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Abstract
The thermal-to-visible (T2V) face translation task is essential for
enabling face verification in low-light or dark conditions by convert-
ing thermal infrared faces into their visible counterparts. However,
this task faces two primary challenges. First, the inherent differ-
ences between the modalities hinder the effective use of thermal
information to guide RGB face reconstruction. Second, translated
RGB faces often lack the identity details of the corresponding visible
faces, such as skin color. To tackle these challenges, we introduce
DiffTV, the first Latent DiffusionModel (LDM) specifically designed
for T2V facial image translation with a focus on preserving iden-
tity. Our approach proposes a novel heterogeneous feature align-
ment strategy that bridges the modal gap and extracts both coarse-
and fine-grained identity features consistent with visible images.
Furthermore, a dual-stage condition injection strategy introduces
control information to guide identity-preserved translation. Exper-
imental results demonstrate the superior performance of DiffTV,
particularly in scenarios where maintaining identity integrity is
critical.
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1 Introduction
Face recognition technology serves both military and commercial
purposes and traditionally depends on images from the visible
spectrum. Recent studies [3, 27, 33] have demonstrated very high
recognition accuracies. However, these systems become less effec-
tive at night due to their dependence on sufficient lighting. Under
such conditions, thermal images are advantageous as they capture
the heat emitted by objects, requiring no external light source. Pre-
vious research has consistently demonstrated that thermal images
maintain greater flexibility under varied lighting conditions com-
pared to visible spectrum images [8, 41, 43]. Thus, One potential
solution to this challenge could involve retraining a network to
recognize faces using exclusively thermal imagery. Nevertheless,
this approach is challenging because traditional CNN-based facial
recognition methods [3, 33] generally require extensive datasets to
perform optimally, but large-scale thermal image datasets are not
widely available for public use.

In the field of image translation and face recognition, particu-
larly under challenging lighting conditions, researchers have in-
creasingly turned to an approach that leverages the capabilities of
conditional generative models. This method begins by translating
thermal images into the visible spectrum, after which traditional fa-
cial recognition algorithms are applied. GAN-based models [30, 35],
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which are popular for these tasks, have shown significant poten-
tial. However, they often face complex training challenges and are
vulnerable to data shortages, which can lead to issues with model
stability and training convergence.

In contrast, Denoising Diffusion Probabilistic Models (DDPMs)
[10] have risen to prominence in generative modeling, demon-
strating superior image synthesis capabilities that surpass those of
GANs, particularly in complex applications such as super-resolution
and denoising [7, 38]. However, DDPMs are limited by slow infer-
ence times due to their iterative process, which can be a drawback
for applications requiring rapid processing. To address this, inno-
vations like Denoising Diffusion Implicit Models (DDIM) [28] have
been developed to enhance sampling speeds. Yet, as the size of in-
put images grows, these models still face performance bottlenecks.
The integration of Latent Diffusion Models (LDM) [25] with DDIM
presents an effective solution, optimizing performance for larger
image sizes efficiently.

Figure 1: Face translation outcomes of the SpeakingFaces
dataset [1], TH denotes the thermal image and GT represents
the Ground Truth. The compared results come from UVC-
GAN [30], T2V-DDPM [22], and AxialGAN [13].

In the context of thermal-to-visible image conversion, both GANs
and DDPMs are confronted with the inherent limitations of ther-
mal imagery. Thermal images, by their very nature, do not capture
the same visual cues as visible light images, making it difficult to
extract cross-modal features. Previous studies [2, 11, 15, 37] have
consistently highlighted issues such as cross-modal skin color in-
consistencies in existing face recognition and translation methods,
which contribute to racial bias. Additionally, the subtle nuances
of facial features, such as expressions and other distinctive char-
acteristics, often become distorted or lost during the translation
process. As demonstrated in Figure 1, these challenges can result
in significant inconsistencies. In Figure 1, all methods except our
proposed DiffTV show varying degrees of identity detail loss. This
includes but is not limited to, changes in skin color, altered expres-
sions, and facial distortions, potentially leading to final images that
barely resemble the original individual, thereby undermining the
goal of producing a realistic and accurate visible representation.

