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Nopparat Kaakkurivaarab 
aDepartment of Forest Engineering, Forest Management Planning and Terrestrial Measurements, Faculty of Silviculture and Forest 
Engineering, Transilvania University of Brasov, Brasov, Romania; bDepartment of Forest Engineering, Faculty of Forestry, Kasetsart 
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ABSTRACT
In forest operations, established time-study methods, such as the use of a stopwatch and 
video recording, have dominated for several years. Advancements in machine learning and 
innovative data loggers present opportunities to reconsider and enhance these methods. This 
study utilized a neural network algorithm to learn from and generalize multimodal data 
collected by noise dosimeters and accelerometers placed at two different locations. It involved 
the implementation of seven distinct neural network models aimed at recognizing operator 
activities during chainsaw work. The classification accuracy (CA) of distinguishing between 
“work” and “other” work events reached impressive levels with various combinations of 
datasets. Notably, the poorest performance was associated with data from the operator’s 
back-mounted accelerometer alone (CA = 63%), whereas the best results emerged from 
combining data from the accelerometer on the chainsaw with a noise dosimeter (CA = 99.8%). 
This research highlights the viability of using accelerometers and noise data to analyze 
chainsaw operations, suggesting that defined network architectures and parameters can 
efficiently handle large datasets. This capability will facilitate the documentation of efficiency 
and delays in cross-cutting and delimbing activities without requiring specialized knowledge 
of forest operations or time studies. Data collection can span several working days and cover 
multiple locations, thereby minimizing the time spent on data management and analysis. 
Future developments in this model could enable a more granular analysis of the chainsaw 
work duration, further improving our understanding of operational efficiency in forestry.

Introduction

Timber harvesting operations play a pivotal role in wood 
procurement supply chains. The decision on the level of 
mechanization used in these operations is influenced by 
the availability of machinery and personnel, local forest 
management practices, terrain and stand conditions, tree 
species and size, and concerns about environmental 
impacts (Labelle and Lemmer 2019; Engler et  al. 2024). 
Therefore, motor-manual operations can applied in sev-
eral workplaces. For example, tree felling and processing 
are performed motor-manually in several parts of the 
world. Motor-manual operations account for a signifi-
cant share globally in regions characterized by the avail-
ability of cheap labor, difficult terrain, broad-leaved 
forests dominated by large trees, or when there is a gen-
erally low level of technical skill in forest operations 
(Lundbäck et  al. 2021; Di Fulvio et  al. 2024). Hence, 
productivity research on motor-manual forest work 
remains a relevant topic for supporting forest operations.

Teak (Tectona grandis L.f.) is highly valued in 
Thailand and neighboring countries because of its 

suitability for high-end products, such as boat decks, 
countertops, indoor flooring, and outdoor furniture 
(KU, ITTO, TEAKNET, 2022). In Thailand alone, the 
area of teak monoculture plantations is approximately 
100,000 ha. These planted forests typically require for-
estry operations, including two thinning steps before 
clear-cutting during the rotation period, which are exe-
cuted using the tree-length harvesting method (FIO 
2021; KU, ITTO, TEAKNET, 2022). These operations 
are mainly conducted with a high input of motor-manual 
labor, particularly during the felling and delimbing of 
trees, as well as when crosscutting them into logs at a 
log yard (Kaakkurivaara et  al. 2022). Specifically, oper-
ations at log yards involve measurement and grading, 
followed by log crosscutting. Usually, this task is per-
formed by teams of two workers; one operated a 
chainsaw, whereas the second assisted with an iron rod 
to lift the cross-cutting point of the stem off the 
ground. After bucking, the logs are individually 
accounted for and the log ends are stamped with a log 
ID number and a forest plantation logo (Kaakkurivaara 
2019). In the above-described harvesting operation, 
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planning decisions and resource allocation are import-
ant tasks due to labor-intensive and time-consuming 
operations. In addition, these tasks are challenging 
because of the lack of data describing the operational 
performance. For instance motor-manual operations in 
forestry are commonly used in Thailand, accurate data 
to support proper planning, such as time and produc-
tivity rates, are not available (Rianthakool et  al. 2018). 
A similar situation can be found in other regions 
across the world where motor-manual tree-length har-
vesting methods are integrated to achieve high-value 
recoveries (Vusić et  al. 2013; Ghaffariyan 2022). 
Motor-manual operations are a central subject of pro-
ductivity analysis due to their high degree of human 
involvement and operational variability (Kanawaty 
1992; Uusitalo 2010; Poje et  al. 2024).

