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Abstract -
Robotic thermal modeling deploys a single mobile robot

to collect data and construct thermal point clouds, but such
systems and processes are time-consuming, expensive, and in-
trusive to building operations. This paper introduces the pre-
liminary development of a small multi-robot system that es-
tablishes the geometric and calibration foundations for three-
dimensional (3D) thermal modeling of built environments.
The system integrates three components: a 3D thermal mod-
eling module that combines RGBD and thermal cameras; a
point cloud generation module that constructs local and fused
point clouds; and a multi-robot SLAM module that aligns
point cloud data from multiple robots within a shared global
reference frame. Experiments were conducted to evaluate
intrinsic and cross-camera calibration of the thermal and
RGBD cameras, as well as multi-point cloud reconstruction
using two mobile robots. Results demonstrate that individual
point clouds can be successfully aligned and merged into a
consistent global point cloud, which indicates the feasibility
of cooperative data collection using a group of small and low-
cost robotic platforms. In summary, this work establishes a
foundation for full multi-robot 3D thermal modeling. Future
work will integrate thermal data into the global point cloud
and evaluate in larger and more complex environments.
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1 Introduction
Conventional building thermal inspections rely on 2D

thermal images from handheld or stationary infrared cam-
eras. While it is effective for small-scale qualitative as-
sessment, 2D thermal analysis is viewpoint-dependent and
lacks spatial context, which is difficult to locate thermal
anomalies accurately, compare observations across view-
points, or associate temperature measurements with spe-
cific building components [1]. In complex indoor en-
vironments, these limitations can lead to incomplete or
ambiguous thermal analysis.

Three-dimensional (3D) thermal modeling addresses
these limitations by embedding thermal measurements
within 3D spatial representations, such as point clouds.
3D thermal modeling of built environments is crucial for
energy efficiency and performance evaluation, occupant
comfort analysis, and inspection. Accurate thermal mod-
els can help engineers and building managers identify the
distribution of room temperatures, building pathologies,
and structural delamination [1, 2], which can be used for
building retrofitting and optimizing HVAC systems. Ex-
isting 3D thermal modeling methods rely on manual pro-
cesses (e.g., stationary or handheld devices) that are time-
and labor-intensive [3, 4]. Recent studies have applied a
large mobile robot equipped with multiple sensors (e.g.,
cameras, depth cameras, laser scanners, and LiDAR) with
sensor fusion methods to collect thermal and geometric
data and construct 3D thermal models [2, 5, 6]. These
robots navigate and localize themselves inside the built
environment using Simultaneous Localization and Map-
ping (SLAM) [7]. However, deploying a single and large
mobile robot to collect data is costly and time-consuming,
and introduces safety hazards to occupants in built envi-
ronments.

To address these challenges, we propose a multi-robot
3D thermal modeling system that uses a fleet of small,
low-cost mobile robots to construct a 3D thermal point
cloud. Multiple robots, or swarm robots, can operate in
parallel to reduce data acquisition time, while the small-
sized robot is less intrusive and poses lower safety risks
to building occupants [8]. In this paper, we focus on
the preliminary development of the three modules of the
system: the 3D thermal camera module, the point cloud
generation module, and the multi-robot SLAM module.

2 Related Work
2.1 Robot-based 3D Thermal Modeling

Robot-based 3D thermal modeling methods have
demonstrated the feasibility of automatic acquisition of 3D
thermal models across different built environments. Bor-
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rmann et al. [9] integrated terrestrial laser scanning and
thermal imaging with 2D and 3D next-best-view plan-
ning algorithms and voxel-based 3D modeling method
to generate thermal meshes. Adan et al. [5] devel-
oped a Mobile Platform for Autonomous Thermal Dig-
itization (MoPATD), which is capable of omnidirectional
360°thermal point cloud reconstruction and automated
multi-room navigation through a next-best-thermal-scan
algorithm. Building on this, Adan et al. [2] presented a
smaller and low-cost version (MoPATD2) that generates
floor-scale omnidirectional thermal modeling with ROS-
based navigation, autonomous docking, and a non-expert
graphical user interface.

