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Deploying an early-stage Cyber-Physical System for the implementation
of Forestry 4.0 in a New Zealand timber harvesting context

Patrick Humphrey,
Campbell Harvey,
Rien Visser

Introduction

Industry 4.0 has transformed how many
businesses manage manufacturing, opera-
tional monitoring, material utilisation, and
logistics processes (Hermann et al. 2016,
Pereira & Romero 2017). Emerging from a
high-tech strategy introduced by the Ger-
man government in 2011, this initiative aims
to enhance efficiency and innovation in in-
dustrial processes. This transformation is
characterised by a shift from centralised to
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Industry 4.0 is a concept using enabling technologies to increase efficiency for
industries that can digitalise production processes. Industry 4.0 is intended to
be an interconnected system, shifting from centralised to decentralised pro-
duction control, with optimisation completed at multiple levels in real time. It
facilitates communication between humans and machines with data. Forestry
4.0 is the adaption to the forest industry where high mechanisation rates in
forest harvesting operations provide a clear opportunity for digitalisation and
optimisation. A Cyber-Physical System (CPS) is an enabling technology that
connects the physical and virtual domains. Implementing a CPS across a mech-
anised harvesting operation presents opportunities such as real-time optimisa-
tion of machine tasking or predicting machine maintenance needs. While eco-
nomic benefits are commonly cited as the main driver for Forestry 4.0, the lit-
erature indicates that barriers like technology, costs, education, and organisa-
tional structure have hindered progress to date. This paper develops a CPS for
harvesting systems. Using a New Zealand-based case study, it demonstrates
early-stage implementation where Controller Area Network data was live-
streamed from a felling machine, analysed and presented on an interactive on-
line dashboard. This system allows logging contractors to monitor the opera-
tions of their machines in real time outside the area of work, while also stor-
ing data for future analyses. However, without linking the entirety of the har-
vesting operations, the economic benefits and realisation of Forestry 4.0 are
limited.
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decentralised production control, enabling
enhanced communication between hu-
mans and machines with data. Following
the historic manufacturing milestones of
mechanisation, electrification, and ad-
vanced electronics, Industry 4.0 is poised
to further increase industrial efficiency
(Hermann et al. 2016).

Although initially centred on manufactur-
ing, Industry 4.0 has adapted to various
sectors, including forestry. This has been
termed “Forestry 4.0” (Reitz et al. 2019).
Currently, the practical implementation of
Forestry 4.0 remains limited, but this is
changing. New Zealand’s forest harvesting
sector presents a compelling case for inte-
grating 4.0 concepts and its enabling tech-
nologies. The sector has high mechanisa-
tion rates with the average harvesting op-
eration involving numerous machines (Vis-
ser 2024). These operations generate sub-
stantial quantities of underutilised machine
data. Collecting, analysing, and using this
data (and more) is a key part of 4.0 imple-
mentation (Feng & Audy 2020).

Adoption of Forestry 4.0 in forest opera-
tions will require the integration of new
technology, systems, and ways of work for
logging contractors. Literature on Forestry
4.0 integration into operations often fo-
cuses on the theoretical implementation
(Fig. 1), presenting holistic frameworks for
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the entire forest products supply chain. For
example, He & Turner (2021) highlight sev-
eral strategic outcomes like cost reduction
and increased efficiency, without detailing
how systems and technologies required for
these outcomes are practically imple-
mented within operations. Similarly, Feng
& Audy (2020) propose their holistic 4.0
framework for the forest supply chain. This
underlines the requirement of new tech-
nologies such as Cyber-Physical Systems
(CPS) and the Internet of Things (loT) but
again, provides little direction on how
these are introduced in forest operations,
particularly harvesting. In contrast, re-
search on technology integration shows a
staircase approach to implementing For-
estry 4.0 technologies without realisation
of the concept itself. Strandgard & Mitchell
(2015) showcased the beginnings of a CPS
with automated time studies using GPS
and vibration sensors in forwarders. French
(2022) experimented with computer vision
for automating stem detection under
yarder grapple carriages. Hoenigsberger et
al. (2022) used machine learning to analyse
accidents in harvesting operations, fore-
casting the injured worker’s absence hours
based on their accident. This literature
demonstrates CPS integration in forest har-
vesting and provides developments on lo-
calised problems.
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Collaborative forest supply chain digital ecosystem

Fig. 1- Forestry 4.0
architecture and
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The purpose of this article is to develop a
framework for implementing Cyber-Physi-
cal Systems in forest harvesting opera-
tions.

