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A Preliminary Study on Object-Aware
RGB-to-Thermal Image Translation for Cooking
Scenes
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Abstract

Thermal image generation in cooking scenes is challeng-
ing because food temperatures continuously change during
the heating process, while visual appearance changes are of-
ten limited. In this study, we propose an RGB-to-thermal
image translation framework for cooking scenarios that in-
corporates temporal and cooking-state information. The
proposed method utilizes an initial RGB image, a current
RGB image, a normalized heating-progress condition, and
a flipping-state condition to model temperature evolution
during cooking. A conditional diffusion model is employed
to generate thermal images from these inputs. Experiments
are conducted on a paired RGB-thermal cooking dataset
consisting of beef-heating sequences. Quantitative and qual-
itative evaluation demonstrate that the proposed framework
can generate realistic thermal distributions and capture tem-
perature trends during cooking. Furthermore, the results
show that incorporating temporal and flipping-state infor-
mation improves thermal image generation and enables more
accurate modeling of temperature dynamics throughout the
cooking process.

1. Introduction

Thermal imaging provides valuable temperature informa-
tion for a wide range of applications, including industrial
inspection, autonomous driving, and human activity analy-
sis [1], [9]. Thermal imaging has also been widely used in
food-related applications, including food quality assessment,
temperature monitoring, and meat analysis [10]. In cook-
ing environments, thermal images can be used to monitor
food temperatures and estimate cooking states, which are
important for cooking assistance systems and food quality
assessment. However, thermal cameras are generally expen-
sive and difficult to deploy in everyday environments, mo-
tivating the development of methods that estimate thermal
information from conventional RGB images.
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Fig. 1: Examples of RGB-to-Thermal image translation in
cooking scenes. Similar RGB appearances may correspond
to different thermal distributions. GT denotes the ground-
truth thermal image. The proposed method utilizes tempo-
ral and cooking-state information to generate thermal im-
ages.

Recent advances in image-to-image translation have en-
abled the generation of thermal images from RGB images
Existing RGB-
to-thermal image translation methods have demonstrated

using deep learning techniques [3], [4].

promising performance in outdoor and autonomous driving
scenarios [1], where temperature distributions are relatively
stable and strongly correlated with object categories. These
approaches have shown that visual appearance can provide
useful cues for estimating thermal information.

As illustrated in Fig. 1, similar RGB appearances may
correspond to substantially different thermal distributions
during the cooking process. Therefore, thermal image gen-
eration in cooking scenes present unique challenges with con-
ventional RGB-to-thermal translation tasks. Unlike outdoor
environments, the temperature of food continuously changes
during the heating process. Furthermore, temperature dis-
tributions are influenced not only by object appearance but
also by cooking duration and heating conditions. As a re-
sult, the relationship between RGB appearance and tem-
perature is considerably more complex than that in conven-
tional RGB-to-thermal translation tasks.

To generate accurate thermal images in cooking envi-
ronments, additional information beyond visual appearance
should be considered. Food at different heating stages may
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exhibit very similar RGB appearances while corresponding
to substantially different temperature distributions. There-
fore, relying solely on the current RGB observation may be
insufficient for estimating thermal distributions. Comparing
the current RGB image with the initial RGB image provides
additional cues about the cooking progress and temperature
evolution. Moreover, cooking operations such as food flip-
ping can introduce abrupt changes in thermal evolution that
are difficult to infer solely from RGB observations. There-
fore, both temporal information and cooking-state informa-
tion are important for accurate thermal image generation.

In this study, we propose a cooking-oriented RGB-to-
thermal image translation framework that generates a ther-
mal image corresponding to the current cooking stage. The
proposed method utilizes the current RGB image as the pri-
mary visual observation, together with an initial RGB im-
age, a normalized heating-progress condition, and a flipping-
state condition as additional inputs. The initial RGB image
provides a reference before heating, allowing the model to
capture appearance changes and cooking progress that are
difficult to infer from the current RGB image alone. Experi-
ments conducted on a paired RGB-thermal cooking dataset
demonstrate that incorporating these cooking-related cues
improves thermal image generation and enables more accu-
rate modeling of temperature changes throughout the cook-
ing process.

2. Proposed Method

In this study, we propose a cooking-oriented RGB-to-
thermal image translation framework that generates ther-
mal images from RGB observations and cooking-related
conditions. The framework incorporates visual informa-
tion, temporal information, and cooking-state information
to model temperature evolution during the cooking process.

An overview of the proposed framework is shown in Fig. 2.

2.1 Cooking-Oriented RGB-to-Thermal Frame-
work

Generating thermal images in cooking environments is
challenging due to continuous temperature changes during
heating and food flipping. The proposed framework utilizes
visual observations and cooking-related conditions to esti-
mate thermal distributions.

