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Abstract—Low visibility scenarios present a significant cha-
llenge in the development of robust perception systems due
to the difficulty in replicating real conditions and the lack of
available data for training neural networks across a wide range
of situations. This problem is even more pronounced when
using less common sensors such as thermal (infrared) cameras,
which operate in the non-visible spectrum and provide better
performance in low light, dusty, or smoky conditions. This paper
addresses the problem of dataset generation in such scenarios
by proposing an automatic labeling method that leverages the
capabilities of pre-trained networks on images captured in the
visible spectrum using traditional cameras. We evaluate the
proposed method by comparing the quality of automatically
generated datasets with manually annotated datasets. Finally,
we demonstrate the versatility of training a network in the non-
visible spectrum and applying it to low visibility situations.

Index Terms—automatic labeling, neural networks, infrared
camera, dataset generation

I. INTRODUCTION

With the advancement of robotic systems and their deploy-
ment in real-world scenarios, new challenges are emerging
that have been minimally addressed in the literature. One
significant challenge is operating in environments with low
visibility conditions, such as those caused by dust, fog, and
smoke, which are commonly found in construction sites,
firefighting scenarios, and certain industrial settings. In these
scenarios, the use of thermal imaging cameras is emerging as
a viable technology to address the perception problems that
robotic systems equipped with traditional cameras may not be
able to solve.

Thermal imaging cameras, also known as infrared (IR)
cameras, operate within the long-wave infrared spectrum,
detecting the thermal or heat signature of objects. All everyday
objects emit a certain level of invisible infrared radiation,
which these cameras are designed to capture. This ability
allows them to perform well in environments with dust, fog,
or low-light conditions, where traditional (i.e., RGB) cameras
often fail. By relying on infrared thermography, IR cameras
can provide clear visibility and reliable images despite these
common visual obstructions, making them essential for robotic
applications in challenging conditions.

One of the key objectives of a perception system in these
environments is to provide a comprehensive understanding of
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Fig. 1. Overview of our automatic labeling approach. Labels generated from
visible spectrum images (top) are transferred to corresponding thermal images
(bottom), which are then used to train new models.

the surroundings, which in a basic interpretation involves the
detection and tracking of various entities, such as objects, other
vehicles, and people. To achieve this, neural network-based
techniques represent the state-of-the-art solutions.

Training neural networks for object detection tasks heavily
relies on the availability of annotated datasets tailored to
specific fields of interest. Creating such datasets is a labor-
intensive and time-consuming process, but over the past
decade, it resulted in an abundance of datasets using traditional
images, which has significantly contributed to the development
of robust and accurate object detection and tracking systems.
Pre-trained networks on these datasets perform well in good
visibility conditions, such as scenes without occlusions, dust,
or fog. However, there still remains a notable scarcity of
datasets for IR images in low visibility conditions and a variety
of scenarios.

This paper addresses the significant challenge posed by the
scarcity of datasets for IR cameras operating in low visibility
environments. To tackle this issue, we propose an automatic
labeling methodology that leverages the use of object detection
networks pre-trained on RGB images to identify objects and
transfer these labels to IR images. Specifically, we apply
the YOLO [1] neural network to datasets containing paired
RGB-IR images captured in visible RGB scenes, automating
the labeling process for IR images. Figure 1 shows an ex-
ample of this process. Subsequently, in our experiments, we
analyze the quality and confidence of the generated dataset
and demonstrate that retraining a network with these labeled



IR images allows us to effectively apply the trained model to
IR images acquired in non-visible conditions.

II. RELATED WORK

Thermal imaging technology is becoming widely popular in
applications demanding robust perception and image analysis
systems [2]. For instance, in firefighting, thermal cameras
can enhance visibility for firefighters navigating in smoky
scenarios [3], improving their situational awareness. In agri-
culture, these cameras can assist in crop health monitoring and
irrigation scheduling [4]. In the medical field, thermal imaging
aids in disease diagnosis by detecting abnormal temperature
patterns [5] and, in the automotive sector, provides advanced
driver assistance systems (ADAS) with enhanced security and
vehicle safety [6].

Most of these applications require the availability of trai-
ning datasets. While numerous datasets exist for traditional
cameras, such as COCO [7], ImageNet [8], and others, there
are very few annotated datasets containing thermal images.
Some exceptions can be found in the FLIR dataset [9], which
includes annotations in IR images, and the M3FD [10] and
LLVIP [11], which also include annotated paired RGB-IR
images. However, the annotated paired RGB-IR images are
often restricted to annotations for a few classes, as is the
case of the LLVIP, which is labeled exclusively for people
detection. Additionally, there are other databases that include
non-labeled paired RGB-IR images such as the OSU Color-
Thermal [12].