Cyber-Physical Systems (CPSs)

A key concept that enables Forestry 4.0 is
a Cyber-Physical System (CPS — Oztemel &
Glrsev 2018, Feng & Audy 2020). Forestry
4.0 is a broad term, regarding the integra-
tion of current and emerging technologies
including Artificial Intelligence (Al), loT, au-
tomation, and “smart” operations. For-
estry 4.0 encompasses the entirety of the
forest supply chain, from the planting of a
tree through its transformation into a
wood product and its eventual delivery
(Feng & Audy 2020). CPSs, on the other
hand, are a component of Forestry 4.0. A
CPS collects and analyses data in real time
to provide stakeholders with insights for
informed decision-making (Trappey et al.
2016, Pereira & Romero 2017). Lee et al.
(2015) suggested a five-step (5C) approach
to CPS implementation: (1) data acquisition
through smart connections, (2) conversion
of data to information, (3) cyber (central
hub), (4) cognition in the form of dash-
boards, and (5) configuration through a
feedback loop between the virtual and
physical worlds.

Controller Area Network (CAN) communi-
cations are a viable option as a data source
for the smart connection layer. CAN is a se-
rial communication protocol, developed by
Bosch in the mid-1980s and standardised as
ISO 11898 (Spencer & Torres 2023). It is a
message-based communication protocol
designed to connect Electronic Control
Units (ECUs) where electrical noise and
other electromagnetic disturbances may
cause communication failures. Forest har-
vesting machinery manufacturers have
adopted CAN as their communication pro-
tocol in their machines. Researchers have
already used this for extracting machine
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data; for example, Prinz et al. (2020) ana-
lysed CAN data of a Ponsse Scorpion and a
Ponsse Ergo, comparing stem diameter
and cutting time of trees with the fuel con-
sumption CAN metric.

Converting data to useful information for
logging contractors is key to realising the
potential of Forestry 4.0. The literature
presents several analyses that can provide
useful insights, including real-time opera-
tion monitoring and predictive mainte-
nance applications.

Mattetti et al. (2021) studied the mission
profile of an agricultural tractor using CAN
data. Their analysis showed that the trac-
tor was used for 579 hours over 107 days,
resulting in working, idle, and moving
states for 65%, 18%, and 16% of the time, re-
spectively. Mattetti et al. (2022) used ma-
chine data for activity-based costing of
field operations. The results of the study
showed that 59% of the time the tractor
was working on on-field activities, it also
had a significant idle time of 25%. The cost
analysis showed that labour and fuel were
the two highest-cost drivers, 71% and 63%,
respectively. Choi et al. (2007) studied
driver behaviour using the CAN data, to
promote driver safety and distraction
alerts in vehicles. The authors used unsu-
pervised learning models to predict if a
driver was distracted during driving.

Kruczek et al. (2019) explored predictive
maintenance in mining machinery via two
case studies. The first analysed conveyor
belt damage using electric current and driv-
etrain temperature, employing regression
analysis for automatic damage period diag-
nosis and anomaly threshold setting. The
second examined “load haul dump ma-
chines” (LDHs), utilising engine coolant
temperature to identify condition changes,
aiding in damage detection and repair veri-
fication. Tiddens et al. (2020) examined
predictive maintenance in various indus-
tries through six case studies. A notable
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+ Loading/unloading
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« UAVs, robots/automated loaders

¥

Digital technologies for forest management

study involved a model-based method for
military helicopter parts to assess their Re-
maining Useful Life (RUL). This model fea-
tures three decision-making stages: detec-
tion, where it identifies unacceptable situa-
tions; diagnostics, evaluating part condi-
tions continuously; and prognostics, esti-
mating RUL after each flight for mission
and maintenance planning.