Let Ro denote the RGB image captured before heating,
Ry denote the RGB image captured at frame index k, vy, de-
note the normalized heating-progress condition, and fx de-
note the flipping-state condition. The current RGB image
Ry, provides the primary visual observation corresponding
to the target thermal image, while the initial RGB image
Ry serves as a reference before heating. Comparing Ro and
Ry, provides cues about cooking progress and temperature
evolution that are difficult to infer from a single RGB ob-
servation. The RGB-to-thermal image translation task is
formulated as

Y = F(Ro, Rk, ¥k, fx), (1)
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Fig. 2: Overview of the proposed framework. Visual, tempo-
ral, and cooking-state information are integrated to generate
thermal images using a conditional diffusion model.

where Yj, denotes the thermal image corresponding to the
current cooking stage and F'(-) represents the translation
model.

As shown in Fig. 2, the initial RGB image R and the cur-
rent RGB image Ry are first processed by an RGB encoder
to extract visual representations. The extracted features are
aggregated as a visual embedding e, r, which captures ap-
pearance information of the food before and during heating.

In addition to visual observations, the framework incorpo-
rates two cooking-related conditions. The heating-progress
condition 7 is transformed into a heating-progress embed-
ding e to represent temporal progression during cooking.
Furthermore, the flipping-state condition fj is converted
into a flip embedding ey 5 to distinguish thermal character-
istics before and after food flipping. These embeddings are
combined with the visual embedding to construct condition
information for thermal image generation.

We adapt a conditional diffusion model due to its strong
capability in image generation and image-to-image transla-
tion tasks [5], [8]. The model receives both the noisy ther-
mal image and the condition information. During training,
Gaussian noise is progressively added to the ground-truth
thermal image to construct the diffusion process. The model
then learns to recover the corresponding thermal distribu-
tion through an iterative denoising process. By jointly uti-
lizing visual, temporal, and cooking-state information, the
proposed framework learns the relationship between food
appearance and temperature distributions throughout the
cooking process.

2.2 Temporal and Cooking-State Conditioning

Thermal distributions in cooking scenes are strongly in-
fluenced by both heating duration and cooking operations.
Food at different cooking stages may exhibit similar visual
appearances despite having substantially different temper-
ature distributions. Furthermore, food flipping introduces
abrupt changes in heat transfer and temperature evolution
that are difficult to infer solely from RGB observations.

To provide the diffusion model with temporal information,
a normalized heating-progress condition 7y is introduced.



The 29th Meeting on Image Recognition and Understanding

The condition is defined as

Tk = K’ (2)
where k denotes the current frame index and K denotes
the total number of frames in the cooking sequence. Conse-
quently, vy takes values in the range [0, 1], where 7y, = 0 cor-
responds to the beginning of the heating process and v, = 1
corresponds to the final stage.

Since v, is represented by a scalar value, it is transformed
through a multilayer perceptron (MLP) to obtain a heating-
progress embedding. The resulting heating-progress embed-
ding enables effective conditioning on cooking progress into
the conditional diffusion model.

In addition to temporal information, a binary flipping-
state condition fj is introduced to represent whether the
food has been flipped during cooking. Specifically,

o = {0, before .ﬂip.ping, 3)
1, after flipping.

The flipping-state condition is converted into a learnable em-
bedding ey through an embedding layer. This embedding
provides explicit information about the cooking state and
helps the model distinguish thermal characteristics before
and after flipping.

The heating-progress embedding e, 5 and flip embedding
ey, are combined with the visual embedding e, 5 extracted
from RGB observations to construct the condition informa-
tion

Ck = [€uv,k, €y,k» Ef,k) (4)

where cj, denotes the condition information used by the con-
ditional diffusion model. By integrating visual, temporal,
and cooking-state information into a unified representation,
the proposed framework can effectively model temperature
evolution throughout the cooking process.

2.3 Diffusion-Based Thermal Image Generation

The proposed framework employs a conditional diffu-
sion model to generate thermal images from RGB obser-
vations and cooking-related conditions. During training,
Gaussian noise is progressively added to the ground-truth
thermal image, while the model learns to recover the origi-
nal thermal distribution through an iterative denoising pro-
cess [5], [6], [7], [8].

Given a ground-truth thermal image xo, the forward diffu-
sion process generates a noisy image x+ by gradually adding
Gaussian noise according to

T = Varxo + V1 — e, (5)

where € ~ N(0,I) denotes Gaussian noise and az is the
cumulative noise schedule.

The denoising process is performed by a conditional U-
Net, which receives the noisy thermal image x: together
with the condition information c¢j defined in Section 2.2.

Raw RGB Image Raw Thermal Image  Aligned Dataset After ROI Cropping

Fig. 3:
dataset. The RGB and thermal images are first geomet-

Preprocessing procedure of the RGB-thermal

rically aligned to establish pixel-wise correspondence and
then cropped to a fixed region of interest for training and
evaluation.

