aries, and broader contextual regions, providing a stronger
semantic foundation for the subsequent generation stage.

2) Semantic Segmentation Decoder

The Seg Decoder takes the fused feature map Fryge pro-
duced by the MFFM and generates multi-scale segmentation
predictions {Spred,Sgred, e pred} where S ‘oq denotes
the highest-resolution predictlon and L is the number of

decoder stages. Although segmentation prediction is used
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during pre-training, its more important role in this work is
to encourage the encoder and MFFM to learn semantically
meaningful and boundary-aware features that can later guide
infrared-to-visible generation.

The decoder is mainly composed of Upsampling (Up)
modules and Double Convolution (DoubleConv) modules.
The Up module increases spatial resolution and integrates
features from corresponding encoder stages to recover finer
structural details. Given an input feature x,,, € RCuw>H*W
and a skip-connection feature g, € Rk X2HX2W " the
Up module first applies 2x bilinear upsampling to .,
and then concatenates the upsampled feature with the skip-
connection feature along the channel dimension:

Zeat = Concat(zup 1 2, Tskip),

Teat c R(CuerCSkip)XQHXQW. (8)

The concatenated feature x.,¢ is then processed by the
DoubleConv module. This module contains two sequential
convolutional blocks, each composed of convolution, Batch
Normalization, and ReLLU activation:

#mia = ReLU (BatchNorm(

CVu +Cs ip) = Cmi
COIlVéxgp klp) mid (ant))) ,

9
Zous = ReLU (BatchNorm(

Convl ;nid*)Cout (%mid))) .

where Chyiq and Cy,,t denote the intermediate and output
channel dimensions, respectively. The 3 x 3 convolution
captures local spatial patterns, while the 1 x 1 convolution
performs efficient channel transformation.

Starting from the lowest-resolution fused features Fise,
the Seg Decoder progressively applies Up and DoubleConv
modules while incorporating skip connections from corre-
sponding SAM?2 encoder layers. Multi-scale segmentation
predictions S! prea are generated at different resolutions [ =
1,..., L. To train this stage, a composite segmentation loss
Lgeg is employed to supervise predictions across scales:

Lseg = Lee(Spreas S ZAche S Shi)s  (10)

where L. denotes the cross-entropy loss, S is the
ground-truth segmentation map at the original resolution,
Sét is the corresponding downsampled supervision for layer
l, and \; are weighting coefficients for intermediate predic-
tions.

By jointly optimizing the MFFM and Seg Decoder in
this pre-training stage, the model learns multi-scale semantic
representations that are sensitive to object boundaries and
scene context. These learned semantic priors are then trans-
ferred to the diffusion generation stage, where they provide
effective guidance for producing structurally consistent and
semantically reliable visible images from infrared inputs,
especially under limited paired-data conditions.
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C. DIFFUSION GENERATION STAGE

This stage employs a Denoising Diffusion Probabilistic
Model (DDPM)[9] to synthesize a target visible image
Ls € REXHXW conditioned on the input infrared image
Iins € REXHXW The generation process is guided by the
semantic feature map Fyse € R *H W' Jearned in the
SAMSeg pre-training stage, which is fused with intermedi-
ate encoder features to improve semantic consistency and
structural reliability. The goal of this stage is to generate
visible-spectrum images that preserve semantic structure
while maintaining perceptual plausibility that can be used
as augmented samples under limited paired-data conditions.

1) Denoising Diffusion Model Formulation

The DDPM framework consists of a forward diffusion
process and a reverse denoising process. In the forward
process, Gaussian noise is gradually added to the target
visible image, while in the reverse process the model learns
to recover the clean image from noisy observations under
the guidance of the infrared input Ij,s and the semantic
prior Fryse. Specifically, given a clean visible image I\(”S)
q(ILyis), the forward diffusion process progressively perturbs
it over T timesteps according to a predefined variance
schedule {3;}7_;:

aUQIE) = N (19 VT= 3V ). an

This process permits direct sampling of I\(”g from I\(“S)

Q) = N (Ll var (1 -ar). (2

where oy = 1 — f3; and &y = Hizlas. Ast — T, the
sample I‘(,ij;) approaches an isotropic Gaussian distribution
N(0,T).

