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Abstract. Accurate visible-to-thermal image generation holds signifi-
cant application value in fields such as vehicle detection and autonomous
driving. However, existing methods often suffer from the problem that
the generated results are inconsistent with environmental conditions and
vehicle states (e.g., moving/static). Moreover, the scarcity of synchro-
nized and calibrated visible-thermal image pairs has further hindered
the development of these fields. We propose AV2T-Gen, an innovative
environment and vehicle guided visible-to-thermal generation framework
built upon the Instruct-Pix2Pix Diffusion Models for aerial imagery,
which distinguishes itself from existing methods by explicitly incorpo-
rating environment parameters and vehicle state information for the
first time. The framework first maps images to the latent space using
a VAE to process image features efficiently, and then generates direc-
tional features for vehicles in different environmental conditions using
multimodal feature information. Meanwhile, we also proposed a visible-
thermal paired dataset with environmental conditions and vehicle states.
Experimental results have demonstrated that the generated thermal im-
ages outperform existing approaches in terms of physical realism and
vehicle detail discrimination significantly, with more accurate reflection
of environmental and vehicle characteristics. The code is available at
https://github.com/NPU-CVPG/AV2T.

Keywords: Visible-to-Thermal Translation · Diffusion Models · Envi-
ronment Guidance · Multimodal Perception

1 Introduction

Thermal imaging technology has become a crucial means of achieving reliable
scene understanding in complex environments. Its ability to present contrasts
caused by temperature differences is independent of external lighting conditions.
This importance is even more prominent in RGB-T fusion tasks [1].
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It is July 6th, 10:39:18. Set the 
environment to long wave infrared, 
temperature at 30.47°C, humidity at 
68.0%, pressure at 996.58 hPa, and 

wind speed at 3.42 m/s.

It is July 13th, 14:28:38. Set the 
environment to long wave infrared, 
temperature at 29.34°C, humidity at 
68.0%, pressure at 1001.48 hPa, and 

wind speed at 1.68 m/s.
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Fig. 1: Our method takes environmental conditions and target motion states as condi-
tions to generate thermal images that both comply with radiometrically plausible and
are consistent with the context. Additionally, we propose a novel paired visible-thermal
imaging dataset, which is annotated with rich environmental and target metadata.

Recent studies have explored this technology to improve tasks such as pedes-
trian detection [4,20], segmentation [27,31], and vehicle detection [16,41]. These
methods typically rely on paired RGB images and thermal images. However,
capturing thermal images requires specialized hardware, including infrared cam-
eras and sensors, making dataset collection both expensive and labor-intensive.
Meanwhile, accurately aligned visible-thermal image pairs are even more chal-
lenging to obtain. These limitations have prompted the use of generative models
to synthesize thermal images from RGB inputs as a more scalable and flexible
alternative. This approach ensures perfect alignment of details between authen-
tic RGB images and their synthesized thermal image counterparts, providing
high-quality data for tasks that require precise cross-modal correspondences,
such as dense feature matching [6, 26] and keypoint matching [17]. Benefiting
from these advantages, recent studies [8, 29, 37, 38] have demonstrated signif-
icant improvements in model performance on downstream tasks by leveraging
synthesized RGB-T datasets.

Early methods relied on Generative Adversarial Networks (GANs) [13,15,21],
but they often struggled with overfitting in low-data regimes and failed to pre-
serve physical realism. Diffusion models (DMs) [19] later emerged as a more
stable alternative, leveraging their ability to model complex distributions. How-
ever, many still treat translation as a style transfer task, neglecting critical fac-
tors such as vehicle-specific thermal signatures and environmental variability.
ThermalGen [24] employs a flow-based generative model to develop an RGB-T
conversion model that generates high-fidelity thermal images across diverse per-
spectives, sensor characteristics, and scenario categories. F-ViTA [22] introduced
a paradigm shift by integrating foundation models (e.g., SAM [12], Grounded
DINO [18], and CLIP [23]) to guide diffusion, outperforming state-of-the-art
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methods across near-infrared (NIR), medium-wave infrared (MWIR), and long-
wave infrared (LWIR) bands while generalizing well to out-of-distribution sce-
narios.