The network predicts the noise component contained in x
as

€ = eg(wme,t,cp), (6)

where €p(+) denotes the noise prediction network parameter-
ized by 6.

Using the predicted noise, the model progressively re-
moves noise from the thermal image and reconstructs the
corresponding thermal distribution. By conditioning the
denoising process on cg, the model can exploit visual ap-
pearance, heating progression, and flipping-state informa-
tion throughout the generation process.

The model is trained by minimizing the noise prediction
loss

Laigt = Exg et [He — €p(ws, t, ck)||§} ) (7)

where Ez, . denotes the expectation over training sam-
ples zo, Gaussian noise €, and diffusion step ¢. This pro-
cess encourages the model to learn the mapping from RGB
observations and thermal distributions while incorporating
temporal and cooking-state information. During inference,
thermal images are generated by iteratively removing noise
from an initial random Gaussian sample under the guidance
of the condition information.

3. Experiments

3.1 Dataset and Experimental Settings

We constructed a paired RGB-thermal cooking dataset
consisting of synchronized beef-heating sequences. We cap-
tured synchronized RGB and thermal image sequences dur-
ing the heating process of beef, where RGB images record
food appearance and thermal images provide the corre-
sponding temperature distributions.

As shown in Fig. 3, RGB and thermal images were geo-
metrically aligned using a homography transformation esti-
mated from manually selected corresponding points between
the two modalities. The estimated transformation was ap-
plied to all image pairs to establish pixel-wise correspon-
dence between RGB and thermal images. The aligned image
pairs were then cropped to a fixed region of interest (ROI)
and resized to a resolution of 260 x 260 pixels for training
and evaluation. Finally, the dataset was divided into train-
ing and validation sets using different cooking sequences.

For each frame index k, the model receives an initial RGB
image Ro, a current RGB image Ry, a normalized heating-
progress condition %, and a flipping-state condition fx as
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Fig. 4: Qualitative thermal image generation results before

(b) After flipping (fr, = 1)

and after flipping.

Table 1: Quantitative comparison of thermal image genera-
tion performance. Heat denotes the heating-progress condi-
tion and Flip denotes the flipping-state condition.

Method MAE] PSNRt  SSIM?t
Baseline RGB-Thermal 2252.71 11.43 0.77
+ Heat 1617.68 16.65 0.86

Proposed (Heat 4 Flip) 1025.90 18.56 0.91

inputs. The corresponding thermal image is used as the
supervision signal during training.

The proposed framework was implemented using a condi-
tional diffusion model based on UNet2DConditionModel [2].
Performance was evaluated using mean absolute error
(MAE), peak signal-to-noise ratio (PSNR), and structural
similarity index measure (SSIM). The thermal images are
represented using 16-bit raw thermal values rather than cal-
ibrated temperature values in degrees Celsius. Therefore,
MAE is reported in the raw thermal value domain.

3.2 Experimental Results

Table 1 summarizes the quantitative evaluation results of
different conditioning strategies. Compared with the base-
line model, introducing the heating-progress condition con-
sistently improves all evaluation metircs, demonstrating the
importance of temporal information for modeling tempera-
ture evolution during cooking.

Incorporating the flipping-state condition achieves the
best overall performance, highlighting the importance of
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Fig. 5: Temperature evolution analysis before and after food
flipping.

cooking-state awareness for thermal image generation.

Fig. 4 presents qualitative thermal image generation re-
sults at different cooking stages before and after food flip-
ping. The generated thermal images successfully reproduce
the overall thermal distributions observed in the ground-
truth images. In particular, the proposed framework pre-
serves the spatial structure of the food while capturing tem-
perature variations throughout the heating process.

Most prediction errors are concentrated around food
boundaries and surrounding high-temperature regions, while
the generated thermal images remain largely consistent with
the ground-truth thermal distributions.

3.3 Temporal Analysis of Thermal Generation

Fig. 5 shows the temperature evolution of different regions
during cooking. The average thermal values of the meat,
pan, and background regions were computed from both the
generated and ground-truth thermal images.

The proposed framework successfully captures the tem-
perature trends before and after food flipping. The pre-
dicted temperatures of the pan and background regions re-
main close to the ground-truth values throughout the cook-
ing process. For the meat region, the generated thermal im-
ages generally follow the temperature evolution observed in
the ground-truth data, although a tendency toward temper-
ature underestimation can be observed during later cooking
stages.

4. Conclusion

In this paper, we proposed a cooking-oriented RGB-to-
thermal image translation framework using visual, temporal,
and flipping-state conditions. Experimental results demon-
strated that the proposed conditioning strategy improves
thermal image generation. Future work will extend the
framework to more diverse cooking scenarios and food cat-
egories.
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