The reverse process aims to reconstruct the orlglnal
visible image starting from pure noise I ~ N(0,I) b
iteratively sampling from the conditional d1str1but10n

(I(t 1)|I§fg7 mfaFfuse) (13)

Vvis

which is parameterized by a denoising network 6. The net-
work predicts the noise component at timestep ¢ conditioned
on the noisy visible image [ (12, the timestep ¢, the infrared
input [i,¢, and the semantic feature map Fi,se. Accordingly,

the reverse transition is modeled as

( (t— 1)|I(f) Ling, Fruse) :N(I(t_l);

(I\(127 t Inf; Ffuse), 031)7
(14)
where the mean is given by
He (I(t) t InfaFfuse) =

I
Vvis’ \/OTt< vis
— 579([(1‘/) t Ilnf7FfUSe))’

1 _ a vis?
s5)
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and o? is set to either 3; or Bt = 1;_5‘7(;1 Bt. The sampling
step is then expressed as

I(t* 1) — I(t)

vis ,ua( visvtalirlfaFfuse)+UtZ7 z NN(O,I) (16)

By incorporating the semantic feature map Fiise as an
additional condition, the denoising network receives strong
semantic priors beyond the raw infrared observation. This
enables the model to generate visible images that better
preserve object categories, structural layout, and fine details,
which is especially important when the generated results are
intended to serve as augmented samples for downstream
learning.

2) Semantic-guided Diffusion Network

The denoising U-Net, termed Semantic-guided Diffusion
Network (SegDiffNet), adopts a symmetric encoder-decoder
architecture with skip connections and is designed to esti-
mate the noise term #. The model takes as input the noisy
visible image 1‘52 € REXHXW "the timestep ¢, the infrared
image Iy € RE*H>W and the semantic feature map
Fruse € RC’XH/XW/.

(a) Encoder and Decoder Modules Both the encoder and
decoder adopt the ResAtt structure, which is built upon
residual learning and attention enhancement to strengthen
feature extraction. Compared with standard Transformer-
based attention, ResAtt is more suitable for the small-sample
infrared-to-visible generation setting considered in this work
because its convolutional residual design provides stronger
local inductive bias, lower computational complexity, and
more stable optimization under limited data. Moreover,
the proposed task focuses on preserving local structural
details, object boundaries, and region-level semantics from
infrared inputs, where convolution-based attention is more
aligned with the structural-preservation objective than global
dependency modeling. The encoder progressively extracts
hierarchical representations through cascaded convolution
and downsampling operations, reducing the spatial resol
ution from H x W to lower-resolution latent feature
maps. The decoder mirrors this process through upsam-
pling and convolutional reconstruction. Skip connections
are introduced between corresponding encoder and decoder
stages to preserve fine-grained details and stabilize feature
propagation.

As shown in Figure 3, the ResAtt block processes an
input feature F € REXCxH"xW" through two sequential
MR-ResNet blocks, followed by an attention module. Each
MR-ResNet block contains a 3 x 3 convolution, a Multi-
Receptive Field Module (MRFM), Batch Normalization,
ReLU activation, and a residual connection. This design
allows the network to capture diverse spatial contexts while
maintaining effective feature reuse. The MRFM replaces
the second conventional convolution in a standard residual
block and uses parallel convolutional branches with different
kernel sizes (3 x 3, 5 x 5, and 7 x 7) and dilation rates (1,
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2, and 3) to enlarge the receptive-field diversity:

Feonv = ReLU(BatchNorm(Convgy3(F))),
FMRFM = MRFM(Fconv)7 (17)
F,es = ReLU(BatchNorm(Fyrpm)) + F.

The resulting intermediate features are then processed
by the attention module to produce the final feature map
F,tt. Through the combination of residual learning, multi-
receptive-field aggregation, and attention-based enhance-
ment, the ResAtt structure improves semantic expressiveness
and structural sensitivity while avoiding the heavier data and
computation requirements of Transformer-based attention,
thereby facilitating more stable denoising and higher-fidelity
visible-image generation under the small-sample setting.
(b) Timestep Embedding The diffusion timestep ¢ is
embedded using sinusoidal positional encoding:

Emb(¢) = concat(sin(27t - w), cos(2nt - wy), .. .,

. (18)

sin(27t - wgq), cos(2mt - wq)).
The resulting embedding vector Emb(t) € R is projected
through a fully connected layer and injected into the network
to provide timestep-dependent conditioning for denoising.
(c) Semantic Feature Guidance The semantic feature map
Fruse € REXH'XW' g extracted from deep layers of the
SAMSeg network, where semantic abstraction is relatively
strong. During diffusion generation, F},s. is concatenated
with the encoder feature map Fi,. € RCenexH xw! along
the channel dimension to obtain

Froncat € R(C TCene)x H'x W' (19)

A 1 x 1 convolution is then used to project the concatenated
feature back to the encoder channel dimension:

Ffuscd - COIlVl x1 (Fconcat)~ (20)

The fused representation F}useq 1S subsequently fed into the
decoder. This mechanism injects semantic priors learned
from infrared images into the denoising process, enabling
the generation network to better preserve object boundaries,
semantic categories, and scene structure in the synthesized
visible images.

