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Figure 1: SEMFIRE perception architecture overview. MoDSeM is introduced in section 2.2.

1 Introduction

Despite many advances in key areas, the development of fully autonomous robotic solutions
for �eld robotics, in particular for precision forestry is still in a very early stage. This
stems from the huge challenges imposed by rough terrain traversability [23], for example
due to steep slopes, autonomous outdoor navigation and locomotion systems [22], limited
perception capabilities [7], and reasoning and planning under a high-level of uncertainty [21].
Arti�cial perception for robots operating in outdoor natural environments has been studied
for several decades. For robots operating in forest scenarios, in particular, there is research
dating from the late 80s-early 90s { see, for example, Gougeon et al. [6]. Nevertheless, despite
many years of research, as described in surveys over time [e.g. 24, 12, 15], a substantial
amount of problems have yet to be robustly solved.

In this deliverable, we report on the latest developments of our research concerning
arti�cial perception algorithms in �eld robotics. In this text, we put forth the overview of
the perception architecture for the SEMFIRE team of robots (section 2.1), and propose a
core design of the perception pipeline (section 2.2) and decision-making module functionality
(section 2.3). We then present the technical details of the integration of the software and
hardware modules of the Ranger robot in the ROS middleware in Section 3, and provide
in Section 4 an overview of the �rst internal tests developed to validate and verify the
proposed arti�cial perception algorithms. Lastly, section 5 presents the main conclusions of
the document and the main lines of future work.

2 Arti�cial Perception Base System

2.1 Overview of SEMFIRE perception architecture

In Figure 1, an overview of the SEMFIRE perception architecture is presented, including
all perception modules and communication channels that form the framework for individual
and cooperative perception capabilities of the SEMFIRE robotic team, but also the sensing
and actuating backbones, the decision-making modules (to be detailed in section 2.3) and
the Control Station used by the human operator (i.e. the Foreman) to remote-control the
robots if needed.
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Figure 2: An overview of the framework. Sensors produce signals, which are passed to
independent perception modules. Percepts gathered by these modules are aggregated in a
Semantic Map, containing layers for di�erent types of information.

Preliminary details for the subsystems involved will be described in the following sub-
sections.

2.2 Core design of perception pipeline

SEMFIRE implies cooperative perception, in which each of the members of the robot team
contribute to the global knowledge of the system by sharing and cooperatively processing
data and percepts from one another, combining the sensorial abilities, perspectives and
processing power of various agents to achieve better results.

In the scope of the SEMFIRE project, theMo dular Framework for D istributed Semantic
M apping (MoDSeM) [18, 17] was designed, which provides a semantic mapping approach
able to represent all spatial information perceived in autonomous missions involving teams of
�eld robots, aggregating the knowledge of all agents into a uni�ed representation that can be
e�ciently shared by the team. It also aims to formalise and normalise the development of new
perception software, promoting the implementation of modular and reusable software that
can be easily swapped in accordance with the sensory abilities of each individual platform.

The framework is split into three blocks, as depicted in Fig. 2:

ˆ The sensors, which provide raw signals;

ˆ The Perception Modules (PMs) which take these signals and produce percepts,i.e.
processed information;

ˆ The Semantic Map (SM), containing a uni�ed view of the state of the workspace/world.

Sensors produce raw signals, which are used by Perception Modules to produce percepts,
in this case information grounded on a spatial reference such as occupancy, presence of
people, etc. These are taken as inputs to build a Semantic Map, which can in turn be used
by any agent in the team to make decisions or coordinate with others. In this case, each
sensor is seen as a mere source of data, which is assumed to be precon�gured and working
as needed at the time of execution.

In software terms, each Perception Module is expected to be decoupled from all other
modules of the system, depending only on sensors and on the Semantic Map itself. Thus, we
can ensure that Perception Modules are interchangeable elements of the system, allowing us
to swap them at will, depending on the computational power and available sensors on each
robot. This allows for great 
exibility in the deployment of the framework, enabling modules
to be employed in each system without the need to re-design the global representation.

Perception Modules can use the Semantic Map as input, thus making use of the percepts
from other techniques. Removing modules from the robot should not impact the remainder
of the system. However, this may still result in a cascade reaction, with Perception Modules
depending on each others' output for further processing; Perception Module selection should
still be a careful process.

2



(a) Traditional ROS-based perception techniques implement a linear 
ow from sensors to percepts;
signals are processed and percepts are output.

(b) MoDSeM aims to implement a non-linear perception pipeline: Perception Modules can access
previous versions of the Semantic Map to execute over previous states.

Figure 3: Linear data 
ow compared to MoDSeM's non-linear data 
ow.

