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Abstract. We present SIMLAN (SIMulation for Indoor Multi-Camera
Localization And Navigation), an open-source 1 simulation environment
designed for rapid prototyping and testing of multi-camera robotic al-
gorithms. Inspired by Volvo Group’s Generic Photo-based Sensor Sys-
tem (GPSS) [5,13] the SIMLAN project models ceiling-mounted cam-
era networks and factory layouts to enable global, vision-based monitor-
ing, localization, and navigation. The system includes utilities for deep-
learning-based visual human pose capture and replay, bird’s-eye image
stitching, geofencing, ArUco-based localization and navigation, all pack-
aged in reproducible Docker containers. SIMLAN reduces the barriers to
prototyping and research on the monitoring, verification, and validation
of vision-based robotics systems.
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1 Introduction

The deployment of autonomous robots in human workspaces introduces com-
plexities that traditional methods do not address, often resulting in a lack of the
necessary reliability and flexibility. A key limitation of these conventional ap-
proaches is their sole reliance on low-dimensional sensor data such as the Global
Positioning System (GPS) for localization and LiDAR for perception. These sys-
tems struggle to manage complex environments and dynamic scenarios in which
human workers and robots are collocated and collaborating.

This study focuses on the Tuve pilot plant use case in Gothenburg, Sweden,
illustrated in Fig. 1, where there are pallet truck transporters responsible for
carrying loads while navigating and avoiding static obstacles (e.g., shelves) and
dynamic obstacles such as human-operated forklifts and workers.

The GPSS use case offers an alternative logistics system by shifting the lo-
calization burden of pallet truck transporters to a network of ceiling-mounted
cameras and navigation to a central processing node, enabling simpler robot de-
signs and global coordination that allows efficient path planning and improves
1 https://github.com/infotiv-research/SIMLAN
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control and monitoring. In contrast, traditional robotic solutions rely on a set of
sensors on board, including LiDAR, IMU, force/torque sensors, and GPS. This
reliance leads to complex onboard processing and high maintenance costs, espe-
cially as challenges increase and higher processing demands are placed on the
system.

The strengths of GPSS can be framed as the direct weaknesses of the Simulta-
neous Localization and Mapping (SLAM) algorithm [8,1]. SLAM often struggles
where the GPS signals are unreachable, such as indoor environments. In ad-
dition, in areas where physical landmarks are absent, repetitive, or constantly
changing, such as corridors, warehouses with movable shelving can confuse an
onboard SLAM-based system, leading to unstable and uncertain localization.
Furthermore, onboard sensors only perceive what is directly within their line
of sight. When occlusions occur, localization becomes slow or unreliable. SLAM
also relies heavily on LiDAR, which has a limited field of view and is susceptible
to cross-talk interference with other LiDAR sensors if multiple robots operate
nearby.

Orchestrating and synchronizing multiple robotic agents remains challeng-
ing without a reliable global view and centralized coordination. This difficulty
persists across tasks ranging from simple right-of-way resolution at intersections
and scheduling access to shared resources (e.g., chargers and docks) to avoiding
gridlocks in narrow aisles and making complex logistical decisions.

GPSS addresses the difficulty of interpreting non-visual decisions derived
from SLAM point clouds. This lack of interpretability often complicates explain-
ability and accountability, both of which are essential in safety-critical industrial
environments and legal contexts. Furthermore, many facilities already have in-
stalled camera infrastructure for manual security monitoring; leveraging these
existing assets for machine-learning systems can efficiently introduce novel fea-
tures and address emerging use cases.

2 Motivation

SIMLAN is developed to support the GPSS concept by providing a simula-
tion environment that closely resembles the Volvo Trucks warehouse (Fig. 1).
It enables researchers and practitioners to prototype robotic algorithms, train
machine learning models, and test algorithms that rely on off-board cameras
without the complexities and costs associated with physical deployments.