In addition to static indoor environments, complex ur-
ban environments and human-centered contexts are also
studied with the use of robot-based thermal modeling. Lin
et al. [10] developed a UAV-based multimodal data-fusion
workflow and pose refinement method that combines RGB
images with calibrated thermal images to produce 3D tex-
tured thermal models of building facades and rooftops.
Cheng et al. [6] used a mobile robot equipped with RGBD
and thermal cameras, real-time feature extraction, multi-
view re-identification, and machine learning-based com-
fort estimation to dynamically map occupant distribution
and thermal comfort. In summary, these works highlight
the need for multi-robot deployment and cross-sensor cal-
ibration in robot-based 3D thermal modeling for built en-
vironments.
2.2 Multi-Robot SLAM

Multi-robot SLAM extends the single-robot SLAM by
enabling a team of robots to estimate their trajectories and
a shared map within a common reference frame [11]. In
most systems, each robot executes its own SLAM pipeline
locally, and communication between robots is used to align
and fuse the individual maps. Compared with a single
robot system, multi-robot SLAM offers broader spatial
coverage, reduces exploration and data-collection time,
and improves the robustness of state estimation through
inter-robot loop closures. It also enhances overall system
stability, which is particularly important in GPS-denied
or hazardous environments such as subterranean mines,
underground infrastructure, and active construction sites
[12, 13].

Existing multi-robot SLAM systems can be divided into
centralized and decentralized architectures. In a central-
ized architecture, the base station maintains a global map
over all robots, performs loop-closure detection and outlier
rejection, and optimizes the global map. The resulting map
updates are then sent back to each robot. Chang et al. [14]
introduced LAMP 2.0, a centralized multi-robot SLAM
system that integrates a multi-robot front-end, 3D regis-
tration, and a robust pose-graph optimizer. This method
enhances loop-closure reliability and achieves centimeter-

level trajectory accuracy in real-world multi-robot deploy-
ments, while reducing the computational cost of global op-
timization by approximately an order of magnitude. Ebadi
et al. [11] developed LAMP that incorporates an accurate
LiDAR front-end, a vision front-end for artifact detection,
and a pose graph optimization back-end equipped with an
Incremental Consistent Measurement (ICM) module for
outlier rejection. This system improves odometry accu-
racy by matching scans to sub-maps, reliably filters spu-
rious loop closures, and demonstrates robust large-scale
3D mapping performance in subterranean environments.
This design simplifies global consistency and enables the
use of powerful computing resources and prior maps, but
it depends on reliable communication and introduces a
single point of failure [15].

In contrast, decentralized or distributed systems elim-
inate the need for a central server. Each robot main-
tains its own pose graph, detects inter-robot loop clo-
sures when encountering the others, and exchanges only
selected measurements or compressed map data. Global
consistency is achieved through peer-to-peer place recog-
nition and distributed pose-graph optimization operating
within explicit communication constraints. For example,
Tian et al. [16] introduced Kimera-Multi, a SLAM sys-
tem that performs distributed place recognition, robust
inter-robot loop-closure verification, and distributed mesh
reconstruction. This system enables scalable multi-robot
mapping using peer-to-peer communication and demon-
strates reliable trajectory estimation and consistent 3D
mesh reconstruction across several real-world multi-robot
experiments. In addition, Lajoie and Beltrame [17] pro-
posed Swarm-SLAM, a sparse and decentralized collabo-
rative SLAM framework that introduces a budgeted inter-
robot loop-closure prioritization strategy based on alge-
braic connectivity maximization. Across multiple datasets
and a three-robot field deployment, the spectral prioriti-
zation attains higher algebraic connectivity and lower ab-
solute translation error with fewer loop closures than a
greedy baseline. Decentralized multi-robot SLAM im-
proves scalability and robustness by distributing compu-
tation and relying only on peer-to-peer communication.
Its main challenge lies in maintaining global consistency
under limited communication and decentralized data as-
sociation [18].