The semantic map works as a global output of the perception system. It is split into the
Layered Voxel Grid (LVG) and the Parametric Percept Models (PPM). The LVG is composed
of a layered volumetric representation of the workspace. Each layer of the LVG is itself a voxel
grid, containing information on one aspect of the world, such as occupancy, traversability,
relevance to current task, etc. The combination of these layers provides an overview of the
state of the world as perceived by the robot team; individually, they provide insight that
may be relevant on a particular aspect of the mission. Di�erent Perception Modules can
contribute to di�erent layers of the LVG, with for instance a people detector contributing
to a people occupancy layer or a mapping technique contributing to a physical occupancy
layer. This information can then be used by decision-making routines (section 2.3).

The PPM contains percepts that are represented as parametric models with a spatial
representation, thus representing entities without volume, e.g. robot poses or human joint
con�gurations. The PPM complements the LVG's expressive power, allowing the system to
represent entities without volume, such as robot poses, human joint con�gurations, naviga-
tion goals, etc.

At a basic level, perception can be seen as a one-way pipeline: signals are fed into
Perception Modules, resulting in percepts. MoDSeM aims to introduce non-linearity in
this 
ow, allowing Perception Modules to access current and past data, including percepts
obtained by other Perception Modules.

In order to achieve this, two measures are taken:

ˆ Perception Modules are allowed to use the Semantic Map as input;

ˆ Perception Modules are allowed to useprevious versions of the Semantic Map as
input.

In the �rst case, Perception Modules are allowed to depend on the Semantic Map and
use it as a complement to any signal input they require. Indeed, some Perception Modules
are expected to use solely the Semantic Map as input;e.g., a traversability detector could
estimate the traversability of the map using only occupancy, movable object and vegetation
information.

Additionally, as in Fig. 3, allowing perception modules to use previous version of the SM
as input implies that a history of SMs is kept during operation, which would quickly make
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(a) Centralised perception: raw signals are
sent to a centralised machine that returns per-
cepts.

(b) Distributed perception: agents contain the
necessary perception modules, and propagate
percepts to other agents.

Figure 4: Centralized vs distributed perception.

the its storage infeasible. This can be mitigated in two ways:

ˆ By storing successive di�erences between the maps as they are generated, as is done
in video compression algorithms and source control systems;

ˆ By intelligently choosing which snapshots of the map should be saved, using information-
theoretic techniques, avoiding redundant information.

By �ne-tuning these two approaches, it should be possible to establish a history in
secondary memory with enough granularity to allow Perception Modules that depend on it
to operate. For instance, the total system memory to be used by this mechanism can be set
as a parameter, guiding the compression and data selection techniques in their optimization
of the amount of information stored, as measured by information-theoretic metrics such as
entropy.

Traditionally, multi-robot perception is achieved in one of two ways (Fig. 4): by prop-
agating raw signals from each robot to a centralised perception server, which then replies
with percepts; or by endowing each team member with perceptive abilities, as well as the
ability to decide when percepts should be propagated among the team.

Centralised perception is preferable when the robots in the team contain little processing
power and when the communication infrastructure is a non-issue,i.e. is always available
and can support the necessary bandwidth. On the other hand, distributed perception is the
appropriate technique when bandwidth is limited, when robots have heterogeneous needs
and capabilities, and when each robot can be endowed with perception abilities that �t its
needs.

A hybrid approach can be used with heterogeneous teams, when for instance one of the
robots is signi�cantly more computationally powerful than other team members, who can
unload part of their perceptual load to this team mate. As can be easily inferred, this is the
case of the SEMFIRE arti�cial perception architecture (section 2.1)

MoDSeM can be used to implement all of these perceptual modalities:

ˆ the centralised approach is immediately supported, as it involves simply implementing
all modules on a single machine;

ˆ the distributed and hybrid approaches can also be achieved by communicating relevant
layers of the Semantic Map among robots, using appropriate tools for multi-robot
communication1.

1http://wiki.ros.org/multimaster_fkie
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Figure 5: An overview of the SEMFIRE robot team operating with MoDSeM. Each team
member can have its own sensors, perception modules and semantic map. These can be
shared arbitrarily with the rest of the team, as needed. Each robot is also able to receive
signals and Semantic Map layers from other robots, which are used as input by Perception
Modules to achieve a uni�ed Semantic Map.

Figure 6: Di�erent topologies (in addition to the hybrid topology of Fig. 5) for multi-
robot perception using MoDSeM. Top: a perception server, which receives information and
Semantic Map layers from the team and executes the most expensive perception modules.
Bottom: a data gatherer agent, which observes the world with its sensors and sends data
for processing in other agents.