The data and subsequent analyses of mul-
tiple machines and vehicles are then
merged, creating the central hub (cyber-
space) of information. From here, the cog-
nition and configuration steps are inte-
grated within the central hub. Ninikas et al.
(2010) showcase this through the design of
a fleet management system for courier op-
erations. Their system eliminated the hu-
man factor inefficiencies associated with
route selection, significantly improving the
routing of courier drivers. This system ef-
fectively showcases the cognition and con-
figuration feedback loop between cyber-
space and the machines in operation, re-
evaluating the machine’s future actions
based on newly received data.

Drivers and barriers

Understanding logging business drivers
and goals could help expedite the phased
transition to Forestry 4.0. The literature on
drivers for Industry 4.0 indicates four over-
arching driver categories: digital, econom-
ic, environmental, and social (Bellandi & De
Propris 2021, Hopkins 2021, Nayernia et al.
2021, Zhang et al. 2021, Baz et al. 2022). For
instance, in the manufacturing industry, ed-
ucation, IT infrastructure and its reliability
were key in the digital category. Economi-
cally, the drivers included maximising pro-
duction efficiency, minimising costs, miti-
gating competitive pressure, and enhanc-
ing flexibility (Herceg et al. 2020). Environ-
mentally, reducing greenhouse gas emis-
sions, waste reduction, and optimising en-
ergy consumption were most crucial. The
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social drivers included upskilling the cur-
rent workforce, enhancing connectivity be-
tween production stages and consumer re-
quirements, and increasing product cus-
tomisation.

For agriculture, economic drivers are a
top priority, with farm size, cost reduction,
and total income being the most crucial
(Pierpaoli et al. 2013). Larger farming busi-
nesses, benefiting from economies of scale
and facing more complex management
challenges are more inclined to adopt 4.0
technologies than smaller farms. In the dig-
ital category, education on technology was
found to significantly influence its adop-
tion. Farmers’ environmental drivers fo-
cused on sustainability, mainly reducing
their fertiliser use and wastage.

Historical evidence demonstrates that
New Zealand’s forest harvesting industry
responds swiftly when motivated by com-
pelling factors. In 2013, a push for better
safety and reduced worker harm led to an
increase in mechanised steep slope har-
vesting from 5% to 94% by 2022, indicating
the potential for similar adoption rates of
4.0 technologies with the right drivers
(Forest Owners Association 2014). How-
ever, this shift may require external sup-
port, as seen in international examples like
Valentini, an Italian yarding manufacturer
(Gadekar et al. 2022). Valentini integrated a
CPS into their machinery, a move facili-
tated by a government-industry grant
(Ministry of Enterprises and Made in Italy
2023, 2024). External support of this nature
lowers the cost barrier for a small-medium
enterprise, thereby expediting the adop-
tion of 4.0.

There are also cultural barriers to the
adoption of 4.0 and its technologies. Tradi-
tional organisational cultures can often be
resistant to change, inhibiting the transi-
tion (Feng & Audy 2020, Kristofersson &
Torto 2021). Resistance often stems from a
perceived lack of benefit, potential disrup-
tion of the current system, or simply a fear
of the unknown. Implementing Industry
4.0 technologies including data capturing,
transmitting, and storing, are often associ-
ated with high upfront costs (Akhter & Sofi
2022).

Technical challenges including the estab-
lishment of industry-wide data standards,
ensuring robust IT system security against
increasing cyber threats, and the technical
complexities involved in data protection
can make it challenging for 4.0 adoption
(Mdiller et al. 2019, Zhang et al. 2021, Akhter
& Sofi 2022, Ghobakhloo et al. 2022). For in-
dustries working in remote locations, is-
sues involving reliable data connectivity
and robust sensor and data-collecting
methods pose significant technological
barriers.

Designing a CPS

To implement Forestry 4.0 at the logging
contractor level, a simplified four-step
process for CPS integration is suggested:
(1) data capture, (2) transmission and stor-
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age, (3) processing and analysing, and (4)
display and decide.