The platform further supports the verification and validation of complex
systems by enabling reproducible experiments, ensuring that the results can be
consistently tested and compared with the base scenarios. SIMLAN reduces the
barrier to entry through its hardware-agnostic and open source choices main-
tained by the Open Source Robotics Foundation2. Unlike resource-intensive al-
ternatives such as NVIDIA Isaac Sim [23], which require dedicated NVIDIA
GPUs; SIMLAN enables experimentation and rapid prototyping on standard
workstations.
2 https://www.openrobotics.org
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(a) Automated transporters
introduced at Volvo Group [14].

(b) Volvo warehouse within SIMLAN
simulation

Fig. 1. The GPSS concept: (a) real-world and (b) SIMLAN simulation.

Another major challenge in current robotics simulators is that human workers
are often modeled as simple, static objects with rigid movements. This lack
of detail is a significant problem for vision-based machine learning algorithms,
which cannot effectively work without realistic human shapes and behavior. To
solve this, the SIMLAN project models humans as articulated humanoid agents
driven by deep learning motion capture. By mapping real human landmarks
into simulated joint poses, we provide more detailed and realistic human agents
necessary to validate complex vision-based systems.

Beyond development and testing, SIMLAN also facilitates the generation
of synthetic data to train machine learning models, addressing the common
challenge of acquiring large, high-quality datasets in real-world industrial envi-
ronments. The simulation environment can be used to generate vast amounts
of synthetic data, including camera images, sensor readings, and ground-truth
position data, at a fraction of the cost and time required for real-world data
collection. This is particularly valuable for algorithms that require a high vol-
ume of interaction with the environment during training, such as reinforcement
learning (RL) or genetic algorithms (GA).

Finally, SIMLAN offers a safe and privacy-friendly framework for evaluating
new algorithms and system configurations without the risk of damaging physical
assets or harming real human workers, making it a valuable tool for safety testing.

3 System Description

SIMLAN [15] is built on several established tools in the robotics community,
ROS 2 (Robot Operating System 2) [21], an open-source robotics middleware
that provides the essential tools and libraries for robotic applications; Gazebo
Harmonic [19], a powerful 3D simulator that offers accurate physics and real-
istic sensor models, and RViz [18], a 3D visualization tool for debugging and
monitoring a robot’s internal state and perception. By leveraging both ROS 2
and Gazebo, maintained by the Open Source Robotics Foundation; SIMLAN en-
sures a standardized environment for the seamless transition of algorithms from
simulation to physical hardware.

For consistency and reproducibility, the entire Developer Environment is con-
tainerized using Docker and Visual Studio Code development containers [22],

https://www.youtube.com/watch?v=DA7lKiCdkCc
https://www.youtube.com/watch?v=DA7lKiCdkCc
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ensuring reliable deployment and execution across diverse host machines. Fi-
nally, comprehensive documentation and presentation materials are provided to
facilitate onboarding and collaboration.

3.1 Asset and Environment Modeling

Warehouse and object models are based on real-world blueprints and measure-
ment tables, ensuring that simulations are physically accurate and reproducible.
The asset library is built entirely with open source and free software, including
FreeCAD and Blender for 3D mesh creation. The assets modeled include ware-
houses and common objects such as shelves, EUR-pallets, traffic cones, and boxes
(see Fig. 1). The simulation environment includes realistic physics parameters
for contact and collision. Users can configure parameters such as mass, iner-
tia, friction, damping, and contact properties for each object in the Simulation
Description Format (SDF) [24].

3.2 Sensor Configuration

The simulation environment supports a diverse suite of sensors, facilitating
multi-modal outputs such as RGB imagery, depth maps, and semantic segmen-
tation as seen in Fig. 2.