Conventional time data collection methods have 
typically relied on time recording using stopwatches, 
hand-held computers, and video recordings for further 
analysis in time studies aimed at investigating produc-
tivity in forestry operations (Anson 1953; Steinlin 
1955; Olsen and Kellogg 1983; Harstela 1988; 
Bergstrand 1991; Kanawaty 1992; Björheden et  al. 
1995; Nurminen et  al. 2006; Uusitalo 2010; Mousavi 
et  al. 2011; Ghaffariyan et  al. 2012; Spinelli et  al. 2013; 
Câmpu and Ciubotaru 2017; Proto et  al. 2020; Poje 
et  al. 2024). Recently, automation and digitalization of 
research process have become integral to data collec-
tion and analysis in forest operation studies. For 
instance, multimodal data collected from sources, such 
as video recordings, sound dosimeters, and accelerom-
eters, can be processed using machine learning algo-
rithms, such as neural networks and random forests 
for activity recognition (Keefe et  al. 2019; Becker and 
Keefe 2022; Borz and Proto 2024). This new data pro-
cessing technology has the potential to mitigate the 
main disadvantages of conventional methods, including 
the availability of trained and experienced forest work 
researchers, the accuracy and reliability of data, and 
the limitation of collecting data only in a short term 
(Uusitalo 2010). Furthermore, motor-manual opera-
tions have their own special features when studying 
human work behavior with chainsaw and their com-
bined effect, instead of the observation of forest 
machine work, when studies are aiming at producing 
reliable estimates of work productivity (Câmpu and 
Ciubotaru 2017; Poje et  al. 2024).

Depending on the harvesting method used, 
motor-manual operations may be required at landing 
or in a log yard to delimb or fully process trees into 
logs (Verani et  al. 2008; Grebner et  al. 2022; 
Kaakkurivaara et  al. 2022). In general, these workspaces 
are characterized by a high variability in local features 
(stem size and quality, timber assortments, work expe-
rience, etc.) and the work methods may differ signifi-
cantly. This variability is further enhanced by work 
behaviors and the characteristics of the tools used 
(chainsaw type and other aids). Altogether, these fac-
tors can complicate the design of time studies, which 
require well-trained experts and considerable resources 
for implementation. Therefore, alternative solutions 
have been investigated to overcome these limitations 

and to enable the collection and analysis of large data-
sets with reduced effort. These solutions rely primarily 
on collecting data through sensors and processing them 
to determine the duration of relevant operational events 
using techniques, such as thresholding and machine 
learning. For instance, Borz et  al. (2019) used various 
modalities, including wearable devices equipped with 
GNSS functionalities, noise dosimeters, and accelerom-
eters, to document events in time and space to assess 
the ergonomic conditions of motor-manual willow fell-
ing using brush cutters. In their approach, thresholding 
was employed to differentiate the data based on the 
known features of the signals used. Keefe et  al. (2019) 
developed a smartphone application that can detect rel-
evant operational events through sensors integrated 
into devices using machine learning. They reported 
outstanding event-recognition accuracy when extracting 
relevant features from larger datasets. High recognition 
accuracy, reaching 100%, has been reported when using 
neural networks to predict events in motor-manual wil-
low felling using brush cutters (Borz 2021). However, 
these developed methods only work for specific prob-
lems for which they were designed. Furthermore, the 
economic context of different regions largely dictates 
the level of worker welfare; consequently, their ability 
to purchase and own the technology necessary for col-
lecting data in time studies. This often leaves the 
responsibility of conducting time studies to trained 
researchers, who must find suitable methods to manage 
large datasets with minimal effort. Therefore, the use of 
dedicated devices, such as precise noise dosimeters and 
accelerometers, can be advantageous; they document 
data which can be used for time studies as well as pro-
vide meaningful information for the productivity 
assessment of various operations. Their use can be par-
ticularly effective when costs do not exceed those asso-
ciated with the use of a specialized productivity related 
recording device.

The goal of this study is to investigate the suitability 
of multimodal data collected from motor-manual stem 
crosscutting for activity recognition and further utilize 
these data in time-study research, specifically through 
analysis using machine learning algorithms. The objec-
tives of this study are as follows: i) to identify the 
model class that performs best in classifying working 
versus non-working events based on acceleration and 
noise pressure signals, and ii) to determine the neural 
network architecture and hyperparameter settings that 
yield the highest event classification accuracy. These 
objectives were supported by three distinct datasets 
(acceleration data collected from both the chainsaw 
and the worker’s back, along with sound pressure level 
data recorded at the worker’s helmet level), which were 
used to develop seven model classes based on the 
number and type of input signals.