To address these challenges, we introduce DiffTV, the first Latent
Diffusion Model (LDM) specifically designed for Thermal-to-Visible
(T2V) facial image translation, which performs well in maintain-
ing identity features. Leveraging the efficiency of operating in a
lower-dimensional latent space, LDM greatly speeds up the infer-
ence process while maintaining high-quality image generation. As

illustrated in Figure 2 and Figure 3, DiffTV employs a novel hetero-
geneous feature alignment strategy along with a dual-stage condi-
tional injection. This approach effectively bridges the modality gap
and enhances the translation process from coarse to fine-grained
details. With its superior performance, DiffTV alleviates the press-
ing issues of previous methods significantly, setting a new SOTA
for identity-preserved facial recognition in challenging lighting
conditions.

In summary, our contributions are fourfold:
• We introduce DiffTV, the first LDM-based model specifically
designed for T2V facial image translation.

• We propose a novel heterogeneous feature alignment strat-
egy that effectively extracts identity features from thermal
images, ensuring the retention of identity details throughout
the translation process.

• We incorporate a dual-stage conditional injectionmechanism
within DiffTV to facilitate a more refined identity-preserved
translation from thermal images to visible images. This pro-
cess allows for a granular control from coarse to fine details,
significantly enhancing the model’s practicality and perfor-
mance in maintaining identity integrity.

• Through extensive evaluations on public datasets, we demon-
strate that DiffTV outperforms existing translation methods
in T2V task. This superiority is evident in scenarios demand-
ing high fidelity in identity preservation.

2 Related Work
2.1 GAN-based Face Translation Networks
For Heterogeneous Face Recognition (HFR) tasks, GAN-based face
translation networks have made significant advancements in re-
cent years. SAGAN [4] utilizes self-attention modules to effectively
synthesize visible faces from thermal images for cross-modal match-
ing, capitalizing on discriminative information about a person’s
identity inherent in thermal images. Axial-GAN [13] employs axial-
attention layers that harness the latest developments in transform-
ers to model long-range dependencies, enabling the synthesis of
high-resolution visible images for matching. VPGAN [20] leverages
established facial priors from the visible domain to avoid learning
the generation process from scratch. UVCGAN [30] improves the
quality and diversity of image translations by integrating the non-
local pattern learning capabilities of ViT with the cycle-consistency
constraints of Cycle-Consistent GANs. HiFaceGAN [35] incremen-
tally restores facial details using hierarchical semantic guidance,
addressing the complex task of reconstructing faces with heteroge-
neous degradation and rich background contents. GP-UNIT [36]
establishes coarse-level cross-domain correspondences with a gen-
erative prior and refines these through adversarial translations.

2.2 DDPM-based Face Translation Networks
To date, there are relatively fewmethods applyingDDPM to thermal-
to-visible translation, although some existing cross-modal face
translation techniques could be adapted to this task. T2V-DDPM
[22] is the first to present a DDPM-based solution for the Thermal-
to-Visible (T2V) face translation problem. A novel inference strategy
is introduced to accelerate the inference process. AT-DDPM [21]
is trained using a progressive training framework and an efficient
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sampling technique is introduced to reduce inference time. BBDM
[17] is the �rst method to propose the use of Brownian Bridge
di�usion processes for image-to-image translation. It directly mod-
els the translation between two domains through a bidirectional
di�usion process. Di�useIT [16] extracts intermediate keys from
the ViT model and uses them as loss of content preservation. These
DDPM-based approaches have demonstrated signi�cant improve-
ments in the quality of their output, as evidenced by metrics that
assess the realism of the generated images, such as the Fréchet
Inception Distance (FID) [9], and those that measure structural
similarity, like the Structural Similarity Index (SSIM). In addition,
there is research exploring the connection between the capacity of
DDPMs to learn conditional distributions and the optimal trans-
port theory, which seeks to �nd the most e�cient transformation
between two distributions [29].

2.3 Identity Preserving Image Generation
Identity-preserving image generation emphasizes the generation of
images with distinct facial attributes that carry signi�cant seman-
tic meaning. Low-Rank Adaptation (LoRA) [12] is a widely-used,
lightweight training method that involves adding a small number
of additional weights into the pre-existing model to accommodate
new datasets. However, LoRA's requirement for individual training
for each novel character restricts its adaptability. Face0 [31] em-
ploys a technique that replaces the last three text tokens in CLIP
space with the projected facial embedding, utilizing the combined
embedding to guide the di�usion process. PhotoMaker [18] follows
a similar strategy but enhances its capability to capture identity-
speci�c embeddings by �ne-tuning certain Transformer [5] layers
within the image encoder and combining class and image embed-
dings. FaceStudio [34] introduces a hybrid-guidance framework for
identity-preserving image synthesis, where facial embeddings are
incorporated into both the visual and textual embeddings of CLIP
through linear projection.

