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Abstract

In human behavior analysis (HBA), RGB data is the
predominant modality. However, its inherent limitations,
such as sensitivity to lighting conditions and potential pri-
vacy infringements, are of particular concern in the context
of HBA. Although thermal and depth data are less suscepti-
ble to these problems, datasets tailored to HBA within these
modalities are scarce. In order to alleviate this issue, we
present a generative approach for producing trimodal, in
particular, human-centric datasets by mapping from RGB to
thermal and depth. Using human segmentation masks from
RGB images and thermal/depth backgrounds, our method
employs conditional inpainting to produce high-quality syn-
thetic depth/thermal data. Initial results showcase the po-
tential of our proposed solution.

1. Introduction

Datasets in the domain of computer vision typically con-
sist of RGB data due to its accessibility and affordabil-
ity [9, 13]. Despite its popularity, this modality has draw-
backs: RGB sensors are vulnerable to lighting variations,
compromising performance in fluctuating conditions, and
privacy concerns in sensitive areas, especially in HBA, as
individuals are easily identifiable. In such cases, thermal
or depth sensors are preferable, as they detect human pres-
ence without revealing identifiable characteristics and are
less susceptible to lightning conditions.

While there are thermal and depth datasets containing la-
bels for HBA such as OSU Thermal Pedestrian Dataset [2],
ThermalWorld [8], and those by Heitzinger et al. [3, 4],
they are not as comprehensive as their RGB counter-
parts. Remarkably, to our knowledge, only the dataset by
Palermo et al. [11] provides a trimodal combination of
RGB, thermal, and depth data for human-centric analysis.

While synthetic generation approaches exist to address
this shortage, they all have their shortcomings: Thermal-

Figure 1. From RGB to depth and thermal: the top row features
depth images, while the bottom row showcases thermal ones; im-
ages are arranged from left to right as follows: conditional input,
inpainted output, ground truth, and absolute normalized error.

Synth [10] entails time-consuming processes and caters
only to specific applications; MiDaS [12], an image transla-
tion model, excels in depth map generation but cannot pro-
vide absolute depth values; and Thermal GAN [8] relies on
an older architecture which suggests potential room for im-
provements.

In this work, we propose a new approach to convert
RGB into depth and thermal to level out the imbalance be-
tween these modalities while at the same time alleviating
the aforementioned problems. In detail, once the mapping
model has been trained, our approach for generating tri-
modal datasets needs only two elements:

1. RGB Video Datasets of People with a Static Camera

2. Background Depth and Thermal Frames

The advantage of our method lies in the ease of acquir-
ing these two components: many RGB video datasets of
people with static cameras are publicly available, and ob-
taining background depth and thermal frames is straight-
forward. Consequently, our approach simplifies generat-
ing trimodal datasets, offering a more efficient alternative
to recording a conventional trimodal dataset from scratch.



Having acquired these components, we extract human seg-
mentation masks from RGB data by utilizing Segment Any-
thing Model (SAM) [7], a general-purpose segmentation
network. Then, we combine the masks with the background
thermal and depth images and use image-to-image tech-
niques to insert humans into these modalities.

This strategy builds on the stability of image-to-image
translation networks within the same modality, sidestepping
the error-prone task of direct RGB to thermal or depth con-
version.

2. Method: Mapping between Modalities

In our preprocessing pipeline, we utilize TRISTAR [14],
a trimodal dataset, to create input-output pairs of images
that are later used to train our mapping model:

1. Bounding Box Extraction: We extract bounding
boxes from the segmentation masks that encapsulate
the human figure in thermal and depth modalities.

2. Mask Dilation: We dilate the segmentation masks to
capture the human figure and its vicinity. This process
expands the boundaries of the masks with an 8 x 8 ker-
nel, ensuring that the surrounding context is consid-
ered as well.

3. Frame Modification: We create a copy for each depth
and thermal frame to modify it based on the dilated
mask. Specifically, pixels within the mask are set to the
respective modality’s mean value (thermal or depth).
Essentially, this step “erases” the human figures from
frames, replacing them with a modality-neutral value.

For our architecture, we draw inspiration from the
pix2pix framework [6]. In detail, our backbone model con-
sists of two separate UNets, one dedicated to thermal and
the other to depth inpainting. Each UNet consists of en-
coders, that comprise four convolutional blocks to progres-
sively downsample the input and extract meaningful fea-
tures, as well as decoders, that comprise the same number
of deconvolutional blocks to again upsample these features.

In order to train our network, we start with an initial
training phase using the Mean Squared Error (MSE) and
only later introduce a Discriminator, based on the Patch-
GAN architecture, to further refine and enhance our predic-
tions. The Discriminator is optimized every other epoch,
while the Generator (UNets) is optimized every epoch. Af-
ter the initial training phase, we modify the loss of the Gen-
erator: we combine the previously employed MSE loss,
which ensures adherence to the images in our dataset, and
the Binary Cross Entropy (BCE) loss, based on the Discrim-
inator, to improve quality on a more granular level. Pre-
cisely, the total Generator loss is composed of the following
weighted sum: 0.7 - MSE + 0.3 - BCE.

After training, we can employ this model to create ther-
mal and depth images using masks derived from RGB data
combined with matching depth and thermal frames.

A performance comparison between the model trained
only with the MSE loss and the one trained with the com-
bination of MSE and BCE loss is depicted in Table 1. For
a visual illustration of the mapping quality using MSE and
BCE loss, see Figure 1. In regard to evaluation metrics, we
compute the Root Mean Squared Error (RMSE) with a slid-
ing window of eight, as well as the Fréchet Inception Dis-
tance (FID) [5] and the Kernel Inception Distance (KID) [1]
using a pretrained Inception (v3) model. The metrics are
calculated for the whole image to allow the pretrained In-
ception model to analyze the contrast of the person to the
background.

Table 1. Comparison between UNet with MSE and MSE+BCE
on various metrics for thermal/depth image generation; lower is
better.

Modality Metric MSE MSE+BCE
RMSE 0.095 0.095
Thermal KID 0.089 £ 0.003  0.068 £ 0.002
FID 79.379 63.882
RMSE 0.139 0.133
Depth KID 0.056 £+ 0.002 0.060 + 0.003
FID 82.096 84.905

Notably, we utilized the latest feature layer (2048) of In-
ception, pretrained on RGB data. This, combined with the
difference in modalities (RGB versus depth and thermal),
negatively impacts the expressiveness of the FID and KID
metrics in our context. Hence, although our results gener-
ally showcase the usefulness of introducing an additional
BCE loss, especially for the thermal modality, they need to
be taken with a grain of salt.

3. Discussion and Conclusion

As the demand for thermal and depth datasets increases,
especially in scenarios requiring enhanced privacy and per-
formance in various lighting conditions, the search for vi-
able solutions becomes increasingly crucial. In this pa-
per, we introduced a new approach to fulfill this demand
by transforming existing RGB datasets into correspond-
ing thermal and depth counterparts. The initial results of
our proposed approach, coupled with its minimal require-
ments — namely, an RGB video dataset of people featur-
ing individuals in a static camera setting, along with back-
ground depth and thermal frames — underscore its viability
and applicability in real-world scenarios. While our find-
ings are promising, there remains room for improvement,
for instance, further investigations with diffusion models.
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