3) Loss Function
The diffusion generation stage is trained by minimizing the
following composite objective:

Liotal = LMSE_noise + @1 LMSE_vis @1

+ 042LEdge_vis + a3LCOIOI’_ViS7

where LyiSE noise 15 the mean squared error loss for noise
prediction, which supervises the denoising network to es-
timate the injected Gaussian noise accurately; Lysg vis 1S
the reconstruction loss between the generated visible image
and the corresponding target visible image; Lgqge_vis 1S an
edge preservation loss that penalizes structural discrepancies
between generated and target visible images; and Lcolor vis
is a color consistency loss computed in the Lab color
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FIGURE 3. lllustration of the ResAtt structure

space to encourage realistic visible-domain appearance. The
weighting coefficients are set to «; = 0.3, as = 0.3,
and a3 = 0.2. This loss design jointly supervises gener-
ation quality from the perspectives of diffusion denoising
accuracy, pixel-level reconstruction, structural preservation,
and visible-domain appearance consistency. As a result, the
model can generate visible images that are not only faithful
to the infrared source in semantic structure, but also visually
suitable for use as augmented samples in downstream small-
sample learning tasks.

D. BOUNDARY AND APPEARANCE-AWARE TEST-TIME
REFINEMENT

To further improve the robustness of infrared-to-visible im-
age generation under limited-data conditions, we introduce
a reference-free adaptive optimization strategy at test time,
termed Boundary- and Appearance-aware Test-Time Refine-
ment (BATTR). Unlike the original setting of brightness-
guided refinement with visible references, the proposed
BATTR is designed for small-sample data augmentation
scenarios where no paired visible image is available during
testing. Its objective is to adapt the generation model to the
input infrared sample by enforcing cross-modal boundary
consistency, semantic consistency, and visible-domain ap-
pearance plausibility.

In this study, after the decoder modules of SegDiffNet
produce the decoded feature map, the resulting feature
representation is passed through an MLP layer to generate
the final visible image Iyis pred € REXHXW  During test-
time refinement, we freeze the parameters of the encoder and
decoder modules and update only the MLP layer, thereby
maintaining model stability while enabling lightweight
sample-wise adaptation. Specifically, given an infrared input
image Iy € REXH*W the encoder and decoder first

extract the decoded feature map Fyo. € RO xH W and
the visible prediction Iyis_preq i obtained as
Ivisfpred = MLP(FdeC>- (22)

To refine the generated result without requiring a paired
visible reference, we design the following test-time objec-
tive:

LBATTR = )\cdchcdgc + /\scmLscm + )\stathtat; (23)
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where Agdges Asems and Ageat are the weighting coefficients
for the three loss terms.

The first term, Legge, iS a boundary consistency loss that
preserves the structural information of the infrared input in
the generated visible image. Since thermal infrared images
provide stable target contours and salient structural cues,
we extract the edge maps of both the infrared image and
the generated visible image using the Sobel operator. Let
Ej¢ denote the edge map of [, and let Fy;s denote the
edge map of the grayscale version of Iis preqa. The boundary
consistency loss is defined as

Ledge == ||Einf - EvisHl- (24)

This loss encourages the generated visible image to
preserve object boundaries and spatial layouts inherited from
the infrared source image.

The second term, Lo, is a semantic consistency loss
that constrains the generated visible image to remain seman-
tically aligned with the infrared input. To this end, we reuse
the semantic feature extractor obtained from the SAMSeg
pre-training stage and keep it frozen during refinement. Let
¢1(-) denote the semantic feature map extracted from the
l-th selected layer. Then, the semantic consistency loss is
formulated as

(25)

Z ||¢l mf

where L is the number of selected semantic feature levels.
This term helps preserve high-level scene structure and
category-related cues during the refinement process.