Despite advances in robot 3D thermal modeling and
multi-robot SLAM, there is still limited development be-
tween the two domains. Existing robot thermal modeling
systems rely on single, large, and expensive platforms, lim-
iting scalability, accessibility, and deployment feasibility
in occupied buildings. Conversely, multi-robot SLAM has
focused on geometric mapping and localization, without
considering multimodal sensing requirements of thermal
cameras, such as cross-sensor calibration.
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3 Multi-Robot 3D Thermal Modeling Sys-
tem

3.1 System Overview

The proposed system consists of three modules: the
3D thermal camera module, the point cloud generation
module, and the multi-robot SLAM module. Figure 1 il-
lustrates the system architecture with two or more robots.
Each robot’s 3D thermal camera module is equipped with
a thermal camera and an RGBD camera to construct a
local thermal model (see Section 3.2). The depth cam-
era from the RGBD camera can generate a local point
cloud for each robot, and all local point clouds from dif-
ferent robots are fused to create a global point cloud (see
Section 3.3). Finally, the pose of each robot can be esti-
mated using the multi-robot SLAM module, which can be
used to fuse the local thermal models to create a global
thermal model (see Section 3.4). While decentralized
multi-robot SLAM improves scalability and robustness,
the implementation remains challenging. In this paper,
we develop the point cloud generation module using cen-
tralized multi-robot SLAM as the preliminary work, and
develop the multi-robot SLAM module using decentral-
ized multi-robot SLAM to evaluate feasibility.

Figure 1. System architecture

3.2 3D Thermal Camera Module

The 3D thermal camera module consists of an RGBD
camera and a thermal camera. Before data capture, the
RGBD and thermal cameras need to be calibrated to en-
sure accurate data collection and comparison. In order to
calibrate them, the RGBD camera is mounted on a cam-
era stand. A camera mount was designed to connect the
RGBD and thermal camera so that the relative distance
between the cameras remains unchanged, which is crucial
for the extrinsic and cross calibration. The mount was de-
signed in Autodesk Fusion 360 and 3D printed in an effort

to make it cost efficient. The 3D printed part, as well as
the camera setup, are shown in Figure 2.

Figure 2. 3D printed part and camera setup

(a) RGB image (b) Thermal image

Figure 3. Chessboard used for camera calibration

The calibration process is divided into three major parts:
intrinsic calibration of the RGB camera and thermal cam-
era, and cross-calibration between both cameras [19]. For
intrinsic calibration of the RGB camera, it was calibrated
using a standard chessboard pattern printed on paper and
taped to cardboard for stability, as shown in Figure 3(a).
The camera detects the squares on the chessboard and com-
putes the intrinsic matrix of the RGB camera. This matrix
contains the focal lengths, principal points, and skew ex-
pressed in pixels. These values were collected using the
camera calibration application in the MATLAB Computer
Vision Toolbox, which was used for intrinsic calibration.

For intrinsic calibration of the thermal camera, it was
calibrated using the same chessboard pattern but a different
procedure. The chessboard was heated using a thermal
lamp. Since the black squares of the pattern absorb more
heat, a temperature gradient is observed in thermal camera
images after heating (Figure 3(b)). As for the thermal
camera, the intrinsic matrix was calculated using the same
MATLAB camera calibration application.

For cross-calibration of the RGB and thermal cameras,
the same chessboard was placed in the field of view of
both cameras to allow simultaneous image capturing. Im-
ages were taken by setting up the checkerboard at different
angles and positions. Using the stereo camera calibration
application in the MATLAB Computer Vision Toolbox,
the extrinsic parameters (translation and rotation) for the
setup were obtained. For the depth camera, since it was
already calibrated with the RGB camera, we will directly
use the parameters provided by the manufacturer.
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3.3 Point Cloud Generation Module

The point cloud generation module is responsible for
constructing a 3D geometric representation of the envi-
ronment, as well as the thermal point cloud, using spatial
and thermal data obtained by each mobile robot. Each
robot is equipped with a depth camera (the RGBD cam-
era in the 3D thermal camera module) that captures range
information as it navigates the indoor space. This depth
data is transformed into a local point cloud expressed in
the robot’s coordinate frame [12]. The thermal and RGB
data will also be transformed to robot’s coordinate frame
and merged with the local point cloud to generate the
3D thermal point cloud using the camera matrices from
Section 3.2. While this thermal-to-point-cloud merging
pipeline is designed, the experimental validation and de-
ployment remain ongoing work.

The point clouds captured from each robot are sent to
a central frame, where SLAM pose estimates are used to
align them in a shared global frame [16, 20]. Once com-
plete, the separate point clouds are merged to produce a
combined point cloud representation of the environment.
This centralized fusion approach enables parallel data col-
lection across multiple robots, reducing overall mapping
time compared to single-robot systems [8]. The detailed
multi-robot SLAM algorithm is discussed in the next sec-
tion.