Materials and methods

Study location and organization of work

This study was conducted on a teak plantation in the 
province of Kanchanaburi, Thailand (Figure 1). The log 
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yard was located at approximately 14°10’58.8"N– 
98°55’34.3"E, at an elevation of approximately 200 m 
above sea level (a.s.l.), where teak harvesting was done 
by the Forest Industry Organization, a state-owned 
enterprise (FIO 2015). The company manages approxi-
mately 78,250 ha of teak plantations in Northern and 
Western Thailand, and performs harvesting operations 
from March to October, depending on the weather 
conditions, or until the annual local cutting plans are 
fulfilled. Data were collected from harvested tree stems 
in a clear-cut compartment, where the trees were 30 
years old, and the average tree size was 0.45 m³. The 
stems were extracted to the log yard and placed parallel 
to each other using a farm tractor. The age and size of 
the trees and the extraction method were carefully 
selected to represent the typical conditions of teak har-
vesting. The chainsaw used was a Stihl MS 180 without 
technical modifications, and the operators used com-
mon personal protective equipment (PPE) as required.

Data collection

Field data were collected over two days of observa-
tion (17th and 18th November 2022) using the three 
devices. Two Extech VB300 triaxial accelerometers 
(Extech Instruments 2014) were positioned on the 
front handle of the chainsaw and back of the worker 
between the scapulae (Figure 2). A sound dosimeter 
(Paillard 2021) was attached to the worker’s helmet 
using adhesive tape, maintaining a distance of 
approximately 10 cm between the microphone and 
ear. All devices were set to sample data at a rate of 
one second.

The noise dosimeter can record data on the A, C, 
and Z weighting scales. It features an adjustable log 
interval, is calibrated by the manufacturer, exhibits low 
sensitivity to temperature and vibrations, and it is well 
balanced in terms of accuracy and weight (Paillard 
2019). The instrument was set up using a dedicated 
software to sample the dB(A) weighting scale. Other 
important settings included the bandwidth, which was 
set to 16 kHz (with a sampling frequency of 32 kHz), 
and the time constant for sound level measurement, 
which was set to 125 ms. The collected variables 
included L-max, L-min, and LAeq, where LAeq is the 
equivalent exposure to noise based on the log interval 
that defines the time between two successive recorded 
samples. This interval defined the integration period 
for LAeq and the observation periods for L-max and 
L-min. The recorded data are stored in nonvolatile 
memory, and dedicated software is used to download 
them as either string- or time-labeled data.

The triaxial accelerometers used are miniaturized 
devices that are lightweight and can collect acceleration 
(g) data along three axes (x, y, and z). Using dedicated 
software, the data can be exported in Microsoft Excel 
format, which includes an identification string, identi-
fication numbers for the records, measured responses 
for the three axes for each record, and the automati-
cally computed vector magnitude and time label.

Data processing

Both types of data logger produced time-referenced 
datasets. The time labels of the records were used as 
features to pair the data, which were exported to 

Figure 1.  Motor- manual operation of Teak stem crosscutting (l eft) on log yard (upper r i ght) in western Thailand (l ower r i ght).
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Microsoft Excel. For the acceleration data, vector sums 
(Euclidean norms) were retained for analysis, whereas 
for the noise data, the equivalent sound pressure level 
was included (Table 1). The dataset used for analysis 
contained 25,031 valid records. Based on these data, 
two manual annotation rules were applied, informed 
by the known properties of acceleration and sound 
behavior when working with chainsaws.

Accelerometer data from the ENC dataset were 
manually classified based on the magnitude of the 
records. Records with magnitudes > 2 g were prelimi-
narily classified as working events. Based on the mag-
nitude of the LAeq dataset, records with magnitudes > 
80 dB(A) were classified as working events. These lev-
els were dictated after visual interpretation of results 
(see example in Figure 3). In both cases, records  
that did not meet the criteria for inclusion in the 
“Working” category were categorized as “Other” events. 
Subsequently, a paired visual analysis was conducted to 
determine the classification of records that received 
different annotations during the preliminary classifica-
tion. Based on the magnitudes of the ENC and LAeq, 
a final judgment was made regarding the classification 
of each record. For example, high magnitudes in the 
ENC records, when associated with low LAeq 

magnitudes—which are not typical for a running 
chainsaw—were classified as “Other” events. Conversely, 
lower magnitude records from ENC paired with high 
magnitudes in LAeq were classified as “Working” 
events. Such situations are commonly observed, as 
events, such as chain sharpening, may exhibit high 
magnitudes in ENC and low magnitudes in LAeq. 
Similarly, the action of moving along the stems typi-
cally resulted in low acceleration magnitudes because 
the chainsaw was not used for cutting, whereas the 
sound magnitudes remained high because the chainsaw 
engine was on.