The third term, Lgag, 1S an appearance statistics loss
that regularizes the generated image toward the visible-
domain distribution. Because no paired visible target is
available at test time, we approximate the visible-domain
prior using channel-wise first- and second-order statistics
precomputed from the visible training images. For each
channel ¢ € {r, g, b}, let u(I3; ,0q) and o (I3 ,0q) denote
the mean and standard deviation of the generated image,
and let pf ;. and of.,;, denote the corresponding statistics

¢l (Ivisfpred) || 1,

sem
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of the visible training set. The appearance statistics loss is
defined as

Lytar = Z (Hﬂ(I\fis_pred) - MErain”l
ce{r,g,b} (26)
+ ||0(I\fis_prcd) - Ut:craillHl)'

This term suppresses unrealistic color shifts and contrast
deviations, and encourages the generated result to exhibit a
more plausible visible-spectrum appearance. By optimizing
the MLP layer with the above three constraints, BATTR
performs lightweight reference-free refinement for each test
sample. The boundary consistency term preserves structural
details from the infrared input, the semantic consistency
term maintains high-level cross-modal alignment, and the
appearance statistics term constrains the generated image to
remain close to the visible-domain distribution. As a result,
the proposed BATTR improves the quality and reliability
of generated visible images under small-sample conditions,
making them more suitable for downstream data augmenta-
tion and visual perception tasks.

lll. RESULTS AND DISCUSSION

A. DATASETS AND EVALUATION METRICS

(a) Dataset To validate the effectiveness of SAMDiff-TTR
for infrared-to-visible image generation in small-sample
data augmentation, we conduct all experiments on the
DroneVehicle dataset. DroneVehicle contains 26,969 aligned
infrared-visible image pairs captured by drones and provides
object annotations for vehicle detection, including car, truck,
bus, van, and freight car. Following the official training split,
we used the training set to construct a small-sample augmen-
tation setting. Specifically, 30% of the original training pairs
are randomly selected as the small-sample subset, while
the remaining 70% of the training set is reserved as the
augmentation source set. The 30% subset is used to train
the proposed infrared-to-visible generation model. After
training, the infrared images in the remaining 70% training
set are fed into the trained generation model to synthesize
their corresponding visible images, which are then used as
augmented visible-domain samples. For downstream object
detection, three training settings are considered: 1) training
with only the 30% real visible data as the small-sample
baseline, 2) training with the 30% real visible data together
with the generated visible images synthesized from the
remaining 70% infrared images, and 3) training with the full
original visible training set as the upper-bound reference. All
images were resized to 256 x 256 using bilinear interpolation
for image generation experiments.

(b) Evaluation Metrics We evaluate the proposed method
from both image generation quality and downstream aug-
mentation effectiveness. For image generation quality, we
adopt three widely used metrics: Structural Similarity Index
(SSIM)[15], Learned Perceptual Image Patch Similarity
(LPIPS)[16], and Fréchet Inception Distance (FID)[17].
SSIM measures the structural similarity between the gener-
ated visible image and the corresponding real visible image,
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where higher values indicate better structural fidelity. LPIPS
evaluates perceptual similarity, where lower values indicate
that the generated result is perceptually closer to the real
visible image. FID measures the distribution discrepancy be-
tween generated images and real visible images, with lower
values indicating better visible-domain alignment. To assess
the utility of generated images for data augmentation, we
further evaluate downstream object detection performance
using Average Precision (AP) and mean Average Precision
(mAP)[18]. Higher mAP values indicate that the generated
samples provide more effective support for detector training
under limited-data conditions. In addition, qualitative analy-
sis is provided through visualization results such as feature
distribution plots and response heatmaps.

B. EXPERIMENTAL SETUP AND IMPLEMENTATION
DETAILS
We compare the proposed SAMDIiff-TTR with several repre-
sentative image translation baselines, including GAN-based
methods (e.g., Pix2Pix[19], CycleGAN, and PearlGAN)
and diffusion-based methods (e.g., T2V-DDPM[20] and
WeatherDiffusion[21]). For fair comparison, all competing
methods are trained under the same small-sample protocol,
namely using the same 30% subset of DroneVehicle training
pairs for model training and generating visible images for
the infrared inputs in the remaining 70% training set.
SAMDIff-TTR was trained on an NVIDIA RTX A5000
GPU using the Adam optimizer[22], with 5; = 0.9,
B2 = 0.999, a batch size of 4, and a fixed learning rate of
0.0002. The diffusion process is configured with 7" = 1000
timesteps following the standard DDPM setting. The gener-
ation model is trained for 200 epochs on the selected 30%
training subset, and horizontal flipping was applied as data
augmentation during training. After training, the model was
used to generate visible images for the infrared samples
in the remaining 70% training set, thereby constructing an
augmented visible-domain dataset for downstream detection.
For downstream object detection, we adopt MCMF[23]
as the detector. To verify the effectiveness of the proposed
data augmentation strategy, MCMF is trained under three
settings: 1) using only the 30% real visible-infrared train-
ing pairs as the small-sample baseline, 2) using the 30%
real visible-infrared training pairs together with additional
visible-infrared pairs formed by combining the remaining
70% real infrared images with their synthesized visible
counterparts, and 3) using the full real visible-infrared
training set as the upper-bound reference. All detector
settings use the same training configuration to ensure fair
comparison. Detection performance is finally evaluated on
the original test set of DroneVehicle using AP and mAP.