(a) RGB camera (b) Depth sensor (c) Semantic segmentation

Fig. 2. Sensors

The camera configuration used in the warehouse is defined through its in-
trinsic and extrinsic parameters. The intrinsic and extrinsic properties of the
camera are provided by Volvo Trucks, which defines the setup of the camera
in the warehouse. These camera configurations and a library to load them are
available in the camera_utility/ package. Inside the library, there are utility
functions to convert rotation matrices and Rodrigues vectors used by OpenCV
into quaternions used by the Gazebo simulator.

The intrinsic parameters describe the internal geometry of the camera and
are represented by the camera matrix.

K =

fx 0 cx
0 fy cy
0 0 1


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where fx and fy are the focal lengths in pixel units, and (cx, cy) is the principal
point (usually near the center of the image). Intrinsics also include distortion co-
efficients that correct lens imperfections, as well as image resolution. The intrinsic
calibration files, therefore, contain the camera matrix K, distortion coefficients
D and image resolution.

The extrinsic parameters describe the pose of the camera in the world using
a rotation matrix R and a translation vector t, which together form the world-to-
camera transformation matrix [R|t]. While the intrinsics map camera coordinates
to pixel coordinates, the extrinsic properties transform world coordinates into the
camera coordinate system. The extrinsic calibration files additionally contain the
rotation matrix R, translation vector t, camera projection matrix P (computed
as P = K[R|t]) and the position of the camera in 3D space (factory coordinate
frame). These parameters are essential for camera projection and for ArUco
localization, which will be discussed in the next two sections.

Finally, a collision sensor installed on each agent serves as the primary fail-
safe mechanism, functioning as the final layer of a robot’s safety for emergency
halting upon contact with other agents or objects.

3.3 Humanoid Agent

While Gazebo’s actor [11] supports advanced visual features like skeleton ani-
mation from COLLADA or BVH files and scripted trajectories, their primary
limitation is that they are static and cannot interact dynamically with the simu-
lation’s physical world, limiting their behavior to what they are strictly scripted
for. SIMLAN addresses the lack of a flexible human worker model by incorpo-
rating humanoid robots into its simulator. The humanoid robots are based on
the Unified Robot Description Format (URDF) models that are used with the
“Human Dynamics Estimation software suite” [12] and MoveIt2 [6] which are
used for motion planning and control of the humanoid. Google Mediapipe [20] is
used [4] for estimating human pose landmarks. The extracted landmarks are then
processed by a custom neural network, which maps them to the joint controls of
humanoid robots, managed by MoveIt2.

This project presents a deep learning-based system for translating human
posture from 2D imagery into humanoid robot configurations. By leveraging
synthetic data generation within a simulated environment, the system circum-
vents the necessity for labor-intensive manual labeling. The architecture bridges
the gap between human pose estimation and robotic control by utilizing Google
MediaPipe for the extraction of 33 spatial landmarks (P ) from video streams,
mapping these coordinates to 47 robot joint parameters (M). The implementa-
tion utilizes MoveIt2 for kinematic execution and motion planning.

Synthetic Data Generation: A primary contribution of this work is the auto-
mated pipeline for generating paired datasets ⟨P,M⟩. Instead of empirical human
data collection, the system utilizes a simulator as a “ground truth” generator:
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(a) MediaPipe landmarks (b) Predicted motion

Fig. 3. Kinematic mapping

1. Stochastic Sampling: Random joint configurations M are dispatched to the
humanoid model within the Gazebo simulator.

2. Observation: Multiple cameras capture the humanoid from diverse perspec-
tives to ensure spatial robustness.

3. Pose Extraction: The MediaPipe pose estimator processes these synthetic
images Is to extract landmark coordinates P .

4. Data Alignment: The resulting dataset consists of multi-view pose inputs
aligned with the original kinematic command, facilitating multi-camera fu-
sion during training.