5



Figure 7: Arti�cial perception pipeline for the Ranger. Feedback connections are not repre-
sented for readability.

Fig. 5 shows an overview of MoDSeM implemented on the SEMFIRE perception archi-
tecture. In this case, the agent contains its own sensors, processing modules and semantic
map. Its Perception Modules include specialized Perception Modules that are used to fuse
information received from other agents, to achieve consensus. The agent also contains a se-
lection procedure, which must be con�gured or endowed with some decision-making ability,
which decides which information it should share with other agents, to be sent for inter-robot
communication. Speci�c Perception Modules in each robot can then fuse these representa-
tions, achieving consensus and allowing all robots to plan with the same information. Other
topologies can also be achieved with the framework, as in Fig. 6. Di�erent topologies are
achieved by mixing-and-matching the necessary components, such as Perception Modules
and sensors and their con�gurations, to achieve di�erent use cases.

Fig. 7 shows the SEMFIRE perception pipeline for the Ranger (which will be adapted
to produce analogous pipelines for the Scouts) using MoDSeM perception and core modules
as its foundation. Three sub-pipelines are considered in this approach:

2D perception pipeline { this involves all processing performed on images, in which
semantic segmentation using the multispectral camera is of particular importance (see
Fig. 8 for a preliminary example), since it plays the essential role in mid-range scene
understanding that informs the main operational states of the Ranger;

3D perception pipeline { this involves all processing performed on 3D point clouds yielded
by the LIDAR sensors and RGB-D cameras (including 3D-registered images) that sup-
port decision-making based on the perceived world to enact the desired landscaping
tasks for each operational stage and also, in particular, safe 3D navigation (see section
2.3);

Mapping pipeline { this involves the �nal registration and mapping that takes place to
update the MoDSeM semantic map (see Fig. 9 for a preliminary example).

2.2.1 Processing and Communication

Sensor data collected by the Ranger is processed by a layered perception architecture based
on MoDSeM, allowing it to process data acquired by its own sensors and by the remainder
of the team. The project challenges require a distributed architecture capable of processing
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Figure 8: Example of semantic segmentation of combustible material using multispectral
camera.

Figure 9: Example of MoDSeM layer mapping visualisation.
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large amounts (up to tens of Gigabytes) of data per minute generated by the vision sys-
tems distributed across the Ranger and Scouts, making it impossible to store such amounts
of data. The Ranger must accommodate the Signal Acquisition, Semantic Representation,
Perception Modules, Perception-Action Coupling and the Decision Making modules. There-
fore, data is processed at the edge with dedicated hardware accelerators that forward only
relevant information to the central processing unit. Having this in mind, the processing and
communication setup implemented in the Ranger includes:

ˆ A Mini-ITX computer equipped with a Geforce RTX 2060, an Intel Core i7{8700 CPU
and 16 GB of DDR4 RAM;

ˆ A Tulipp FPGA+ARM platform including a Xilinx XCZU4EV TE0820 FPGA and a
ARM Quad-core Cortex-A53 CPU with a Mali-400 GPU and 3 GB of DDR4 RAM;

ˆ 5 AAEON Up Boards2, one for each Intel RealSense device;

ˆ One custom-made CAN bus controller, based on an ATMEGA ARM CPU and two
MCP2551 CAN Bus transceivers3

ˆ Two TP-LINK TL-SG108 Gigabit Ethernet Switches 4;

ˆ One ASUS 4G-AC68U WiFi Router5;

The Mini-ITX computer is the central processing unit of the Ranger, gathering relevant
information from all components and running high-level algorithms such as planning and
decision, using the ROS framework. It is equipped with a powerful Geforce RTX 2060 GPU,
which provides the needed power to run heavy computational approaches.

The Xilinx XCZU4EV TE0820 FPGA is responsible for running the low-level drivers
and low-level operational behaviors of the platform. It runs ROS and allows for transparent
communication with sensors, and the higher-level CPU.

The �ve AAEON Up Boards are paired with each of the Intel Realsense D415 cameras,
and are used to acquire and pre-process RGBD data in ROS as well, forwarding relevant
data from these sensors to the main CPU.

The custom-made CAN bus controller allows to inject velocity commands to the under-
lying CAN system of the Bobcat platform, allowing to control the robot's locomotion, the
hydraulic arm, and the operation of the mulcher, which will be later attached to the hydraulic
arm. It consists of a custom board that integrates two MCP2551 CAN bus transceivers,
which is installed between the machine's manual controls and the actuators, de�ning two
independent CAN buses. This way, it becomes possible to make use of the CAN bus to
control the machine.