The creation of annotated datasets is crucial for training
neural networks to develop advanced perception systems.
Traditional approaches often rely on manually labeled data,
which requires significant effort and time. Tools like X-
AnyLabelling [13] offer a semi-automated solution by utilizing
an Al inference engine to assist in the labeling process; how-
ever, user guidance is still required, as the user must actively
select the objects to label. As an alternative to human inter-
vention, automatic or unsupervised labeling approaches have
been proposed to annotate datasets efficiently. Several studies
have demonstrated the effectiveness of using synthetic data
generated from simulators to automate the labeling process.
For instance, in [14], Blender was used to model 3D objects
resembling real-world scenes with high fidelity, enabling the
creation of diverse and accurately labeled datasets. In the
context of robotics, Gazebo was used in [15] to create a
comprehensive dataset for mobile robot navigation, including
LiDAR and stereo images as annotated perception data. The
autonomous driving simulator CARLA has also been used
in [16], which proposes a tool for generating synthetic datasets
by leveraging CARLA’s capability to provide ground truth
semantic segmentation. In [17], it is shown that relying on
modern graphics engines to generate a training dataset can
achieve comparable performance to manually annotated data.

A different set of studies aiming to reduce human inter-
vention and the annotation efforts falls under the category of
transfer learning [18]. For example, in [19], the authors discuss
the use of supervisory networks to transfer mid-level CNN
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Fig. 2. Pipeline of the proposed automatic labeling approach. The process
begins with object detection in RGB images using a pre-trained network.
Detected labels are then transferred to corresponding IR images, followed by
dataset creation and model training using the newly labeled thermal images.

layers between different modalities, specifically from the RGB
to the depth domain. This approach leverages the extensive
availability of datasets recorded with RGB-D cameras and
demonstrates that faster training models can be achieved while
enhancing performance across modalities.

In the realm of thermal imaging, automatic labeling tech-
niques have also been explored to generate annotated thermal
images datasets, essential for developing robust perception
systems in low visibility conditions. For example, in [20],
the authors propose a superimposition method between gray-
scale and low resolution IR images to automatically annotate
an IR dataset for people detection. In [21], an approach
similar to ours was proposed, where RGB image labels are
used for labeling thermal images. Additionally, their approach
combines detections in the RGB images with bounding boxes
generated from 3D LiDAR data, enhancing the accuracy of
the transferred labels. We propose a similar methodology to
train a network using different non-labeled datasets, which is
later applied to images acquired in low visibility environments,
where training in the visible spectrum would not have been
feasible.

III. METHODOLOGY

Our approach offers a solution to the challenge of creating
annotated datasets for low visibility conditions. The overview
of our methodology is shown in Fig. 2. In summary, we
leverage pre-trained models on RGB images to identify objects
in paired RGB-IR datasets and automatically transfer these
labels to the IR images, allowing us to subsequently train new
models on the IR data. The method is structured into several
key steps, described in the rest of this section.

A. RGB and IR image collection

The first step in our methodology involves obtaining regis-
tered pairs of RGB and IR images. This registration ensures
that there is a pixel-to-pixel correspondence between the two
image types, which is crucial for accurate label transfer. Some
commonly used sensors in robotics, such as the Orbbec Astra
Pro, Intel RealSense, and FLIR thermal cameras, inherently
provide registered RGB and infrared streams from the same
sensor, simplifying the process.



In cases where registration is not readily available but the
images have been captured simultaneously, it is possible to
synchronize the images and calculate the homography between
them. This homography can then be applied to align the IR
images with the RGB images, ensuring proper registration.

B. Running YOLO for object detection

In low visibility conditions, such as those with low light,
dust, or smoke, the direct use of paired RGB-IR images
is not feasible due to both the lack of data and potential
detection failures in the visible spectrum. Furthermore, as we
will show in our experimental section, while IR images may
resemble grayscale images, pre-trained models often perform
inadequately in the IR spectrum. Therefore, our methodology
relies on RGB-IR pairs captured under clear conditions to train
our models effectively. In this process, we use a supervisory
network to identify and transfer detections of objects of
interest from RGB to IR images. This network can be a pre-
trained YOLO model or any other network tailored to specific
target domains, such as medical imaging or construction.