Despite this progress, key gaps remain. Existing methods often lack explicit
mechanisms to model dynamic environmental parameters (e.g., ambient tem-
perature) or vehicle states (e.g., motion), leading to generated thermal images
that do not align with real-world physics. Additionally, while F-ViTA enables
multi-band translation via text prompts, few approaches combine the strengths
of foundation-model guidance with fine-grained control over scene-specific fac-
tors. Moreover, the scarcity of datasets annotated with environment and vehicle
metadata limits the ability to train models that generalize across complex, un-
constrained scenarios.

In this work, we introduce AV2T-Gen, a novel framework that bridges these
gaps by integrating environment-awareness and vehicle-state modeling into a
diffusion-based translation pipeline (Fig. 1 right). Building on the foundation
of model guidance, our approach explicitly incorporates dynamic context, such
as ambient conditions and vehicle motion states, to generate thermal images
that are both physically consistent and contextually aligned. Furthermore, we
present a new paired visible-thermal dataset (Fig. 1 left) annotated with rich
environmental and vehicle metadata, addressing the data scarcity in context-
aware translation tasks.

Thus, our contributions are as follows:

– Environment parameters are systematically integrated into multimodal in-
put. A precise modal alignment mechanism ensures that generated infrared
images accurately reflect environmental conditions, boosting their physical
realism and scene adaptability.

– Leveraging vehicle states (e.g., static/dynamic), fine-grained generation of
infrared features is achieved. This closely aligns the generated results with
the vehicle’s actual state, enhancing detail discriminability and state consis-
tency in infrared images.

– A paired aerial-based dataset of visible and infrared images with a contin-
uous time series is constructed. It provides synchronized, calibrated image
pairs along with detailed annotations of environmental conditions and vehi-
cle states, offering high-quality data support for cross-modal generation and
fusion tasks that better align with real dynamic scenes.

2 Related Work

2.1 Synthetic Thermal Data in Downstream Tasks

Recent studies have shown a growing trend of leveraging synthetic thermal data
to enhance downstream tasks. XoFTR [35] applies random cosine transforms
to RGB images to improve cross-modal alignment performance. This alignment
capability can serve downstream tasks that rely on cross-modal collaboration;
AVIID [8] directly utilizes synthetic aerial thermal data for the downstream
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task of vehicle detection; STGL [37] and STHN [35,38], by synthesizing RGB-T
datasets, have respectively improved the performance of two types of downstream
tasks: satellite-thermal image retrieval and homography estimation. These stud-
ies demonstrate that thermal image synthesis is a practical and feasible solution
to address data scarcity in downstream tasks. In this study, we propose a general-
purpose RGB-T image translation model that generates high-quality synthetic
thermal data for widespread application in improving the performance of various
downstream tasks.

2.2 GAN-Driven RGB-Thermal Image Translation

In the existing literature, the conversion from visible light to thermal imaging has
been extensively studied, with most approaches addressing this problem using
Generative Adversarial Networks (GANs). Early studies [8, 10, 14, 30] primarily
employed GAN-based methods [7] to synthesize photorealistic thermal images,
adopting models like Pix2Pix [9,32], an image-to-image translation model based
on conditional adversarial networks and Cycle-GAN [43], which achieves stable
training by introducing additional consistency loss. However, these early GAN
models were not explicitly designed for the visible-to-thermal imaging task.

To address this specificity, researchers have proposed task-oriented GAN-
based approaches, such as ThermalGAN [13], which leverages thermal imag-
ing features for human recognition, and InfraGAN [21], which enables infrared-
domain translation for general scenes via pixel-level losses and structural similar-
ity. In recent years, advances in the field have followed two paths: on one hand,
GAN-based research has been refined with methods like EGGAN [15], which
utilizes edge map information of natural scenes to guide the conversion process;
on the other hand, more recent studies [24,42] have shifted to exploring diffusion
model-based approaches to achieve higher fidelity in thermal image synthesis.