3.4 Multi-Robot SLAM Module

The multi-robot SLAM module enables several robots
to cooperatively build a consistent global map while each
robot maintains its own local estimation process. Each
robot incrementally constructs a pose graph following a
keyframe-based strategy. A new keyframe is created when
the robot’s motion exceeds a predefined threshold. The
relative constraint between consecutive keyframes is com-
puted from the relative transform of the odometry esti-
mates of the two keyframe timestamps, which captures the
accumulated motion over the interval [21]. The associated
point cloud is first filtered using an adaptive downsampling
procedure to eliminate noise and maintain uniform den-
sity. Then it is stored as a local scan associated with the
corresponding keyframe.

Incremental pose-graph updates are transmitted by each
robot as new nodes or constraints are generated. These
updates include keyframes, their estimated poses, and rel-
ative constraints. Local scans are transmitted as separate
messages and are associated with keyframes through their
shared key identifiers. Each unique key identifier ensures
that data from different robots can be merged without con-
flict. A global process maintains a unified pose graph
and integrates updates from all robots into a shared struc-
ture. As new information arrives, the system updates ex-
isting nodes as needed and inserts new constraints from

(a) ISO view (b) Top view

Figure 4. Multi-robot SLAM point cloud result

the robots’ local estimation processes. Once loop-closure
constraints are incorporated, the global pose graph is op-
timized using a robust back-end based on Kimera-RPGO
[20]. The optimizer performs a pairwise consistency as-
sessment to evaluate loop-closure compatibility and em-
ploys a Graduated Non-Convexity (GNC) strategy [22] to
adaptively adjust constraint weights during the optimiza-
tion process. This approach mitigates the influence of
inconsistent measurements while maintaining the geomet-
ric consistency of the pose graph.

Based on the optimized pose estimates, a globally con-
sistent map is reconstructed by expressing local scans from
all robots in a shared reference frame. Subsequently, local
scans are incorporated once the corresponding pose esti-
mates become available. As a result, observations from
all robots are consistently aligned and aggregated into a
unified point cloud representation of the environment. By
decoupling local pose graph construction, global data fu-
sion, and robust back-end optimization into independent
components, this module exhibits scalability and supports
different sensing and odometry configurations. Figure 4
shows the result of the multi-robot SLAM point cloud.

4 Evaluation
4.1 Experiments

We evaluate the 3D thermal camera module and the
point cloud generation module with two experiments. The
first experiment is the camera calibration experiment for
the 3D thermal camera module. The second experiment
is the point cloud experiment for the point cloud genera-
tion module. Table 1 summarizes the hardware used in
the experiment and implementation. Although thermal
data acquisition was implemented at the sensor level, ex-
perimental results on thermal texture mapping and global
3D thermal reconstruction are outside the scope of this
preliminary study.
4.1.1 Camera Calibration Experiment

For the camera calibration experiment, the cameras were
first stationed in fixed positions so their parameters would
not change throughout the experiment. Figure 2 shows
that the camera module is mounted on a tripod at a fixed
position. The RGB camera was used to capture images of
the chessboard paper from multiple positions. Ten images
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Table 1. Experiment setup and implementation
Module Component Hardware Price

3D Thermal Camera RGBD Camera RealSense Depth Camera D455 $400
Thermal Camera FLIR Lepton 3.5 $280

Point Cloud Generation Depth Camera Astra Pro Plus depth camera $150
Robot JetAuto Pro Robot Car $1,350

(a) Front and back viewpoints (b) Side robot viewpoints

Figure 5. Multi-robot point cloud data collection
setup

were captured and imported into the MATLAB Computer
Vision Toolbox to be used for calibration. The same pro-
cedure was repeated for the thermal camera except the
chessboard was heated under the thermal lamp for a few
minutes before capturing images to allow for the tempera-
ture gradient to occur. 13 images were captured and used
for the thermal camera calibration. The intrinsic and ex-
trinsic parameters were then computed for each camera.
To cross-calibrate the RGB and thermal cameras, images
were captured near simultaneously of the chessboard an-
gled in different positions using both cameras. Nine pairs
of images were captured and imported into the same pro-
gram to be used for calibration.
4.1.2 Point Cloud Experiment