Step 1: Data Capture

For any successful CPS, reliable and au-
tonomous data collection is required.
Leveraging existing CAN data streams in
logging machinery with data loggers offers
a solution for both constraints. The data
logger is connected to each machine’s bus
system either through the CAN wires di-
rectly or through a diagnostic port. In har-
vesting machines, it is typical for excava-
tors (felling and harvesting machines) to
have different branded base machines and
heads. The two have separate CAN buses
that can be connected using an ISOBUS
(ISO 11783) network (CSS Electronics
2023a). The ISOBUS facilitates communica-
tion between the two, allowing the ma-
chine seamless use of the felling or har-
vesting head. It is imperative to check that
the implement’s (harvesting or felling
head) CAN data is collected via the base
machine’s diagnostic port. Where this is
unachievable, ensure a second connection
of the data logger to the implement’s diag-
nostic port.

Step 2: transmission and storage

Transmission

Following data acquisition, it is required
to be transferred offsite and stored. Sev-
eral communication protocols could poten-
tially work in the remote, forest environ-
ment including Zigbee (IEEE 802.15.4), Cel-
lular (2G to 5G and LTE), Wi-Fi (IEEE 802.11),
Bluetooth (IEEE 802.15.1), and LoRa (Lo-
RaWAN) (Apriani et al. 2022, Mahmood et
al. 2015). Cellular, being the most widely
available network, can have limited cover-
age in remote locations. However, if not,
this would be the ideal communication pro-
tocol for contractors due to its familiarity,
simplicity, and low cost. Similarly, Wi-Fi,
particularly when satellite-based and Blue-
tooth stand out for these reasons. How-
ever, Bluetooth’s limited range may hinder
its adoption compared to other protocols.
LoRa’s effectiveness in forest environ-
ments has been demonstrated through re-
search (Apriani et al. 2022), however its fa-
miliarity when compared to cellular, Blue-
tooth and Wi-Fi may mean it is viewed less
favourably. Zigbee is likely to be viewed
similarly for the same reason. Ultimately,
the communication protocol(s) adopted
should balance familiarity with the technol-
ogy, whether cellular coverage is available,
together with setup and ongoing costs.

Storage

Cloud storage is the final link for trans-
porting the data off-site. Online platforms
for data storage (e.g., iCloud, OneDrive,
Dropbox), offer advantages over tradi-
tional methods such as user-friendliness,
security, and cost-effectiveness (Oztemel &
Glrsev 2018). These platforms accept vari-
ous data types from multiple acquisition

systems.

Alternatively, edge computing offers an
approach where, rather than sending data
off-site, data is processed within the origi-
nal network, on-site. This concept ad-
dresses the challenges of limited service,
cloud computing setup, and potential sys-
tem downtime (Adi et al. 2020). Data pro-
cessing and analytics are performed onsite
and fed back into the system on the same
(closed) network, enhancing analytical effi-
ciency as bandwidth issues are reduced. Ei-
ther option may be suitable for NZ-based
logging contractors; however, cloud stor-
age, and particularly cloud data processing
(see Step 3) provides significant advan-
tages.

Step 3: processing and analysing
Processing and analysing data are inher-
ently different processes but have been
combined in this framework. This was be-
cause both processes are often dependent
on each other, as many analyses have data
processing prerequisites. Combining the
two allows for seamless integration within
the cloud server and offers more control
when implementing new analytics. Simpli-
fying the current CPS frameworks was also
a primary reason for combining the two.
The framework is designed for contractors
to easily understand how each step works.

Processing

Captured CAN data is initially not in a for-
mat understandable by humans, requiring
a pre-processing step. This is done by ap-
plying a DBC (Database CAN) file, which
contains the rules for how to decode CAN
data. DBC files are available in two main
variants: industry-standard (e.g., SAE J1939
for heavy-duty vehicles) and OEM (Original
Equipment Manufacturer) specific. The in-
dustry standard DBC files encapsulate CAN
IDs and signals that are widely recognised
across various machine manufacturers.
Conversely, OEM-specific DBC files, are
unique to the manufacturer’s equipment
and are often not available to the public.
Reverse-engineering some OEM CAN sig-
nals is feasible, however, it is labour-inten-
sive, becomes increasingly complex with
the variety of machine brands, requires
specialised equipment, and needs domain
expertise (Huybrechts et al. 2017).