3 Method
In this section, we explore the methodology of our Di�TV approach
for Thermal-to-Visible (T2V) image translation. Section 3.1 provides
a brief summary of the thermal-to-visible task and our Di�TV, and
outlines the main points and scope of the content that follows.
Section 3.2 introduces the preliminaries and covers essential back-
ground information. The subsequent sections, 3.3 and 3.4, describe
the Latent Di�usion Model (LDM) pipeline and the heterogeneous
feature alignment strategy, respectively. Section 3.5 discusses how
skin color features and Arcface identity details are combined for
enhanced detail retention.

3.1 Overview
Assume that we have a dataset� = f¹ � ¹8º

C� • �¹8º
E º#

8=1gwhere� ¹8º
C� is the

i-th thermal image and� ¹8º
E is its corresponding visible image. We

aim to train a generative model� parameterized by\ to minimize
the distributional discrepancy between generated visible images�̂E
and real visible images�E. Formally, our objective is to solve:

min
\

E¹�C� •�Eº� � »L ¹�E• � ¹�C�; \ ºº¼• (1)

where L is a loss function measuring the �delity of translation,
so that we can ensure accurate thermal-to-visible translation. This
translation process aims to bridge the modality gap between ther-
mal and visible spectra, enabling the generation of visually infor-
mative images from thermal inputs.

In the process depicted in Figure 2, our Di�TV leverages the
cutting-edge latent di�usion models tailored to convert thermal
images into RGB counterparts. Alongside this core pipeline, we
have developed a novel feature alignment strategy that skillfully
extracts identity details from thermal images. This strategy is criti-
cal in ensuring that the generated visual outputs closely match the
actual faces, thereby maintaining both consistency and accuracy.
We then progressively incorporate detailed identity cues into the
translation process, which is crucial for producing high-�delity
facial reconstructions.

3.2 Preliminaries
Latent Di�usion . Our method leverages the Latent Di�usion ar-
chitecture [25], which e�ciently executes the di�usion process
with an auto-encoder [32] in a low-dimensional latent space rather
than in the pixel domain. Speci�cally, an input imageG8 2 ' � � , � 3

is initially transformed by the encoder into a latent form:I 0 = b¹G8º,
with I 0 2 ' � � F � 2. Here,5 = � •� = , •F denotes the downsam-
pling factor and2symbolizes the dimensionality of the latent space.
The di�usion process adopts a denoising UNet [26] n\ to denoise a
normally-distributed noisen with noisy latentI C, current timestep
C, and condition� . The condition� is derived from the embeddings
of prompts created by a specialized condition encoder. The overall
training objective is de�ned as:

L = EI C•C•�•ns N¹ 0•1º »jjn � n\ ¹I C• C• �º j j22¼” (2)

Controllable Di�usion Models . We utilize ControlNet [40]
as an exemplar, which is capable of adding spatial control to a
pre-trained di�usion model as conditions, extending beyond the
capabilities of basic textual prompts. ControlNet integrates the
UNet architecture from Stable Di�usion with a trainable replica
of UNet. This replica features zero convolution layers within the
encoder blocks and the middle block. The full process of ControlNet
is executed as follows,

~2 = F ¹G• \º ¸ Z¹F ¹ G¸ Z¹ 2• \I 1º• \2º• \ I 2º” (3)

ControlNet sets itself apart from the foundational Stable Di�usion
model through its innovative use of residuals, speci�cally within
the F component, which is the UNet structure. Here,Gdenotes the
latent,\ refers to the frozen weights of the pre-trained model, and
I corresponds to zero convolutions, in�uenced by weights\ I 1 and
\ I 2, while \ 2 represents the modi�able weights within ControlNet.
In essence, ControlNet encodes spatial condition information by
adding residuals to UNet Block and then embeds it into the original
network.