2.3 Diffusion-Model-Powered RGB-Thermal Image Translation

As an alternative to the aforementioned GAN-based methods, the recently pro-
posed PID [19] adopts diffusion models to accomplish the conversion task. Ad-
ditionally, this study introduces physically meaningful loss functions to pre-
serve the physical properties of the generated infrared images. Another notable
diffusion-based method, F-ViTA, can produce high-quality conversion results
across three scenarios: LWIR, MWIR, and NIR.

Beyond GAN and diffusion model frameworks, recent style transfer meth-
ods [3,5,28,33,40] have also explored text-guided and style-image-guided trans-
fer paradigms. However, RGB-T image conversion faces unique challenges due
to fundamental differences between modalities: on the one hand, the RGB and
thermal domains cannot directly share weights; on the other hand, effective
conversion requires learning complex cross-modal relationships across different
RGB-T datasets. These challenges make it difficult to directly apply RGB-style
transfer methods to robust RGB-T image conversion models.
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Fig. 2: Method Overview. Environmental condition statements are additionally in-
corporated as inputs and encoded into Prompt Embeddings via CLIP. Concurrently,
vehicle state annotations are fused with universal labels derived from Ram-Grounding;
bounding boxes are fed into the SAM to generate Mask Embeddings, while labels are
encoded into Label Embeddings using CLIP. Collectively, these text-based embeddings
(i.e., Prompt Embeddings and Label Embeddings) and mask-based embeddings (i.e.,
Mask Embeddings) are simultaneously employed as control conditions for the UNet
architecture. In the latent space processing pipeline, the VAE first encodes visible-light
and infrared images into latent vectors IE and Z, respectively. Subsequently, Gaussian
noise is injected into the latent vectors to yield ZT . This vector ZT is then concate-
nated with IE to form the UNet’s input. The UNet performs predictive modeling to
output the latent vector Z′, which is ultimately decoded by the VAE to facilitate the
supervised training process of the entire framework.

3 Method

3.1 Overview

The pipeline of the proposed AV2T-Gen is shown in Fig. 2. Our method aims to
generate thermographic images with vehicle consistency from visible-light inputs
by leveraging vehicle-state annotations and foundation models as additional in-
formation inputs, combined with a diffusion model integrated with environmen-
tal context. This workflow consists of three interconnected components.

3.2 VAE-Based Latent Space Encoding and Decoding

To capture and reconstruct the structural and thermal properties of images in
a compact latent space, we employ a VAE for both visible images and ther-
mal images. Specifically, the VAE architecture adopts the architecture used in
Instruct-Pix2Pix [2], achieving stable performance across both visible and ther-
mal domains.
Visible Image Encoding. The pre-trained VAE, which is frozen during the
training process, encodes the visible input image into a latent vector IE . This
step compresses redundant information while extracting high-level structural
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Fig. 3: Condition Acquisition. We used YOLOv11 for vehicle detection on an aerial
image sequence to determine whether the vehicle is moving, thereby obtaining the
vehicle state labels; meanwhile, we acquired the environmental condition information
of the current location through the aerial’s GPS data.

features (e.g., vehicle shapes, scene layouts). The process can be expressed as:

IE = VE(IV ), (1)

where VE denotes the VAE Encoder, and IV is the input visible light image.
Thermal Image Encoding and Reconstruction. For thermal images IT ,
the VAE (frozen) encodes them into latent vectors Z. During the diffusion-based
generation stage, the goal is to learn a mapping from visible-light-derived latent
feature to thermal-like Z ′. Subsequently, the VAE decoder reconstructs the final
thermal image from the generated latent vector, expressed as:

I ′T = VD(Z ′), (2)

where VD denotes the VAE decoder.