Analysing

By using decoded CAN data, operational
monitoring of harvesting machines can be
achieved. As an example, a simple work-
time analysis could take the engine speed
variable and determine when the machine
is idling or operating. This could be done
through either predetermined thresholds
or using unsupervised classification algo-
rithms such as k-nearest neighbour or ran-
dom forest. For a more comprehensive
analysis of machine usage, additional CAN
signals such as joystick movements, button
presses, machine orientation and fuel con-
sumption can be included.
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Tab. 1- John Deere 959 MH and SATCO 630E specifications.

Specifications John Deere Specifications SATCO
959 MH P 630E
Engine Output (kW) 246 Weight (kg) 2.150
Engine Torque (Nm) 1.390 Capacity (cm) 12.5 - 86
Weight (kg) 40.910 Close Min (cm) 12
Rated Speed (rpm) 1.900 Open Max (cm) 128
Cab Levelling tilt 26 forward, Saw 43" bar with
(deg) 14 rear % inch chain
Cab Levelling tilt + 7 side Saw Motor (cc) 45 Rexroth
(deg) motor

CAN data from forest machines contains
a variety of engine and hydraulic variables,
which can be used for predictive mainte-
nance applications. Machine learning algo-
rithms can give insight into massive vol-
umes of data and have been used in re-
search for anomaly detection, Remaining
Useful Life (RUL) analysis, and predictive
failure models (Wen et al. 2022). Anomaly
detection models are particularly useful in
identifying atypical data points or patterns,
especially in the absence of training data.
RUL models estimate the remaining opera-
tional lifespan of a machine or its compo-
nents, which is valuable for assessing when
replacements are necessary (Wang et al.
2020). Predictive failure models require ex-
tensive historical data regarding past fail-
ures. Their primary function is to anticipate
machine, component, or quality failures be-
fore they occur. These models could pro-

Fp"

Fig. 2 - Interactive Grafana
dashboard for the John
Deere 959 MH.
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vide logging contractors with detailed in-
formation on their machine’s maintenance
requirements, possibly improving mainte-
nance scheduling and reducing abrupt fail-
ures.

Step 4: display and decide

The design of a user interface allows the
presentation of clear and concise informa-
tion to operators, supervisors, and forest
owners for decision support. Graphical
User Interface (GUI) dashboards offer a
perspective on both machine-level metrics
and broader operational performance
(Akhter & Sofi 2022, Lee et al. 2015, Zhao et
al. 2010). GUIs can allow collaborative deci-
sion-making, where automated analyses
provide suggestions. In this step, the syn-
ergy between the system and human ex-
pertise comes to the forefront (Lee et al.
2015). The CPS utilises models from the

Current Fuel Con Fuel Level Hydraulic Oil Lev. Machine Hours

1.75un

Pitch Angle Roll Angle

P |

== 10 to 20 87%
== 0 to 10 Nn%
= -5t0 0 1%

== 0 to 10
= -10to -5

== -5to0 0
- 20+ 1%

== 10 to 20
== -10to -5 0%

-—ona

analysis stage to generate recommenda-
tions while the human actions, revises, or
declines the CPS-generated solution. In a
forestry context, this application might en-
compass real-time updates to cutting
plans, machine path selection, yarder
bunch size optimisation, or daily harvesting
strategy, for example.

Case study

A CPS was introduced into a New Zealand
mechanised forest harvesting operation
for 111 working days, which covered two
different harvest areas. The first from July
10t to October 5% 2023 was located in
Chaney’s Forest (Site A — 43° 25’ 34" S, 172°
40' 06" E) and the second from October gt
2023 to February 19* 2024 in Ashley Forest
(Site B—43°11'26" S, 172°34' 23" E).