The TP-LINK TL-SG108 Gigabit Ethernet Switches interconnects the CPU, with the
FPGA, the �ve AAEON UP Boards, the C16 lasers and the WiFi router, allowing for fast
data acquisition and communication between components, enabling distribution of compu-
tation and remote access and control.

2.3 Core design of decision-making pipelines

The decision-making modules represented in Fig. 1 use the outputs from the perception
and perception-action coupling modules to produce the behaviours needed to enact the
operational modes described in [10]. Of particular importance are the resulting Ranger's
processing pipelines for overall decision-making pipeline for safe 3D navigation shown in
Figs. 11 and 12, respectively. Analogous processing pipelines will be designed for the Scouts
in follow-up work.

2https://up-board.org/
3https://www.microchip.com/wwwproducts/en/MCP2551
4https://www.tp-link.com/pt/business-networking/unmanaged-switch/tl-sg108/
5https://www.asus.com/Networking/4G-AC68U/
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(a) Main sensory hub.

(b) Rear sensory hub.

(c) Processing hardware within main sensory hub.

Figure 10: Ranger sensor hardware framework.
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Figure 11: SEMFIRE decision-making pipeline for Ranger.

Figure 12: SEMFIRE safe 3D navigation pipeline for Ranger.
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(a) Bobcat T190 base model. (b) Main sensing kit and sensor frames.

Figure 13: Integration of the URDF models in rviz .

3 ROS Integration

System development and integration comprises the design, implementation and integration
of hardware and software components, which in turn depend on the speci�cations and re-
quirements arising from the �rst prototyping phase. In this section, we turn our attention
to the integration of hardware and software component of the robotic platform using the
Robot Operating System (ROS)6.

ROS is a software framework that aims to ease the development of modular code targeting
robots, and a very widespread tool in the �eld of robotics. ROS establishes a communication
layer running on top of an ordinary host operating system, which allows for the exchange of
messages between multiple ROS nodes. ROS nodes are programs which use the facilities pro-
vided by ROS to communicate and perform their tasks. ROS nodes operate independently
and concurrently, and need not even be running on the same computer.

Communication is achieved through two main mechanisms: topics for asynchronous com-
munication, and services for synchronous communication, both of which carry messages.
ROS nodes can be implementations of all kinds of functions: data management, mathemat-
ical functions, or anything else that can be programmed in any of the languages supported
by ROS. Hardware drivers are a prime example of just how powerful ROS's modularity is:
for a given robot, it is possible to develop ROS nodes which subscribe to a set of standard
topics to receive commands, and that implement the low-level code needed to relay those
commands to the robot. ROS allows us to abstract away the hardware intricacies of the
robot and to develop as if we were writing code that targeted a standardized robot. As such,
ROS promotes code reutilization and has become ade facto standard in Robotics.

All software integration will be designed for Ubuntu 18.04 and ROS Melodic Morenia,
with nodes written in C ++ and Python. Software integration in environments incompatible
with Ubuntu, such as microncontrollers, are designed using speci�c frameworks able to be
integrated in ROS, using, for instancerosserial 7.

3.1 Robot Structure and Sensor Positioning

We have included a properly scaled Bobcat T190 3D model (see Figure 13a) through a
Uni�ed Robot Description Format (URDF) in the ROS visualization tool, rviz , to serve
as a starting point for the de�nition of transformation frames ( tf ) of all the meaningful
parts of our robot. After this, we integrated a URDF model of the main sensing kit, which
was 3D printed previously to support the cameras and 3D LIDAR sensor on top of the

6http://www.ros.org
7http://wiki.ros.org/rosserial
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Figure 14: Ranger URDF model in rviz . Note the tf frames of the platform, and the
revolute joint in the robot's hydraulic arm, which is raised in this illustration.

cabine of the robot, at the front. This allowed us to manually measure and de�ne the
relationship between the four distinct sensors in relationship to a common frame, i.e. the
base sensing kit frame, as shown in Figure 13b.

Finally, we included in the overall Ranger model the missing parts: namely the processing
unit case, the sensors and the rear sensory hub; and de�ned the robot's arm as a revolute
joint, allowing us to raise and lower the arm as needed. This is shown in Figure 14.

3.2 Acquisition of Sensor Data

Sensor manufacturers make use of documented communication protocols for acquiring sensor
data, and provide their own software frameworks for displaying the real-time results of that
same acquisition. Fortunately, the Robotics community provides ready-to-use drivers for
popular sensors in ROS, due to its widespread use and the need to access all data in a
common framework. In the particular case of the Ranger UGV, we have bene�ted from
the ROS drivers available for the Intel Realsense cameras8, the Emlid Reach RS GPS-RTK
device9, the UM7 Inertial Measurement Unit 10, and the Leishen C16 LIDARs11. The latter
was ported into ROS Melodic and Ubuntu 18.04 by us, and support was added for multiple
LIDARs with di�erent frame IDs. Moreover, the UWB system is an in-house developed
solution provided by Ingeniarius, Ltd., coordinator of the SEMFIRE R&D project 12.