3.3 Foundation Model-Driven Context Extraction

To incorporate semantic information, vehicle states, and environmental guidance
into thermal image generation, we leverage foundation models (Ram-Grounding [18,
39] for bounding boxes and label association, SAM [12] for segmentation, and
CLIP [23] for text-image alignment) to extract context-rich embeddings. This
ensures the physical accuracy of the generated infrared images.
Acquisition of Vehicle State Annotations and Environmental Prompts.
As shown in Fig. 3, for vehicle state annotation, we first trained a visible-light
vehicle detection model from a drone perspective using the Yolov11 [11] model.
Then, based on temporal sequences, we determined whether the same vehicle
is moving. Based on this, we can determine the state of each vehicle: station-
ary, moving, or unknown. Algorithm details are provided in the supplementary
material.
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Fig. 4: Acquisition of Em and El. We obtained general labels and bounding boxes
via the foundation model Ram-Grounding, which were combined with vehicle state
annotations. Finally, Em and El were derived using SAM and CLIP.

Regarding environmental conditions, we determine the shooting location and
time based on the GPS data and the capture time of thermal images. We obtain
the corresponding ecological conditions-time, temperature, humidity, air pres-
sure, and wind speed using the latitude and longitude of the relevant region and
an open-source climate platform. We then use interpolation algorithms to con-
vert discrete data into continuous values, enabling us to obtain environmental
conditions at any time point. Finally, we combine these ecological conditions to
generate prompts.
Mask Embeddings via SAM. First, using the Ram-Grounding model, com-
mon vehicle labels and bounding boxes are automatically identified from visible
light images. Concurrently, by integrating automatically annotated vehicle-state
files, complete labels and their corresponding bounding boxes are obtained. Next,
the visible-light images and bounding boxes are processed by SAM (Segment
Anything Model) to generate object masks (e.g., for vehicles, buildings). These
masks are encoded as mask embeddings Em, which capture the precise bound-
aries of vehicles.
Embedding Fusion with MLP. As shown in Fig. 4, CLIP encodes the com-
plete labels individually into label embeddings El, which capture semantic infor-
mation. The mask embeddings Em and label embeddings El are concatenated
and then fed into an MLP (trained) to generate integrated contextual embed-
dings. These embeddings are further combined with prompt embeddings Ep to
form the final guiding conditional input. This process is expressed as:

Ec = (Ep,MLP(Em, El)), (3)

where Ec denotes the final conditional embedding vector.
Physical Interpretation of Contextual Guidance. While AV2T-Gen does
not explicitly simulate the full radiative transfer equations, it effectively incor-
porates environmental contextual priors into the generation process. Specifi-
cally, the model captures material-dependent emissivity via semantic-material
grounding (facilitated by SAM and Ram-Grounding). Simultaneously, it implic-
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Table 1: We conducted training and testing separately for each scene, and also per-
formed combined training and testing using all scenes. In all cases, our method achieves
the best performance.

Method Scene 1 Scene 2 Scene 3 Scene 4 All scenes

PSNR↑ SSIM↑ FID↓ LPIPS↓ PSNR ↑ SSIM ↑ FID ↓ LPIPS↓ PSNR ↑ SSIM ↑ FID ↓ LPIPS↓ PSNR ↑ SSIM ↑ FID ↓ LPIPS↓ PSNR ↑ SSIM ↑ FID ↓ LPIPS↓

DiffV2IR [24] 23.32 0.701 108.40 0.36 22.76 0.651 82.01 0.37 21.62 0.632 135.75 0.39 23.23 0.693 85.20 0.37 22.35 0.620 108.54 0.39
PID [19] 23.35 0.660 100.12 0.36 22.15 0.593 84.11 0.37 22.26 0.628 84.94 0.36 21.75 0.623 83.16 0.37 22.33 0.621 106.13 0.36
sRGB-TIR [15] 23.43 0.708 107.49 0.36 22.80 0.652 82.03 0.38 18.58 0.552 80.85 0.40 23.23 0.692 84.67 0.37 22.34 0.619 110.83 0.39
ThermalGen [36] 24.30 0.771 93.73 0.33 23.02 0.710 69.83 0.26 23.91 0.751 71.02 0.35 23.97 0.738 72.73 0.32 23.94 0.734 83.16 0.37
Ours 25.27 0.791 78.11 0.25 24.00 0.710 58.53 0.23 24.42 0.761 60.08 0.28 24.64 0.760 52.50 0.25 24.08 0.750 67.45 0.29

itly approximates atmospheric attenuation by utilizing ambient humidity and
air pressure as effective proxy variables.