Kinematic Mapping: The translation of human landmarks to robot joint
states is treated as a high-dimensional regression problem, evaluated through
two distinct modeling approaches. First, a Multilayer Perceptron (MLP) devel-
oped in PyTorch utilizes a custom neural network architecture optimized via
the Optuna framework for hyperparameter tuning; this model processes flat-
tened landmark arrays to predict a 47-element joint vector. Second, an Ensemble
Regression approach using AutoGluon employs a tabular ensemble method to
train specialized predictors for individual joints, subsequently aggregating these
outputs to form a complete predicted motion sequence.

The mathematical foundation of the system relies on the assumption of Pose
Estimator Domain Invariance [2,16]. Let Is represent a simulated image and Ir
represent a real-world image. The relationship can be defined as follows:

– Forward Simulation: SIM (M) → Is (The simulator generates an image from
motion).

– Feature Extraction: PE (I) → P (The Pose Estimator extracts landmarks
from an image).

– Learned Mapping (Q): The objective is to derive a function Q such that
Q(P ) ≈ M .

By training on synthetic pairs ⟨Ps,M⟩, we derive the mapping function Q . Under
the assumption that the pose estimator PE performs consistently across both
domains (Pr ≈ Ps), and then executing the pipeline Q(PE (Ir)).
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3.4 Robot Agent

To demonstrate the utility of the SIMLAN simulated environment for image
processing and control algorithms, we implemented a lightweight GPSS system
within the SIMLAN project. This implementation includes ArUco-based [10] lo-
calization, agent navigation, and a bird’s eye view visualization for centralized
monitoring. The implementation of these subsystems is provided in aruco_localization/
and camera_bird_eye_view/ packages.

Localization: The OpenCV [3] ArUco library [10] is used to detect and pro-
cess ArUco markers that are mounted on the agents, publishing their precise
3D position and orientation in space to the transform tree [9] (tf2). ROS 2’s
transform system (tf2) keeps track of how different coordinate frames move and
relate to each other over time, organized in a tree-like structure of parent-child
relationships (the tf2 tree) to support consistent spatial understanding. In tf2,
each detected ArUco marker is represented as a child frame of its corresponding
camera(s). If multiple cameras observe the same marker, the system merges the
detections to provide a robust estimate of the marker’s position. The localiza-
tion system is tightly integrated with the navigation stack (see Fig. 4a), enabling
accurate and centralized control of all agents.

(a) Localization of an ArUco marker on
a pallet truck by two cameras, visualized

in RViz.

(b) Flow from camera images to
ArUco-based localization and Nav2

navigation.

Fig. 4. Camera network system

The aruco_localization package runs the ArUco-based localization, sup-
plying the necessary tf2 chain from the origin link to the robot (e.g., pallet
truck). By simple re-mapping of topics and without changing the navigation
system, the navigation system utilizes this localization information for the plan-
ning and execution of the path.

Navigation: Nav2 is a modular, behavior-tree-based autonomous navigation
framework for ROS 2 that enables mobile robots to perform reliable localization,
path planning, and obstacle avoidance through a plugin-based architecture. The
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Nav2 framework depends on a consistent tf2 chain map, odom, and base_link
to be able to perform its internal path planning. Typically, the map to odom
chain represents global localization drift correction and the odom to base_link
chain represents local odometry. In our setup, the tf2 transform structure is
organized such that the map frame is static at origin, robot_agent_X/odom
frame is placed at the robot’s agent initial pose, and the distance between the
robot_agent_X/odom and robot_agent/base_link frames is calculated using
ArUco localization. Figure 4b illustrates this data flow.

Monitoring: Images from different cameras (Fig. 6b) can be projected [25] onto
a common canvas by applying the same sequence of transformations that map 3D
world points to 2D pixel coordinates as illustrated in Fig. 5, while accounting for
each camera’s unique parameters. The world coordinates are transformed into
the camera coordinate system using the extrinsic parameters [R|t], which define
the orientation and position of the camera in space and are projected onto the
image plane using the intrinsic calibration matrix K.

Fig. 5. Convert from world to pixel coordinates [17]

The camera_bird_eye_view/ package initializes the node responsible for
image projection and final stitching (Fig. 6). This node then publishes the re-
spective processed images to a new topic.