3.3 LDM Pipeline
Our tailored latent di�usion model is intricately composed of three
fundamental components: a VQ-VAE model [32], a conditional en-
coder for thermal images, and a di�usion Unet model [26]. All of
these constituent models are trained from scratch.
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Figure 2: Pipeline of our Di�TV. Firstly, we train a VQ-VAE model from scratch, so that the denoising process can be performed in
the latent space (We note that GC is a latent noise). We employ the ArcFace model (Parameter frozen, source from heterogeneous
feature alignment illustrated in Section 3.4) for �ne-grained identity feature extraction from thermal images while leveraging
the skin color labels to guide the generation process.

To elaborate, we start our work�ow by training a VQ-VAE model
dedicated to reconstructing visible images. Following this, we pro-
ceed to train another VQ-VAE model, this time focusing on the
reconstruction of thermal images. The encoder from this second
VQ-VAE model is then utilized as the conditional thermal encoder,
setting the stage for subsequent translation tasks.

Next, we train a DDPM UNet model within the latent space, while
keeping the parameters of the initial VQ-VAE and the conditional
encoder �xed. This strategy allows for the e�ective integration of
thermal-speci�c features into our translation framework, signi�-
cantly enhancing the �delity and quality of the generated images.

Overall, our LDM pipeline is formally as follows:

�̂E = D¹E¹n\ ¹I ; � C�¹�C�ºººº• (4)

whereD •E represents the encoder and decoder of the �rst-stage
VQ-VAE model,n and� C� represents the di�usion noise predictor
and the conditional thermal encoder.

3.4 Heterogeneous Feature Alignment
To e�ectively extract and align identity features from thermal im-
ages, we implement a heterogeneous feature alignment strategy
using ArcFace, which is known for its �ne-grained identity represen-
tation capabilities. ArcFace's strength lies in its attention to detailed
facial features, which allows for a more nuanced understanding
and encoding of identity characteristics. As shown in Figure 3, by
employing this model in a trainable setup for thermal images, we
take advantage of its sophisticated embedding mechanism to distill
identity information from thermal data.

For the RGB images, we utilize the frozen ArcFace-S model (de-
noted as�A2( ), which produces a robust embedding4'� � for each
RGB input image� '� � :

4'� � = �A2( ¹� '� � º” (5)

On the other hand, for thermal images, we employ a trainable
version of the Arcface model, noted as�A2) , allowing it to adapt
and learn the speci�c features of thermal data to produce embedding
4) �4A<0; for each thermal input image�) �4A<0; :

4) �4A<0; = �A2) ¹�) �4A<0; º” (6)

To align features from both modalities and contribute to identity
preservation, we calculate the Identity Loss! � � as the cosine simi-
larity between the thermal and RGB embeddings:

! � � = 1 �
4'� � � 4) �4A<0;

k4'� � kk4) �4A<0; k
” (7)

The embeddings are then used to compute the skin color loss! (:8=
for skin color classi�cation through a Classi�cation Head (MLP),
ensuring that the model discriminates between di�erent identities
e�ectively:

! (:8= = ��� ¹�;0BB¹4'� � º• �;0BB¹4) �4A<0; ºº• (8)

where��� ¹�º denotes for Binary CrossEntropy loss function.�;0BB¹�º
represents the skin color classi�cation head. By minimizing both
loss functions during training, we enhance the capability of our
model to maintain identity and skin-color consistency across ther-
mal and RGB modalities.

This distilled knowledge is then applied to ensure that the gen-
erated visual representations retain the critical identity traits of the
input thermal images. Through this strategy, our model manages
to overcome the challenge of translating identity cues from the
visual spectrum to the thermal spectrum, enhancing the �delity
and recognition accuracy of the thermal-to-visible translation.

3.5 Dual-stage Conditional Injection
Skin Color Consistency . The latent di�usion model has demon-
strated remarkable superiority over previous methods. Nevertheless,
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Figure 3: Details of our proposed heterogeneous feature align-
ment strategy. We simultaneously aligned the Arcface em-
beddings and skin color classi�cation results of both the
thermal image and RGB image.

owing to the inherent limitation that thermal infrared images do
not inherently provide skin color information, some discrepancies
in skin color may arise between generated faces and ground truth
faces. Consequently, to deal with this challenge, we use the het-
erogeneous feature alignment strategy mentioned above to extract
identity features directly from thermal images.