One data logger was attached to a John
Deere® 959 MH felling machine with a
SATCO 630E felling head (Tab. 1). The data
logger was programmed to connect to a
Wi-Fi Local Area Network, with the Wi-Fi
hardware located in the machine’s cabin
and automatically uploaded data to an
Amazon Web Service (AWS) S3 bucket in
50 MB packets. As the data files were up-
loaded, an AWS Lambda script automati-
cally converted the raw data into a human-
readable form using the J1939 protocol
(CSS Electronics 2023b). These decoded
CAN files were then stored in an S3 Par-
quet data lake. AWS Glue (Triggers) and
Athena allowed data to be queried and in-
terpreted by third-party software. A Graph-
ical User Interface (GUI) in the form of a
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dashboard was created using Grafana and
then linked to the Athena data source (Fig.
2). This allowed metrics such as engine
speed, GPS position, work time, and ma-
chine tilt to be displayed in real-time.

To calculate the work time, the engine
speed variable was used. Eight hundred
and ninety to 910 Revolutions Per Minute
(RPM) was considered “idling”, >1800 RPM
was considered “operating”, o (zero) RPM
was “engine off”, and the remainder was
labelled as “idling up and down”. These
ranges were based on the machine specifi-
cations and information provided by the
operator. Idle was set at 900 RPM, and the
rated speed was around 1900 RPM - hence
a lower threshold of 1800 was used. This
was then taken a step further including joy-
stick CAN signals to determine the amount
of time the machine was tracking (working
state) when “operating”. The machine was
considered “tracking” when either joy-
sticks 3 or 4 were in use (> 0%). The pitch
and roll angles of the machine were then
examined using their respective CAN sig-
nals. Extended pitch and roll angle signals
were ignored due to sensor degradation
alerts in the dataset. Finally, the engine
fuel rate variable was used to determine
the fuel consumption (I h*') of the machine
in its different working states (Tab. 2).

The analysis reveals that the felling ma-
chine at Site B had a utilisation 4.8% greater
than Site A. Similarly, fuel consumption
data indicate that, overall, Site B’s machine
operated more fuel-efficiently than that at
Site A. However, Site A exhibited greater
fuel efficiency when the machine was sta-
tionary. The results for roll and pitch angles
underscore the terrain differences be-
tween the two sites: Site A is relatively flat,
with 72.8% of roll angles and 91.3% of pitch
angles within the -5 to +5 degrees range. In
contrast, Site B features steeper terrain,
with pitch and roll angles predominantly in
the -5 to -15 and 5 to 20 degrees range. De-
spite these terrain differences, they are not
mirrored in the fuel consumption analysis,
whereas Site B’s tracking fuel consumption
was significantly lower than Site A’s. This
discrepancy may result from operational
planning, where the contractor has limited
the machine’s time spent tracking uphill.
This minimised load on the engine, result-
ing in lower fuel consumption.

Discussion

By modifying the CPS framework by Lee
et al. (2015), a simplified CPS was designed
for a New Zealand case study. The CPS has
four functions: data capture, transmission
and storage, processing and analysing, and
display and decide. The CPS was then ap-
plied to an active felling machine in New
Zealand over 111 days. The system enabled
near-real-time analytics of operational effi-
ciency, fuel consumption, and pitch and
roll angle metrics in a real harvesting envi-
ronment.

Literature on deployed CPSs and real-
time analysis in forest harvesting opera-

iForest 17: 353-359

Forestry 4.0 in forest harvesting operations

Tab. 2 - Example and results of potential CAN data analyses for forest harvesting