The point cloud experiment was designed to evaluate
the ability of the multi-robot system to collect and com-
bine spatial data into a single three-dimensional repre-
sentation. The experiment was conducted in a controlled
indoor environment using two JetAuto Pro mobile robots,
as shown in Figure 5. A separate ground robot, differ-
ent from the JetAuto Pro platforms, was set stationary in
the lab and served as the target object for 3D mapping.
This object was selected to provide a consistent geomet-
ric object for the point cloud generation between the two
objects. The two JetAuto Pro robots were positioned ap-
proximately 2.5 meters from the stationary robot and set
at eight distinct angles distributed around the target. Each
JetAuto Pro collected spatial measurements from multiple
perspectives, generating local point clouds that together
provided coverage of the object from all sides.

Each local point cloud was sent to a central controller

(a) Mean reprojection error (b) chessboard locations

Figure 6. RGB camera calibration results

(a) Mean reprojection error (b) chessboard locations

Figure 7. Thermal camera calibration results

and aligned in a shared global reference frame using
SLAM-based pose estimates [12]. Once received and
aligned, the individual point clouds were merged to pro-
duce a combined point cloud representation of the station-
ary robot.
4.2 Camera Calibration Results

The following RGB camera intrinsic matrix (eq 1) is
computed from the data gathered (in pixels) after cali-
brating using ten images. The overall mean reprojection
error is 0.35 pixels, indicating good calibration accuracy.
Figure 6 shows the RGB camera calibration results.

674.7999 0 639.7857
0 678.9357 387.8659
0 0 1

 (1)

The thermal camera intrinsic matrix (eq 2) is computed
from the data gathered (in pixels) after calibrating using 13
images. The overall mean reprojection error is 0.45 pixels,
which also indicates good calibration accuracy. Figure 7
shows the thermal camera calibration results.

162.2003 0 73.7213
0 164.4104 58.9480
0 0 1

 (2)
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From the cross-calibration, the extrinsic parameters (ro-
tation and translation vectors) of the RGB camera relative
to the thermal camera can be obtained (eq 3 and eq 4). The
overall mean reprojection error is 10.46 pixels. Although
an estimate of the relative pose was obtained, the error
indicates limited calibration accuracy. The observed high
error in the RGB and thermal cameras’ cross-calibration
can be attributed to several factors. First, since the thermal
camera and RGB camera applications were not connected,
images had to be captured separately and quickly on each
camera. A slight time offset (a few seconds) between
RGB and thermal camera image captures could result in
misaligned data due to subtle hand movements. Second,
the chessboard pattern was reheated multiple times, which
may have caused uneven or inconsistent temperature dis-
tribution across the squares. Finally, thermal cameras
typically have lower resolution and higher noise levels
compared to the RGB camera. In our implementation,
the thermal camera resolution is 160 × 120 and the RGB
camera resolution is 1280 × 800.

Rotation vector =
[
−2.1085 −1.8912 −0.1084

]
(3)

Translation vector (in mm) =[
−209.2981 −2215.5433 534.9036

]
(4)

This level of cross-calibration reprojection error has im-
portant implications for thermal-point-cloud data align-
ment. In particular, inaccuracies in the estimated
RGB–thermal extrinsic parameters can lead to spatial mis-
alignment when projecting thermal data onto 3D point
clouds. Such misalignment will result in blurred or shifted
thermal patterns in a 3D thermal point cloud. In the
multi-robot mapping context, these local misalignments
may further accumulate during global point cloud fusion.
Therefore, future work will focus on increasing calibra-
tion accuracy. Errors could be reduced by automating
image capture on both camera apps to ensure that the im-
ages being used for cross-calibration are exactly the same
and aligned. Automation also allows more images to be
captured faster, therefore reducing the time needed for cal-
ibration. In addition, using an asymmetric chessboard,
where one side is even and the other is odd, could in-
crease accuracy as cameras may detect the orientation of
symmetric boards incorrectly.
4.3 Point Clouds Results

Figure 5 shows the experimental setup in which two Je-
tAuto Pro robots captured point cloud data from multiple
viewpoints around a stationary ground robot positioned
approximately 2.5 meters away. The viewpoints were dis-
tributed to provide coverage of the object from different
angles under controlled laboratory conditions.