The first step to transfer detections from RGB images to IR
images involves obtaining the bounding boxes of the detected
objects from the RGB images using the supervisory network.
Pre-trained YOLO models are capable of detecting a wide
variety of objects, as they are trained on the COCO dataset. By
leveraging these pre-trained models we can extract bounding
boxes from the RGB images, which are subsequently used
to generate labels for training a YOLO model on IR images.
This methodology ensures that our approach is adaptable to
various domains by using the appropriate pre-trained detection
models.

C. From detection to labeling

Once all objects in the initial set of RGB images are
detected by YOLO, the procedure described in this paper
involves converting these detections into the format required
by YOLO for training custom datasets. Specifically, this format
requires the creation of YOLO . t xt label files for each image
containing detections, adhering to the following structure:

¢ One row per detection

o Each row follows the format:
class x_center y_center width height

o The bounding boxes must be in normalized xywh format
(from O to 1).

¢ Class numbers are zero-indexed (starting from 0).

Furthermore, each bounding box has an associated object
confidence value. In our methodology, we perform filtering to
convert only those detections with a confidence value greater
than a specified threshold into labels. This filtering step helps
in obtaining a more robust dataset for training.

D. New model training

Once the IR images are annotated using the automatic
labeling methodology described earlier, the next step involves
training a YOLO model tailored for object detection in IR
images. The dataset is split into training and validation sets,

TABLE I
GROUND-TRUTH LABELS IN M3FD [10] DATASET

Category # of GT labels
People 11477

Car 18296

Bus 700

Motorcycle 521
Traffic-Light 2405
Truck 1008

typically with an 80-20 ratio for training and validation,
respectively. This ensures the model is well-prepared for robust
performance in real-world IR detection scenarios

IV. EXPERIMENTS

We conducted two sets of experiments to evaluate the ef-
fectiveness of our automatic labeling method, using YOLOv8
as the core detection model. These experiments allow us
to validate both the quality of the automatically generated
datasets and the applicability and robustness of the trained
models in low visibility conditions.

A. Evaluation of the quality of the generated datasets

The first set of experiments is designed to assess the quality
of the datasets generated by our method. Intuitively, we can
consider the automatically generated dataset to be of high
quality based on the number of detections a network trained
with this dataset can achieve. Then, we can compare the results
with respect to a network trained on a manually annotated
dataset. To this end, we used the MFD [10] dataset, which
contains paired RGB-IR images with ground-truth labels
provided by human annotators. It contains a total of 4200
synchronized image pairs, registered via homography matrix,
with a total of 34407 labels along 6 categories: {People, Car,
Bus, Motorcycle, Traffic-Light, Truck}. Table I summarizes the
dataset information.

As explained in the previous section, the first step involves
extracting the labels that will be used to annotate the IR images
by running YOLO on the RGB images. At this step, we aim
to evaluate the quality and precision of the YOLO pre-trained
model in detecting objects belonging to the selected categories.
This allows us to generalize the potential label transfer rate
in cases where annotated datasets are not available. Note
that when performing automatic labeling, both true and false
positives will be transferred from the RGB to the IR images.
With the availability of ground-truth data, we can evaluate the
rate of true positive transfers over the total possible detections
(i.e., recall). We consider true positive detections to be those
with an Intersection over Union (IoU) value of at least 0.5.
We then perform two types of evaluations: one where no
confidence filtering is applied, thus transferring all labels, and
another where only detections with a confidence threshold of
0.5 or higher are transferred. Table II(a) summarizes YOLO
performance metrics on the RGB images of the M?FD dataset,
establishing a baseline for the rest of the evaluation in this
section. Furthermore, we observed that YOLO is able to



TABLE 11
YOLO EVALUATION IN M3FD [10] DATASET

No confidence threshold

Confidence threshold = 0.5

Category # Detections # TP  Precision Recall # Detections # TP  Precision Recall
People 4553 3608 0.7924 0.3144 2837 2655 0.9358 0.2313
Car 14194 10604 0.7471 0.5796 9174 8589 0.9362 0.4694
Bus 719 398 0.5535 0.5686 536 367 0.6847 0.5243
Motorcycle 158 129 0.8165 0.2476 82 76 0.9268 0.1459
Traffic-Light 1209 653 0.5401 0.2715 535 390 0.7290 0.1622
Truck 1380 370 0.2681 0.3671 758 264 0.3483 0.2619
(a) Performance metrics on RGB images
No confidence threshold Confidence threshold = 0.5
Category # Detections # TP  Precision Recall # Detections # TP  Precision Recall
People 5511 4578 0.8307 0.3989 3777 3597 0.9523 0.3134
Car 10520 8353 0.7940 0.4565 6524 6169 0.9456 0.3372
Bus 474 193 0.4072 0.2757 236 144 0.6102 0.2057
Motorcycle 33 26 0.7879 0.0499 6 5 0.8333 0.0096
Traffic-Light 177 84 0.4746 0.0349 42 24 0.5714 0.0099
Truck 750 147 0.1960 0.1458 261 57 0.2184 0.0565