3.4 Diffusion-Based Thermal Generation with Denoising UNet

The denoising UNet (trained) is the core of the diffusion process, responsible
for transforming visible-derived latent IE , random noise ZT , and conditional
embedding Ec into thermal-like latent vector Z ′.
Diffusion Process. Starting from a noisy version of Z, the U-Net iteratively
removes noise over multiple timesteps. At each timestep t, the network takes the
current latent ZT−1 and the integrated context embeddings as input. Given by:

ZT−1 = U(ZT , Ec, IE), (4)

where U denotes the UNet. Until denoising is performed to obtain the predicted
latent vector Z ′, the predicted thermal image is obtained using Eq. 2.
QKV Attention Mechanism. Inside the UNet, QKV attention modules en-
able the network to capture long-range dependencies in the latent space, ensuring
that structural details (guided by SAM masks) and semantic consistency (guided
by CLIP labels and prompts) are preserved during denoising.
Loss Function. We use the L1 loss calculated from the latent vector Z ′ pre-
dicted by the UNet and the real latent vector Z as the latent space loss LLatent.
Meanwhile, we employ the Sobel operator to extract the edges of the predicted
image I ′T and the real image IT , and calculate the L1 loss of these edges as the
edge loss LEdge to preserve better scene structure. Additionally, we use VGG [25]
to compute the perceptual loss Lperception, which enhances the preservation of
detailed information.

L = λ1LLatent + λ2LEdge + λ3Lperception, (5)

where we empirically set λ1 = 1.0 , λ2 = 0.5 and λ3 = 0.25.

4 Experiments

4.1 Experiment Setup

Data Division. Our paired dataset of visible-infrared aerial views consists of
infrared images captured across different scenarios and months, spanning various
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Table 2: Distribution of Paired RGB-T Data. This table shows the number of
samples across different scenes as well as the split between the training set and test
set. All images are from an aerial perspective.

Scene Category Resolution Quantity Split Ratio

Scene 1 (substation)

640× 512

3,175

9/1Scene 2 (school) 9,428
Scene 3 (square) 10,505
Scene 4 (driving school) 6,564

All scenes 640× 512 29,672 9/1

daytime periods. We split each scenario into a training set and a validation set,
with detailed dataset information provided in Tab 2. Additionally, we combined
all scenarios into a unified set to ensure the generalization performance and
accuracy of our method.
Evaluation Metrics. Following the evaluation metrics and temperature assess-
ment indicators used in numerous visible to infrared conversion papers, we use
PSNR, SSIM [34], and FID of temperature values as the evaluation metrics.
Implementation Details. During training, we ran 100 epochs. Our experi-
mental environment consists of 8 NVIDIA RTX 4090 graphics cards (with 24GB
memory each), and the resolution of both training and testing images is set to
640×512. Additional details, including the dataset used, training configurations,
and other relevant information, are available in our supplementary materials.
Computational Complexity and Inference. Our complete AV2T-Gen frame-
work contains approximately 15.5B parameters, which are primarily concen-
trated in the foundation models (RAM, SAM) and the Diffusion Model. The
total inference time for a 640×512 image is approximately 10.00 seconds on a
single RTX 4090 GPU. We emphasize that AV2T-Gen is intentionally designed
as an offline high-fidelity data generation engine addressing the scarcity of paired
aerial RGB-T data. Thus, it prioritizes physical consistency and thermal realism
over real-time onboard deployment.