As depicted in Figure 2 and 3, the frozen Arcface uses a pre-
trained backbone, capable of extracting facial embeddings. Further-
more, we categorized skin colors in the dataset into �Dark Skin�
and �Not Dark Skin� and trained a classi�er to achieve binary clas-
si�cation with almost 100 percent accuracy. We then froze the
parameters of this classi�er and the pre-trained model of Arcface
within our Heterogeneous Feature Alignment Strategy. This ap-
proach e�ectively imparts the feature extraction capability of RGB
faces to thermal modality faces using a concept akin to knowledge
distillation.

Based on thermal faces, an almost 100 percent accuracy of binary
skin color classi�cation can be also achieved. We then initialize
two learnable vectors to represent the dark- and light-skin people,
respectively. Each infrared face can be assigned to a color category,
so the Equation 4 is modi�ed as follows:

�̂E = D¹E¹n\•? ¹I ; � C�¹�C�º•Aººº• (9)

where? represents the skin color encoder which is an MLP structure.
Adenotes the skin color.

Identity Preservertion . Despite the alleviation of skin color
inconsistency, the translated visible faces continue to exhibit a
de�ciency in capturing �ne-grained identity details. To mitigate
this issue, we introduce an additional re�nement step.

Speci�cally, we employ ArcFace-T embedding in Section 3.4 as
the identity embedding, leveraging its discriminative power to en-
hance the preservation of �ne-grained identity features. Addition-
ally, we integrate ControlNet [40] into our framework to �ne-tune
the trained model in the �nal stage. This re�nement process ensures

a more comprehensive and accurate translation, resulting in visible
faces that faithfully represent the identity details present in the
thermal images.

4 Experiments
In this section, we provide details on experiments, datasets utilized,
ablation studies performed, and comparisons with other methods.

Starting with the implementation details, we outline the experi-
mental parameter settings in the experimental process. We will then
describe the datasets used to train and test our models. Moreover,
this section will include an ablation study aimed at uncovering the
roles and signi�cance of individual components within the model.
By progressively simplifying the model, we can gain a clearer un-
derstanding of the contribution of each part to the �nal outcome.
Finally, we will present the performance of our method on two
datasets: SpeakingFaces [1] and ARL-VTF [24], and compare it with
existing techniques.

4.1 Implementation Details
Our model architecture comprises a di�usion model parameterized
with a base learning rate of2”0 � 10� 6. The di�usion process is
characterized by a linear noise schedule starting from 0.00085 to
0.012 over 1000 timesteps, facilitating a detailed and controlled
generation process. Di�TV uses a batch size of 42 and is trained,
validated, and tested on speci�cally curated datasets comprising
thermal and visible images. The model is set to train for a maximum
of 300 epochs, with validation checks every 5 epochs to monitor
progress.

4.2 Datasets
In our experiments, we concentrate on the task of translating128�
128thermal images to128� 128visible images. Our primary goal
is to improve the quality of the generated faces and improve the
accuracy of facial recognition. Presently, there are no established
benchmarks for thermal-to-visible face translation, so we reference
the datasets used in the works [1, 24] for our experimentation. We
conduct tests across the two distinct datasets tailored to T2V face
translation. Further details on each dataset and the benchmarks
used for evaluation are discussed in the following section.

SpeakingFaces dataset [1] : The SpeakingFaces dataset o�ers a
vast, publicly accessible multimodal corpus suitable for machine
learning studies that leverage thermal, visual, and auditory streams.
It is comprised of aligned high-resolution thermal and visual spec-
tra image streams of fully-framed faces synchronized with audio
recordings of each subject speaking approximately 100 imperative
phrases. Sourced from a diverse pool of 142 subjects, it presents
over 13,000 synchronized samples. Notably gender-balanced and
ethnically varied, subjects are recorded from multiple angles. The
dataset is split into three parts: train set, validation set, and test set,
with each set containing unique subjects. The synchronized sam-
ples and the wide diversity of subjects render the SpeakingFaces
dataset a robust and challenging resource for research endeavors.

ARL-VTF dataset [ 24] : Unlike the SpeakingFaces dataset, the
ARL-VTF dataset consists of facial images captured in the Long
Wave Infrared (LWIR) modality. The dataset also provides the image
capture settings for aligning the faces. However, the visible images
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