machinery.
Characteristic Feature Site A Site B Total
Efficiency (%) Operating 75.7 80.5 77.6
Idling 19.3 16.8 18.3
Idling Up and Down 0.7 0.5 0.6
Engine Off 4.3 2.2 3.5
Tracking (%) Stationary 141.2 45.2 42.9
Tracking 58.8 54.8 57.1
Roll angle (%) Oto+/-5 72.8 49.4 63.5
+/-5to +/-10 23.9 32.1 27.2
+/-10 to +/-15 3.3 18.5 9.2.3
15+ 0.0003 0 0.0002
Pitch angle (%) -10to -5 3.6 0.3 2.3
-5to0 58.9 6.9 38.3
0Oto5 32.4 14.4 25.2
5to 10 4.1 21.8 11.4
10 to 20 0.9 51.0 20.8
20+ 0.02 5.6 2.1
Fuel consumption Operating 35.7+159 34.3+15.3 35.1x15.7
‘()lthY;’rk‘”g state  gperating (Stationary)  25.3+13.7 27.2+13.5  26.1+13.7
Operating (Tracking) 43.0+ 129 40.1+14.2 41.9+13.5
Idling 2.0+£0.4 2.0+£0.4 2.0+£0.4
Idling Up and Down 7.1+10.3 6.5+9.2 6.9 +10.0

tions is limited. Research such as Prinz et
al. (2020) shows the potential of CAN data
analysis in gaining more insight into ma-
chines’ inner workings in harvesting opera-
tions. Bacescu et al. (2022) used John
Deere’s telematics system JDLink™ to con-
duct similar analyses seen in this paper on
two forwarders and two harvesters. Both
analyses are not conducted in real time,
showing the use of such a system, albeit
with limited realisation of Forestry 4.0.

Although this research shows one imple-
mentation pathway of a CPS in mechanised
harvesting operations, there are still sev-
eral challenges that need to be overcome.
Firstly, using the J1939 dictionary to de-
code CAN signals from harvesting ma-
chines provides an array of variables, how-
ever, OEM-specific variables remain unde-
coded. These remaining variables poten-
tially hold more useful data for contrac-
tors. This analysis would have benefited
from key metrics (decoded CAN signals)
such as when the main saw was engaged,
or the grapple arm position (0-100%
closed). Accessing these CAN signals and
others similar will improve the insights
gained through this system.

A possible solution to this is the inclusion
of machine learning models in the analysis
step to determine the operational status of
machines or to decode OEM signals. Using
the current CAN signals available, machine
learning models can identify patterns that
coincide with the specific tasks the ma-
chine is carrying out. For example, joystick
inputs, felling head position, and engine

load patterns could be used to determine
whether the machine was felling, shovel-
ling, or repositioning in the stand. This
could then be used for further analyses
such as determining productivity as a func-
tion of the forest stand variables and work
patterns.

The second key limitation of the tested
CPS was the need for cellular service to
transfer the data offsite. As New Zealand’s
production forests are often located in ar-
eas with limited or no cellular service, the
CPS is not robust for real-time transfer to
the online server. Recently, there has been
significant growth in satellite Wi-Fi capabili-
ties such as Starlink™. This is a key con-
straint, and it is recognised that any data
transfer service adopted by a forest har-
vesting sector pushing for 4.0 must be
both reliable in remote locations and capa-
ble of moderate data upload rates.

The final challenge is the dynamic rela-
tionship between the logging contractor
and the forest owner or contracted man-
ager. Currently, in New Zealand, there is a
limited exchange of “data” between the
two parties. Full adoption of Forestry 4.0
such as ideas like “live log priority setting
to customer demand” may require a re-
view of what is traded between the log-
ging contractor and forest owner/man-
ager, how harvesting is managed, and how
that is valued. The most obvious issue the
new system presents relates to the owner-
ship rights of the captured data. Establish-
ing ownership is often a difficult task due
to the complexity of defining what owner-
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ship means (Hummel et al. 2020). This com-
plexity is compounded when considering
the entitlements to use and access the
data (Haywood 2006). Thus, it is impera-
tive to establish clear boundaries concern-
ing these rights before commencing data
sharing between contracted parties.

Conclusion

There are some challenges ahead for the
adoption of Forestry 4.0 in fully mecha-
nised forest harvesting operations. This re-
search demonstrates the ability to layer ex-
isting technologies to create a CPS within a
current harvesting operation in a way that
partially fulfils the needs of 4.0. The techni-
cal ability is shown; now, it is crucial to tai-
lor 4.0 developments to the specific deci-
sion-support needs of harvesting contrac-
tors. Doing so will more clearly showcase
the potential to enhance harvesting busi-
ness and production.
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