4.2 Comparison Experiment

Comparison Methods. We conducted training and testing both on individual
scenarios and across all scenarios. To evaluate our infrared image conversion
performance, we compared our method with the DiffV2IR [24], PID [19], sRGB-
TIR [15], and the ThermalGen [36]. To ensure fairness, we used the same datasets
and identical training and testing settings. Our method incorporates vehicle
states and environmental conditions, making it more physically realistic and
enabling it to yield more accurate results with additional inputs. Results. As
shown in Tab. 1, our AV2T-Gen outperforms other methods in quantitative
metrics. Fig. 5 presents the conversion results of different methods. Our method
produces more realistic, detail-rich conversions of both the environment and
vehicles than other methods, thanks to additional scene-aware inputs.
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      Visible                        GT                             Ours                     ThermalGen              sRGB-TIR                   PID                         DiffV2IR

Fig. 5: We conducted tests in four scenarios to verify the adaptability and performance
of our method. The figure above shows that our method outperforms other methods
in both environmental authenticity and vehicle prediction.

Efficiency and Fairness. As shown in Tab. 3, the diffusion process accounts for
over 94% , while the large-scale foundation models contribute negligible latency.
Crucially, these models remain frozen; only the MLP and UNet are trained. Thus,
performance gains stem from our proposed guidance mechanism and physical
priors rather than an unfair advantage in trainable capacity.
Cross-Dataset Generalization. To verify the cross-perspective robustness
and ensure our model does not merely overfit to specific dataset statistics,
we conducted zero-shot and fine-tuned evaluations on the public LLVIP bench-
mark [10]. As demonstrated in Tab. 4, even under zero-shot settings, AV2T-Gen
consistently outperforms state-of-the-art baselines like F-VITA and Thermal-
Gen. This confirms that our explicit MLP-based physical conditioning effectively
learns transferable physical radiance mappings rather than memorizing scenario-
specific correlations.
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Table 3: Inference Latency Analysis. We measure the runtime cost of each module
on a single RTX L40 GPU with input resolution 640×512. All time values are recorded
in seconds, and the total latency includes data reading and writing I/O overhead.

Module RAM SAM CLIP DM Total (Including I/O)

Time (s) 0.048 0.143 0.034 9.45 10.00

Table 4: Cross-dataset generalization on the LLVIP benchmark. We compare
the Zero-shot and Fine-tuned performance of our AV2T-Gen against baseline methods.
The results demonstrate that our framework maintains superior physical fidelity and
robustness across both settings, indicating effective learning of transferable physical
radiance mappings rather than overfitting.

Method Zero-shot Setting Fine-tuned Setting

PSNR↑ SSIM↑ FID↓ LPIPS↓ PSNR↑ SSIM↑ FID↓ LPIPS↓

DiffV2IR [24] 9.42 0.251 281.30 0.61 20.85 0.612 105.40 0.41
PID [19] 10.15 0.315 255.60 0.56 21.43 0.645 98.20 0.39
sRGB-TIR [15] 10.87 0.332 242.10 0.53 21.76 0.658 92.50 0.37
ThermalGen [36] 12.58 0.388 196.20 0.47 23.12 0.735 74.60 0.30
Ours 13.82 0.435 175.50 0.43 23.68 0.765 60.80 0.27

Table 5: Pedestrian Generation Quality on the LLVIP. We report PSNR, SSIM,
FID and LPIPS for evaluating the rendering quality.

Method PSNR ↑ SSIM ↑ FID ↓ LPIPS ↓

DiffV2IR [24] 21.02 0.635 102.40 0.38
PID [19] 21.85 0.662 95.10 0.35
ThermalGen [36] 23.15 0.742 70.42 0.28
Ours 24.32 0.785 52.15 0.21