(b) Performance metrics on IR images

provide detections on the IR images as well, which are also
3-channel images. Therefore, we also evaluate performance
metrics on IR images. These values are summarized in Ta-
ble II(b). Interestingly, YOLO detects more people in the IR
images, which we believe is due to people being highly salient
features in this type of imagery. However, it performs worse
for other classes. This observation justifies and motivates the
use of RGB images for the label transfer method proposed in
this paper.

Based on the previous criteria regarding the different con-
fidence thresholds used for label transfer, we created two
datasets for the IR images, with which we retrained YOLO to
obtain two neural networks. Furthermore, we retrained YOLO
using the ground-truth annotations for comparison. Figure 3
shows the results of these training sessions. A maximum of
300 epochs was considered, with training stability achieved
after approximately 150 epochs.

According to the metrics obtained from the training ses-
sions, as expected, when no confidence threshold is applied to
transfer labels to the dataset, more labels—both good and bad-
are considered, resulting in better recall but lower precision.
Conversely, by being more restrictive in label transfer, greater
precision is achieved. Overall, observing the precision-recall
curves, we obtain a slightly better mAP@0.5 when applying a
0.5 confidence threshold on the transferred labels, being closer
to the results obtained with training using ground-truth labels,
which, as expected, achieve the best performance. In general
terms, we can say that the proposed automatic labeling method
achieves a performance similar to the manual method.

B. Application in low visibility environments

In the following set of experiments we want to demonstrate
the applicability and the utility of our method to generate

large-scale datasets from unlabeled data. To this end, we
trained a YOLO network on IR images using datasets con-
taining paired RGB-IR images, employing our method to
transfer detections from RGB to annotations in the non-visible
spectrum. Specifically, we used the following datasets from the
OTCBVS Benchmark Dataset Collection: OSU Color-Thermal
Database [12], LITIV-VAP [22], Bilodeau et al. dataset [23]
and MPFD [10]. Each of those datasets are obtained with
different sensor setups and environments and allows us to
train a network over more than 31k images. Following our
approach, we automatically labeled the dataset using a con-
fidence threshold of 0.5 for label transfer. Figure 5 shows
examples of automatically labeled IR images. As explained,
we used this set of annotated images to retrain YOLO,
considering the previous set of categories. Figure 4 shows the
training results of this network.

Finally, we aim to validate the use of the previously trained
network on IR images obtained in low visibility conditions,
where the pre-trained YOLO model may fail to perform
detections on their corresponding RGB images. Figure 6 shows
examples of these detections, demonstrating the applicability
and potential use of our proposed method.

V. CONCLUSION

In this work, we have proposed an approach to automate
the thermal imagery labeling process, leveraging pre-trained
RGB models and the abundance of existing datasets with
paired RGB-IR images. Throughout the experiments, we have
analyzed the quality of the generated datasets and demon-
strated the practicality of the method for generating large-scale
datasets in thermal imagery.

Our future work will focus on applying this methodology
to train a neural network capable of detecting entities within
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impractical option.

cranes, and signs in construction environments using RGB
images. We will then employ the proposed label transfer
method to annotate images acquired in the same domain using
a thermal camera. We will apply the trained network to develop
a robust perception system capable to work in a post-explosion
tunneling scenario, where smoke and dust make RGB cameras

In the long term, we plan to explore the use of multi-modal

| datasets, specifically RGB and LiDAR, to extend this approach
to low visibility domains. We aim to apply the method to IR
and RADAR data, particularly in dusty environments where
LiDAR may fail. This extension will allow us to develop

robust perception systems capable of operating in challenging

ad

the construction domain. This will involve training a specific
supervisory network to detect workers, trucks, machinery,

aptability of our approach.

low visibility conditions, further enhancing the utility and



Fig. 5. Automatically labeled IR images from RGB detections.

person 0.3person 0.49)

person 0.73

person 0.35)
person 0.87

n

person 0.79

Person 0.28 person (797%on 0.64

bd

Fig. 6. Detections on low visibility conditions. First and second rows: RGB and corresponding IR images. Third row: YOLO detections on the RGB images.
Notice missed and wrong detections in the visible range. Forth row: Detections on the IR images using the trained network over the automatically labeled
dataset.
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