C. EXPERIMENTS ON THE DRONEVEHICLE DATASET
1) Image Generation Quality

The qualitative generation results on the DroneVehicle
dataset are shown in Figure 4. Column (a) shows the input
infrared image, and column (b) shows the corresponding
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(a) TIR Image (b) RGB Image

(e) PearlGAN

(f) T2V-DDPM

Y

(2) WeatherDiffusion (h) SAMDIf-TTR

FIGURE 4. Visual comparison of generated results produced by different methods on the DroneVehicle dataset

real visible image. Compared with the competing methods,
the images generated by SAMDIff-TTR exhibit clearer
object boundaries, more coherent structural layouts, and
more realistic visible-spectrum appearance. In particular, in
challenging cases involving small objects, partial occlusion,
and cluttered backgrounds, SAMDIiff-TTR better preserves
the semantic structure of vehicles and surrounding scene
elements, indicating that the semantic priors introduced by
the SAMSeg stage provide effective guidance for infrared-
to-visible generation under limited-data conditions.

To quantitatively evaluate image generation quality on the
DroneVehicle dataset, we adopt three widely used metrics,
namely SSIM, LPIPS, and FID. The corresponding results
are reported in Table 1.

As shown in Table 1, SAMDIiff-TTR achieves the best
overall performance among all compared methods, obtaining
the highest SSIM of 0.5201, the lowest LPIPS of 0.3448,
and the lowest FID of 35.87. Compared with Pix2Pix,
SAMDIff-TTR improves SSIM from 0.4907 to 0.5201, re-
duces LPIPS from 0.3622 to 0.3448, and significantly lowers
FID from 70.18 to 35.87. Compared with the diffusion-
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based baseline T2V-DDPM, it improves SSIM from 0.3485
to 0.5201, reduces LPIPS from 0.4625 to 0.3448, and
decreases FID from 58.39 to 35.87, demonstrating clear
advantages in structural fidelity, perceptual quality, and
visible-domain distribution alignment.

Compared with WeatherDiffusion, which is the strongest
competitor, SAMDIiff-TTR further improves SSIM from
0.4295 to 0.5201, reduces LPIPS from 0.4685 to 0.3448, and
slightly lowers FID from 37.66 to 35.87. These results indi-
cate that the proposed semantic-guided diffusion framework
can achieve a better balance between structural consistency
and appearance realism under limited-data conditions. This
advantage can be attributed to the semantic priors introduced
by the SAMSeg pre-training stage, the multi-scale feature
aggregation mechanism, and the reference-free refinement
strategy, which jointly enhance the semantic reliability
and visual plausibility of the generated images. Although
SAMDIff-TTR exhibits a relatively higher inference time
compared to lightweight GAN-based models, it is important
to note that the proposed method is designed for training-
stage data augmentation rather than real-time deployment.
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TABLE 1. Image quality assessment and training/inference time on the DroneVehicle dataset

Method SSIM 1 LPIPS | FID | Training Time (h) Inference Time (s)
Pix2Pix 0.4907 0.3622 70.18 5.8 0.06
CycleGAN 0.3165 0.5953 82.44 113.8 0.08
Pearl GAN 0.1547 0.6401 114.30 234 0.02
T2V-DDPM 0.3485 0.4625 58.39 500 3.31
WeatherDiffusion 0.4295 0.4685 37.66 126.3 1.21
SAMDIff-TTR 0.5201 0.3448 35.87 141.2 1.29

In practical applications, the generated visible images are
used to enrich training datasets and improve the performance
of downstream perception models. Therefore, the inference
latency does not affect the real-time performance of UAV
systems. Instead, higher generation quality and semantic
consistency are prioritized to achieve more effective training
data augmentation.

Overall, the qualitative and quantitative results demon-
strate that SAMDIff-TTR can generate high-quality visible
images with reliable semantic structure and realistic appear-
ance from infrared inputs under limited-data conditions, pro-
viding effective support for subsequent data augmentation
and downstream detection.