Focus and Pedestrian Analysis. While the framework is optimized for these
aerial scenarios, we also evaluate it on the LLVIP benchmark. we fine-tuned
AV2T-Gen on the LLVIP dataset and calculated metrics for localized pedestrian
regions using ground-truth masks. As shown in Tab. 5, our method achieves
superior performance in fine-grained pedestrian generation compared to existing
baselines.
Cross-Scenario Transferability. Furthermore, to evaluate potential scene-
specific bias within our dataset, we trained a model variant solely on three scenes
and tested it on the unseen scene. As shown in Tab. 6, the minimal performance
drop between the in-domain setup and the cross-scenario setup validates our
model’s capacity to extract generalized physical priors across distinct environ-
ments.
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Table 6: Comprehensive cross-scenario generalization analysis. To evaluate
the robustness of our physical priors, we perform a leave-one-out cross-validation across
all four scenes (e.g., training on Scenes 2, 3, and 4, then testing on Scene 1). Compared
with the in-domain baseline performance (see Tab. 1), the highly competitive metrics
achieved in these cross-scenario settings demonstrate that AV2T-Gen effectively learns
generalized, environment-aware thermal representations.

Test Scene Training Scene PSNR↑ SSIM↑ FID↓ LPIPS↓

Scene 1 S2, S3, S4 23.75 (▼1.52) 0.742 (▼0.049) 90.15 (▲12.04) 0.31 (▲0.06)
Scene 2 S1, S3, S4 22.82 (▼1.18) 0.673 (▼0.037) 68.45 (▲9.92) 0.28 (▲0.05)
Scene 3 S1, S2, S4 23.15 (▼1.27) 0.722 (▼0.039) 71.24 (▲11.16) 0.34 (▲0.06)
Scene 4 S1, S2, S3 23.28 (▼1.36) 0.714 (▼0.046) 64.12 (▲11.62) 0.32 (▲0.07)

Table 7: Quantitative ablation study. We report PSNR, SSIM, FID and LPIPS
for evaluating the rendering quality.

Lperception Ledge V ehicle States Env. Prompt PSNR↑ SSIM↑ FID↓ LPIPS↓

✓ ✓ ✓ 23.14 0.716 72.19 0.30
✓ ✓ ✓ 22.90 0.722 68.00 0.30
✓ ✓ ✓ 22.93 0.732 73.83 0.30
✓ ✓ ✓ 22.29 0.700 77.66 0.31
✓ ✓ ✓ ✓ 24.08 0.750 67.45 0.29

4.3 Ablation Study

We conducted ablation experiments from three perspectives to demonstrate the
effectiveness of each component in our method: whether to use the vehicle state,
whether to use environmental conditions, and whether to use perception and edge
losses. For all data, the quantitative results of this ablation study are presented
in Tab. 7.
Vehicle State. We conducted experiments without using vehicle states. Since
the vehicle’s infrared characteristics vary across different states, as shown in
Tab. 7, an accurate conversion cannot always be achieved during infrared im-
age generation. Furthermore, as illustrated in Fig. 6, when vehicle states are
injected as conditions, infrared image generation becomes more accurate and
more consistent with the real world.
Environmental Conditions. We tested the strategy of not injecting environ-
mental conditions. In this strategy, because the input is only visible-light images
and lacks additional information, the network tends to learn the average infrared
features of the data, resulting in slightly lower style consistency and realism in
the generated infrared images. Table 7 presents the quantitative metrics of this
strategy, while Fig. 6 shows that infrared thermal image conversion with envi-
ronmental condition injection is more accurate. To further clarify the individual
contributions of different ambient variables and address potential parameter re-
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       Visible                           GT                    Full Model               w/o Lperception            w/o Ledge            w/o Vehicle States    w/o Env. Prompt

Fig. 6: We conducted visual comparisons under the conditions of using the complete
model, not using perceptual loss, not using edge loss, not using vehicle state labels,
and not using environmental change prompts, respectively. The experimental results
show that our strategy is optimal.

Table 8: Granular ablation of environmental parameters. We evaluate the
individual impact of Temperature (T ), Humidity (H), Wind Speed (V ), and Air
Pressure (P ) on generation quality. The results indicate an importance ranking of
T > H > V > P , demonstrating that our model effectively leverages multi-parameter
synergy rather than relying on a single dominant variable.