On the other hand, we could not �nd any readily available for the FLIR AX8 Thermal
camera nor the Teledyne Dalsa Genie Nano C2420 Multispectral Camera. Therefore, we
developed our own ROS drivers for these two cameras.

3.2.1 FLIR AX8

The FLIR AX8 Thermal camera connects to the remaining system via an Ethernet interface,
having a �xed IP address con�gured in the same network as the main Ranger's CPU. The

8https://github.com/IntelRealSense/realsense-ros
9https://github.com/enwaytech/reach_rs_ros_driver

10 https://github.com/ros-drivers/um7
11 https://github.com/tongsky723/lslidar_C16
12 The UWB system ROS driver is currently not publicly available.
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manufacturer provides a streaming service using the Real Time Streaming Protocol (RTSP)
on the camera's local IP address and port 554. Therefore, we developed a simple ROS
driver, which establishes a connection to the RTSP server to acquire the 640� 480 camera
feed, and publish the retrieved images to the ROS network in asensor msgs/Image topic
at a rate of 9 Hz.

The above simple driver provides a lightweight and stable solution for integration of the
FLIR AX8 camera in ROS. However, we noticed that the streaming service provided by
the manufacturer displays thermal images with an acquisition delay of around 2 seconds.
Therefore, we developed an alternative ROS driver to provide images with a diminished
delay. For this, we log in into the web server interface of the thermal camera via HTTP and
the camera's IP. Then, we extract the consecutive JPG thermal camera images provided,
which have a more reduced acquisition delay of around 0.25 seconds.

This is possible by starting the Mozilla Firefox browser in the background with a ded-
icated thread and extract the consecutive screenshots provided by the camera web server
interface through web scraping tools, publishing them in ROS in a similar way to the simple
ROS driver initially developed.

This solution, which is more complex, has the evident advantage of reducing the acqui-
sition delay of the camera, which comes closer to a real-time acquisition at the cost of more
CPU time, since it requires executing a browser instance.

We also make asensor msgs/CameraInfo topic available with the camera intrinsic pa-
rameters loaded from ayaml �le, as well as launch �les, which also publish sensor msgs/
CompressedImagetopics, and provide customization via parameters, e.g. the IP address of
the camera, the frame ID and the camera topic name. Both ROS drivers are distributed as
open source13.

3.2.2 Dalsa Genie Nano C2420

The Dalsa Genie Nano C2420 Multispectral camera is not a common sensor found in robots.
In the SEMFIRE project, we make use of multispectral imagery to characterize, segment
and classify relevant entities (e.g. vegetation) in the forestry environment.

Similarly as above, this multispectral camera connects to the remaining system via an
Ethernet interface, with a �xed IP address con�gured in the same network as the main
Ranger's CPU. The manufacturer instructs users to acquire images using the GigE Vision
SDK for Gigabit Ethernet cameras14. Therefore, we have developed a ROS driver, which
makes use of the GevAPI library from the GigE Vision SDK, as well as the Generic Interface
for Cameras { GenICam15, allowing us to retrieve the camera feed into a ROS node, which
links these libraries with catkin and OpenCVlibraries.

The ROS driver starts by �nding the camera IP on the network automatically, connect
to it, retrieve its working parameters, receiving then the stream of images. Afterwards, the
images are consecutively converted into asensor msgs/Image message which is published
into a dedicated topic.

The camera is con�gured to stream with a 2464� 2056 image resolution at 10 Hz, and
the ROS driver publishes the image feed into the ROS network with the same speci�cations,
as well as a downscaled 720p version of the image and an optional monochromatic version
of both resolutions. The image published has the following three channels: NIR16,G,R.

We have developed an additional node, which allows to publish useful alternative single-
channel images from the manipulation of the original image. These include the Normalized
Di�erence Vegetation Index (NDVI) image, the Chlorophyll Vegetation Index (CVI) image,
the Triangular Vegetation Index (TVI) image, the Normalized Near infrared image, the

13 https://github.com/davidbsp/flir_ax8_simple_driver
14 http://www.ab-soft.com/activegige.php
15 https://www.emva.org/standards-technology/genicam/
16 NIR stands for the Near Infrared channel, commonly used in multispectral imaging.
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