2) Object Detection
To evaluate the effectiveness of the generated images for
downstream data augmentation, we further compare object
detection performance on the DroneVehicle dataset. Fol-
lowing the protocol described in the experimental setup,
MCMF is trained under three different data conditions: 1)
using only the 30% real visible-infrared training pairs as
the small-sample baseline, 2) using the 30% real training
pairs together with additional generated visible-infrared
pairs produced by different generation methods, and 3) using
the full real training set as the upper-bound reference. The
corresponding AP and mAP results are reported in Table 2.
As shown in Table 2, training the detector with only the
30% real small-sample dataset yields an mAP of 61.10,
which is substantially lower than the 71.40 achieved by
using the full real dataset. This gap confirms that lim-
ited visible-infrared training data significantly constrains
downstream detection performance. After introducing gen-
erated visible samples for data augmentation, all generation-
based methods improve the detector over the small-sample
baseline, demonstrating the effectiveness of infrared-to-
visible generation for compensating for missing visible-
domain data. Among all compared methods, SAMDiff-TTR
achieves the best overall detection performance, reaching
an mAP of 70.03. This result exceeds the small-sample
baseline by 8.93 percentage points and outperforms the
strongest comparison method, WeatherDiffusion, by 0.86
percentage points. More importantly, the performance gap
between SAMDIff-TTR and the full real dataset is reduced
to only 1.37 percentage points, indicating that the generated
samples produced by SAMDiff-TTR can effectively narrow
the performance loss caused by limited training data.
From the class-wise AP results, SAMDIiff-TTR achieved
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the best performance in all five categories, including Car
(87.79), Truck (55.52), Bus (67.19), Van (88.17), and
Freight car (51.49). The gains are especially notable in the
Truck and Freight car categories, where the small-sample
baseline is relatively weak. Compared with the small-sample
baseline, SAMDIiff-TTR improves AP by 12.59 points for
Truck and 14.15 points for Freight car, indicating that
the proposed method is particularly effective in enhancing
the representation of relatively difficult or underrepresented
categories. These results suggest that the generated images
preserve not only global scene structure but also category-
relevant fine-grained information beneficial for detector
training.

The t-SNE visualization in Figure 5 provides further
evidence for the effectiveness of the proposed method. Com-
pared with competing methods, the features extracted from
samples generated by SAMDIiff-TTR exhibit more compact
intra-class distributions and clearer inter-class separation.
This indicates that the generated visible images are more
consistent with the semantic structure of real visible-domain
samples, enabling the detector to learn more discriminative
feature representations. In particular, the reduced feature
dispersion suggests that SAMDIff-TTR better preserves cat-
egory identity and structural cues during generation, which
is consistent with its superior AP and mAP performance in
downstream detection.

Overall, the detection results demonstrate that SAMDiff-
TTR is not only effective in generating high-quality vis-
ible images, but more importantly capable of producing
augmented samples that substantially improve downstream
detection under small-sample conditions. The proposed
method consistently outperforms existing baselines and ap-
proaches the performance of training with the full real
dataset, which verifies its practical value for infrared-visible
data augmentation.

D. ABLATION STUDIES

1) Effect of Semantic Guidance and Composite Objectives
To systematically analyze the contribution of each major
component in the proposed SAMDIff-TTR framework to
image generation quality and downstream detection per-
formance, we conduct progressive ablation experiments on
the DroneVehicle dataset under the small-sample data aug-
mentation setting. The ablation study follows a cumulative
design, in which modules are introduced step by step so that
the individual and joint effects of different components can
be clearly quantified and interpreted.
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TABLE 2. Object detection performance comparison of different methods on the DroneVehicle dataset

Method Car Truck
Small-sample dataset  85.22  42.93
Pix2Pix 86.87 53.04
CycleGAN 86.94 5240
Pearl GAN 86.76  52.90
T2V-DDPM 87.44  51.72
WeatherDiffusion 87.70 52.99
SAMDIft-TTR 87.79 55.52
Full real dataset 88.08 57.14

Bus Van Freight car mAP
54.62 8539 37.34 61.10
66.94  87.87 48.82 68.71
6593  87.92 49.38 68.51
67.14  88.13 49.86 68.95
65.17  87.81 48.10 68.07
67.10  87.86 50.18 69.17
67.19  88.17 51.49 70.03
69.75  88.41 53.62 71.40

(d) T2V-DDPM

(b) CycleGAN

(¢) WeatherDiflusion

il
3. ’31“ .f._’a

(1) SAMDIlI-TTR

FIGURE 5. The t-SNE visualization of feature distributions

In this study, WeatherDiffusion is adopted as the baseline
generation framework, and the model is first trained using
only the noise prediction 1oss Lyisg noise- On this basis,
we progressively introduce: 1) semantic feature guidance
extracted from SAM2 (denoted as +SAM); 2) the proposed
composite training objective Liota) (denoted as +Loss);
and 3) the proposed Boundary- and Appearance-aware
Test-Time Refinement module (denoted as +BATTR). It
should be noted that the MFFM serves as the necessary
bridge between SAM2 semantic features and the diffusion
backbone. Removing it would break the semantic injection
pathway. Therefore, MFFM is retained as a fixed component
throughout this group of ablation experiments.