Figure 8 presents the resulting combined point cloud
generated after transmitting the individual point clouds to

(a) Top view (b) Side view

Figure 8. Combined point cloud reconstructed from
multi-view data collected by two mobile robots

a central controller and merging them using MATLAB.
Figure 8(a) provides a top-down view of the reconstructed
scene, while Figure 8(b) shows a side view, illustrating
the vertical structure of the stationary robot and the align-
ment achieved across multiple viewpoints. The merged
point cloud demonstrates that spatial data collected from
multiple mobile robots can be successfully aligned within
a shared global reference frame. Compared to individ-
ual captures, the combined representation offers improved
geometric representation of the stationary object by inte-
grating observations from multiple angles.

This experiment demonstrates that the proposed frame-
work can support spatial data collection from multiple
small robots and successfully merge the resulting point
clouds into a combined three-dimensional representation
[6]. While the experiment focused on reconstructing a sin-
gle object under controlled laboratory conditions, it pro-
vides a foundational success of the system’s multi-robot
communication, localization, and mapping capabilities.
Future work will extend this approach to larger environ-
ments and incorporate thermal sensing for full 3D thermal
mapping.
5 Discussion

The preliminary results of this study demonstrate the
success of a multi-robot framework for 3D mapping in in-
door environments and thermal modeling calibration. The
system enabled small robots to communicate with a central
controller and transmit data to generate a combined point
cloud representation of the environment. These experi-
ments, conducted in a controlled setting, used multi-robot
SLAM, the core communication and mapping components
of our work, consistent with prior work in multi-robot lo-
calization and mapping [12, 14, 16].

A central motive for this study is the opportunity to
reduce costs and avoid causing disruption to the ongoing
environment of a building. Previously, thermal inspec-
tions have relied on expensive single large robots (e.g.,
˜$26,000 based on the specification in [2]) that required
slow control through an area [2, 5]. In comparison, our ap-
proach utilizes multiple small, low-cost robots (each robot
costs ˜$2,200, as listed in Table 1) that can operate to-
gether, reducing data collection time and lowering overall
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costs. The use of smaller robots also reduces physical risk
and makes the system better suited to environments with
a heavy presence. This design choice builds on previ-
ous findings on safety perception and trust in human-robot
interaction in working environments [7, 8].

Although this study primarily focused on distributed
spatial mapping and thermal camera module calibration,
the main objective of the research is to integrate thermal
sensing capabilities to enable 3D thermal representations
of indoor environments. As shown in Section 4, thermal
data collection was successful, but integration with the
point cloud remains ongoing work. In addition, the bench-
marking with existing robotic 3D thermal modeling is not
included in this paper. For example, the thermal camera
used in the proposal has lower resolution compared with
other systems [2]. A more detailed benchmarking of the
3D thermal models will be conducted in future work.

6 Conclusion

This paper presents the preliminary development and
evaluation of a multi-robot system for 3D thermal model-
ing of indoor built environments. The proposed frame-
work integrates a 3D thermal camera module, a point
cloud generation module, and a multi-robot SLAM mod-
ule, which demonstrates the feasibility of using multiple
small and low-cost mobile robots to cooperatively capture
and reconstruct spatial and thermal data. A controlled
indoor experiment was conducted to validate the ability
to generate consistent merged point clouds from multiple
robots and to calibrate the thermal and RGBD cameras.
These results established a foundation for subsequent ther-
mal data integration.

Although the current implementation remains at an early
development stage, the results indicate significant potential
to improve the efficiency, safety, and cost-effectiveness of
indoor thermal inspection compared with existing single-
robot or manual approaches. Future work will focus on
integrating thermal and spatial data, refining cross-camera
calibration, and improving coverage through multi-robot
task allocation and path planning [23]. Additional ex-
periments in more complex built environments will be
conducted to evaluate robustness, scalability, and perfor-
mance under real-world operational settings.

Overall, this study provides a strong foundation for a
scalable and minimally intrusive approach to indoor map-
ping and thermal modeling. With further development,
the proposed multi-robot thermal modeling system has
the potential to support energy audits, fault detection, and
performance monitoring in occupied buildings, enabling
building owners and facility managers to identify ther-
mal inefficiencies and implement energy-saving strategies
without disrupting normal building operations.
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