T H V P PSNR↑ SSIM↑ FID↓ LPIPS↓

✓ ✓ ✓ 23.41 0.725 71.30 0.30
✓ ✓ ✓ 23.68 0.736 69.85 0.30
✓ ✓ ✓ 23.85 0.742 68.70 0.29
✓ ✓ ✓ 23.97 0.747 67.92 0.29
✓ ✓ ✓ ✓ 24.08 0.750 67.45 0.29

dundancy, we conducted a granular sensitivity analysis. As detailed in Tab. 8,
the relative significance of factors influencing generation quality follows the de-
scending order of Temperature (T ) > Humidity (H) > Wind Speed (W ) > Pres-
sure (P ). This multi-parameter synergy highlights that our framework performs
physically-consistent radiance synthesis rather than generic style transfer.
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            GT                                Ours                         ThermalGen                 sRGB-TIR                          PID                             DiffV2IR

Fig. 7: Green boxes represent the detection results of each method. In the visualized
results, the thermal images generated by our method achieve more accurate detection.

Table 9: Detection Comparison. We used a comparative method to convert the
test sets of all images into infrared images, and then employed the same detector to
perform object detection on these infrared images. The results (unit: %) are as follows.

Method mAP↑ mAP_50↑ mAP_75↑ mAP_s↑

DiffV2IR [24] 6.1 17.3 2.6 5.1
PID [19] 0.3 0.7 0.02 0.1
sRGB-TIR [15] 7.33 16.3 5.2 6.0
ThermalGen [36] 11.7 29.4 6.9 10.7
Ours 15.6 35.9 11.1 14.2

Perception and Edge Losses. We performed ablation on the loss function
and found that considering only the latent loss leads to the loss of details. Incor-
porating more image-level losses improves the accuracy of the prediction details.
As shown in Tab. 7, adding the pixel-level loss further improves the results.
As illustrated in Fig. 6, our loss function significantly enhances the accuracy of
thermal image prediction.

4.4 Downstream Task - Vehicle Detection

We used a fine-tuned YOLOv11 to detect vehicles in authentic infrared im-
ages, using ground-truth annotations. Then, we converted our method and the
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Table 10: Quantitative Evaluation. (mv/st: moving/static). We report mAP50 (%)
metrics for two test sets A and B under moving and static scenarios.

Method A (mAP50)% B (mAP50)%

moving ↑ static ↑ moving ↑ static ↑

PID [19] 12.4 15.8 10.5 13.2
DiffV2IR [24] 35.6 38.2 32.4 35.8
ThermalGen [36] 52.4 55.6 48.5 51.2
Ours 80.2 75.6 78.4 73.1

comparative methods to infrared images and used the same detector to detect
vehicles. As shown in Tab. 9, our method can provide more accurate detection
metrics in the vehicle detection task. As shown in Fig 7, thermal images obtained
using our method can achieve more accurate detection results.

We also conducted separate cross-domain experiments in our datasets. As
shown in Tab. 10, Setup A assesses feature alignment by testing a detector
trained on authentic IR data. Conversely, Setup B validates practical utility
by training the detector on synthetic data and testing it on authentic IR. Our
strategy effectively generates fine-grained infrared features.

5 Conclusion

In this work, we address the crucial challenge of generating physically consistent
thermal images from visible-light data, a task vital for robust scene understand-
ing in scenarios where visible-light cameras fail. By introducing AV2T-Gen, we
integrate environmental awareness and vehicle-state modeling into a diffusion-
based translation pipeline and explicitly incorporate dynamic context, including
ambient conditions, vehicle motion, and sensor properties, thereby ensuring the
generated thermal images align with real-world physics. Moreover, we present a
novel paired visible-thermal dataset enriched with environmental conditions and
vehicle metadata, thereby alleviating the data-scarcity bottleneck for context-
aware translation tasks.

Experiments demonstrate that AV2T-Gen outperforms state-of-the-art meth-
ods in terms of physical consistency and contextual alignment. It effectively sup-
ports downstream tasks such as dense feature matching and object detection,
which require precise cross-modal correspondences. While our work advances
the field, future research can further integrate real-time sensor data and explore
granular vehicle prompts derived from temporal tracking history to refine the
physical fidelity of dynamic targets in unconstrained real-world scenarios.
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