TABLE 3. Ablation results on the DroneVehicle dataset.

Baseline SAM  Loss BATTR mAP SSIM 1  FID |
v 69.17 0.4295 37.66
v v 69.77 0.4813 36.54
v v v 69.91 0.5049 36.12
v v v v 70.03 0.5201 35.87

Table 3 presents the progressive ablation results on the
DroneVehicle dataset. The baseline model, trained with
only the noise prediction objective, achieves an mAP of
69.17, an SSIM of 0.4295, and an FID of 37.66, indicat-
ing limited structural fidelity and visible-domain alignment
under the small-sample setting. After introducing SAM?2
semantic guidance (+SAM), mAP increases to 69.77, SSIM
improves to 0.4813, and FID decreases to 36.54, showing
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that semantic priors effectively improve both generation
quality and downstream utility. With the further introduction
of the composite objective (+Loss), the model continues to
improve, reaching an mAP of 69.91, an SSIM of 0.5049, and
an FID of 36.12. After additionally incorporating BATTR,
the full model achieves the best performance on all metrics,
with an mAP of 70.03, an SSIM of 0.5201, and an FID
of 35.87. These results show that SAM guidance, the
composite loss, and BATTR provide complementary benefits
and jointly improve the quality and downstream usefulness
of the generated samples.

2) Analysis of the Multi-scale Feature Fusion Module

To verify the practical contribution of MFFM to semantic
consistency and structural preservation, we further conduct
comparative ablation experiments on different feature fusion
structures using the DroneVehicle dataset. Three represen-
tative existing fusion modules are selected for comparison,
including CAFM[24], GAU[25], and HCF[26].

On this basis, three variants of the proposed MFFM are
further designed: 1) MFFM-T, a lightweight version that
retains only Branch 0 and Branch 1 to reduce computational
complexity; 2) MFFM-S, the standard version with the four-
branch multi-scale structure proposed in this work; and 3)
MFFM-M, an extended version that introduces additional
branches and larger 9 x 9 convolution kernels to enhance
contextual modeling capacity. All methods are evaluated
under the same training and testing settings. We use mAP to
measure the effectiveness of generated samples for down-
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stream detection, and SSIM and FID to evaluate structural
fidelity and visible-domain distribution consistency.

As shown in Table 4, the proposed MFFM variants con-
sistently outperform the compared fusion modules in terms
of overall generation quality and downstream augmentation
effectiveness. Among the baseline fusion modules, HCF
achieves the highest SSIM of 0.5198, while GAU obtains the
lowest FID of 39.34. However, all three compared methods
remain inferior to the proposed MFFM-based designs in
terms of either detection performance or overall metric
balance. Among the MFFM variants, the standard MFFM-
S achieves an mAP of 70.03, an SSIM of 0.5201, and an
FID of 35.87, outperforming CAFM, GAU, and HCF on all
three metrics. This indicates that the proposed multi-branch
multi-scale fusion design is more effective in preserving
semantic structure and improving visible-domain alignment
for infrared-to-visible generation under the small-sample
setting.

TABLE 4. Quantitative comparison of different feature fusion modules on the
DroneVehicle dataset

Model mAP SSIM{ FID ]
CAFM 69.72 05017 4221
GAU 69.75 05043 3934
HCF 69.54 05198  39.76

MFFM-T 69.99 0.5190 37.33
MFFM-S 70.03 0.5201 35.87
MFFM-M  70.07 0.5319 35.79

Comparing different MFFM variants further reveals the
trade-off between model complexity and performance. The
lightweight version MFFM-T achieves slightly lower per-
formance than MFFM-S, with an mAP of 69.99, an SSIM
of 0.5190, and an FID of 37.33, showing that reducing
branch capacity weakens multi-scale semantic modeling.
The extended version MFFM-M achieves the best numerical
results, reaching an mAP of 70.07, an SSIM of 0.5319,
and an FID of 35.79. However, its gains over MFFM-S
are marginal, suggesting that the added complexity does not
bring proportionally significant improvement. Overall, these
results show that the proposed MFFM design is more suit-
able for semantic injection in diffusion-based cross-modal
generation than conventional fusion modules. Considering
both performance and efficiency, MFFM-S is selected as
the default fusion structure in the proposed framework.