Geofencing: There is a geofencing mechanism that utilizes Behavior Tree [7]
condition node, which, when triggered by predefined safety issues, executes a
Behavior Tree action to immediately stop the truck’s navigation. Current safety
triggers monitored by this system include the activation of a collision sensor and
the loss of observability of a pallet truck or when a robot reaches a restricted
area.

This design enables the navigation stack to seamlessly utilize the localization
data for robust and accurate multi-agent navigation, without requiring onboard
sensors (except a collision sensor as the safety feature) on the robot agent.
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(a) Side-view perspective for context. (b) Multi-camera view of the
environment.

(c) Stitching images from (b).

Fig. 6. Bird’s eye view of the simulation environment

3.5 Multi-Agent

In Robot Operating System 2 (ROS 2), the concept of namespaces provides a
structured mechanism for organizing and isolating communication entities such
as nodes, topics, services, and actions and for avoiding naming conflicts. In this
setting, each robot agent is assigned a unique namespace and an identification
number corresponding to its ArUco ID, enabling scalable multi-agent navigation
and individualized control. The simulation supports dynamic agent spawning,
with configuration options for initial positions, robot types (e.g., pallet truck,
forklift, jackal robots, human actor, panda arm), and sensor assignments. The
use of namespaces ensures that all robot agents can be visualized and controlled
independently in ROS2 and RViz, and that navigation stacks can be launched
for each agent in isolation.

4 Future Work

At present, agent localization and orientation are based exclusively on ArUco
markers. While this method is fast and accurate, it requires the placement of
specific visual markers on every agent. Future iterations can integrate existing
vision pipelines to infer an agent’s position and orientation directly from its vi-
sual appearance. This transition will make the system more robust to challenges
such as occlusions when parts of the ArUco marker are partially masked.
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5 Experimental Results

The current version of SIMLAN was evaluated using ROS 2 Jazzy Jalisco and
Gazebo Harmonic on a workstation running Linux (Ubuntu 24.04 LTS). The
system was equipped with an Intel Core i9-10900KF CPU @ 3.70 GHz (10 cores,
20 threads), 32 GB of RAM, and an NVIDIA GeForce RTX 2070 Super GPU
with 8 GB of VRAM.

The efficiency of the simulation is evaluated using the Real-Time Factor
(RTF), a metric that represents the ratio of simulated time to actual wall-clock
time. As shown in Fig. 7, the introduction of additional camera sensors increases
the computational burden, causing the RTF to drop, indicating a degradation
in processing performance.

A key technical advantage of using simulation is the ability to adjust the RTF.
By decoupling the simulation clock from the wall-clock time, complex algorithms
can be evaluated on modest hardware without the risk of desynchronization,
effectively removing the requirement for expensive high-performance computing
clusters while maintaining high fidelity in experimental results.
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Fig. 7. Impact of camera count and feed type on RTF.

6 Conclusion

This paper introduced SIMLAN, an open-source simulation environment tailored
for the development, testing, and validation of multi-camera robotic systems in
industrial settings. By leveraging a realistic digital twin of a Volvo truck ware-
house and GPSS system, integrating robust frameworks like ROS 2 and Gazebo,
and emphasizing reproducibility and ease of use, SIMLAN effectively bridges the
gap between theoretical research and industrial deployment. The project also in-
tegrates human operators into the simulation environment by representing them
as humanoid agents. These models are driven by deep-learning-based visual mo-
tion capture, which maps human landmarks onto simulated joint configurations
to enable realistic kinematic behavior.
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Beyond its functional capabilities, SIMLAN is distinguished by its commit-
ment to open science, as it is released under the Apache License 2.0. This frame-
work ensures that the tool remains accessible for both academic and industrial
advancement, establishing SIMLAN as a valuable, forward-looking resource for
the robotics and AI communities.
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