3) Analysis of Freezing and Fine-tuning Strategies for the
SAM2 Encoder

To empirically justify the use of a frozen SAM2 encoder
in the proposed framework, we compare different SAM2
optimization strategies on the DroneVehicle dataset under
the same small-sample protocol. The goal is to compare how
the trainable range of SAM?2 parameters affects generation
quality, downstream detection performance, and training
stability.
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In this set of experiments, three different training strate-
gies are considered for the SAM2 encoder: 1) full freezing,
where all SAM2 encoder parameters remain fixed during
training, which is also the default configuration in this work;
2) partial fine-tuning, where only the last two Transformer
blocks of the SAM2 encoder are updated; and 3) full fine-
tuning, where all SAM2 encoder parameters participate
in backpropagation. Except for the trainable scope of the
SAM2 encoder, all other components, including the MFFM,
diffusion generation backbone, and BATTR module, remain
unchanged to ensure fair comparison.

For the partial and full fine-tuning settings, a relatively
small learning rate is adopted for SAM2 to avoid unstable
optimization caused by overly large parameter updates.
In addition to standard generation and detection metrics,
we further introduce the standard deviation of the late-
stage training loss as an indicator of training stability. A
smaller value indicates smoother convergence and more
stable optimization behavior.

TABLE 5. Ablation results of different SAM2 optimization strategies

SAM?2 strategy FID| SSIM1T mAP7T Std. |
Full freezing 35.87 0.5201 70.03 0.012
Partial fine-tuning 35.20 0.5081 70.00 0.031
Full fine-tuning 35.96 0.5004 69.91 0.084

As shown in Table 5, the full-freezing strategy achieves
the best overall balance between generation quality, down-
stream detection performance, and training stability. It ob-
tains the highest SSIM of 0.5201 and the best mAP of
70.03, while also yielding the lowest training-loss standard
deviation of 0.012. These results indicate that freezing
the SAM2 encoder provides the most stable optimization
behavior and the strongest overall effectiveness under the
small-sample setting.

Partial fine-tuning achieves the best FID of 35.20, slightly
better than full freezing. However, its SSIM and mAP
decrease to 0.5081 and 70.00, respectively, and the training-
loss fluctuation increases to 0.031. This suggests that up-
dating a small portion of the SAM2 encoder may slightly
improve visible-domain distribution alignment, but does not
consistently benefit structural fidelity, downstream utility, or
optimization stability.

Full fine-tuning shows a further decline in performance.
Its SSIM drops to 0.5004, mAP decreases to 69.91, and
the training-loss standard deviation rises sharply to 0.084,
indicating substantially worse training stability. This result
suggests that, under limited-data conditions, full-parameter
fine-tuning of a large pre-trained model such as SAM2
is prone to overfitting and may weaken its transferable
semantic priors.

Overall, the results indicate that the full-freezing strategy
achieves the best balance between generation quality, down-
stream performance, and training stability. Although partial
fine-tuning yields a slightly better FID, this mainly reflects
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improved global distribution alignment rather than structural
fidelity, which is more critical for downstream tasks as
captured by SSIM and mAP. The inferior performance and
higher instability of full fine-tuning further suggest that
updating all SAM2 parameters under limited data leads
to overfitting and degradation of transferable priors. This
can be attributed to the fact that SAM2 encodes modality-
invariant structural information, which is better preserved
by freezing under the small-sample setting. Therefore, the
full-freezing strategy is adopted in all experiments.

IV. CONCLUSION

In this paper, we proposed SAMDIff-TTR, a novel frame-
work for infrared-to-visible image generation in small-
sample data augmentation scenarios. By integrating SAM2-
based semantic guidance, diffusion-based generation, and
reference-free test-time refinement, the proposed method
improves both the quality of generated visible images and
their effectiveness for downstream detection under limited
paired-data conditions. Experiments on the DroneVehicle
dataset demonstrate that SAMDIiff-TTR achieves strong
performance in image generation quality and consistently
improves downstream object detection in the small-sample
setting. The results show that the proposed method can
effectively narrow the performance gap between limited
real-data training and full-data training. Ablation studies
further verify the effectiveness of the major components, in-
cluding SAM-based semantic guidance, the composite loss,
BATTR, and the MFFM design. In addition, freezing the
SAM2 encoder is shown to provide the best balance between
generation quality, downstream performance, and training
stability. Overall, SAMDIff-TTR provides an effective so-
lution for using infrared-to-visible generation to augment
visible-domain samples when strictly aligned paired data
are limited. Future work may explore accelerated diffusion
strategies to enable real-time deployment.
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