Activity recognition by machine learning

Activity recognition using machine learning was con-
ducted by considering all possible combinations of 
input signals to be used as features, where the target 
variable was the class of events: “Other” and “Working.” 
A neural network was designed using the Orange 
Visual Programming Software (Demsar et  al. 2013) by 
varying its architecture in terms of the number of hid-
den layers and neurons. For training and validation, 
the ReLU activation function and ADAM optimizer 
were utilized because of their high performance in 
solving complex nonlinear tasks (Nair and Hinton 
2010; Maas et  al. 2013; Kingma and Ba 2015), partic-
ularly for similar input signals (Borz 2021). The num-
ber of iterations was maintained at the maximum 
enabled by the software (1,000,000), and training and 
testing were performed using a stratified cross-validation 
with 5 folds. All models were tested by one to five 
hidden layers of 10, 50 and 100 neurons each for net-
work architecture and parameters with ReLU as activa-
tion function, ADAM as solver and regularization 
parameters α = 0.0001, 0.001, 0.01, and 0.1.

A total of 420 models were trained and tested to 
identify the best model for sensor-based activity recog-
nition, with 60 models developed for each model class 
(Table 2) based on the number of layers, number of 
neurons in each layer, and the regularization parame-
ters used. The evaluation of the models was based on 

Figure 2. I nstrumentation of data collection: triaxial accelerometers placed on operator’s back (1) and chainsaw (2), and sound pressure meter on 
helmet (3).

Table 1. D escription of the datasets.

Dataset Abbreviation Description

Acceleration, front 
handle of the 
chainsaw

ENC Collected by a triaxial 
accelerometer mounted on the 
front handle of the chainsaw 
by adhesive tape, 
time-labelled records at a rate 
of one second

Acceleration, back of 
the worker

ENB Collected by a triaxial 
accelerometer mounted on the 
back of the worker between 
scapulae by a pericardic strap, 
time-labelled records at a rate 
of one second

Equivalent exposure 
to noise

LAeq Collected by a noise dosimeter 
mounted on the worker’s 
helmet by adhesive tape, 
time-labelled records at a rate 
of one second
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classification accuracy (CA), a metric that characterizes 
the proportion of correct predictions (Kamilaris and 
Prenafeta-Boldú 2018). Additionally, other metrics that 
characterize the classification performance were com-
puted and reported for comparison with other studies 
(see Supplementary Material). These included the area 
under the receiver operating characteristic curve 
(AUC), F1 score (F1), precision (PREC), recall (REC), 
specificity (SPEC), and binary cross-entropy (LOSS) as 
examples of metrics used to assess classification perfor-
mance (Fawcett 2006; Kamilaris and Prenafeta-Boldú 
2018). Training and testing were conducted using 
cross-validation because of the limited data available 
for task recognition. Cross-validation improves the 
robustness of classification models and mitigates over-
fitting. It partitions the dataset into a number of folds, 
retaining one-fold for validation and using the remain-
ing folds for training. This process was repeated sev-
eral times and the targeted classification performance 
metrics were reported as average values.

Data analysis

The initial dataset was characterized in terms of pri-
mary descriptive statistics by considering each input 
signal (ENB, ENC, and LAeq) and event class. A check 

for normality was conducted for each signal corre-
sponding to a particular event using the D’Agostino–
Pearson test. Subsequently, the data from the three 
signals are plotted in the time domain to illustrate 
their magnitude variations based on the event class. 
This analysis helped to better understand the structure 
of the data, particularly the features relevant for 
machine learning, such as class imbalance and intra- 
and interclass similarities (Bulling et  al. 2014; Chen 
et  al. 2018). Part of the analysis was supported by 
Microsoft Excel, which includes a copy of the Real 
Statistics add-in (Real Statistics using Excel, 2025). 
Activity recognition using machine learning was per-
formed using the Orange Visual Programming soft-
ware version 3.37, and the performance metrics were 
compared using Microsoft Excel. The metrics charac-
terizing the classification performance were recorded 
in a Microsoft Excel spreadsheet, and used to create 
bar charts to compare the classification accuracy of 
the models.

Results

Description of data

The main descriptive statistics for the data are pre-
sented in Table 3. For convenience in reporting the 
signals in the time domain (Figure 3), the magnitude 
of the LAeq signal was divided by 100 and this adjusted 
value is shown in Table 3. The signals analyzed had 
the same distribution across classes of events, with 
“Working” accounting for approximately 39% of the 
total. The primary differentiation in the mean magni-
tude of the acceleration data was observed in the ENC 
signal, which registered 7.18 g for “Working” events 
and 1.5 g for “Other” events. Similarly, the LAeq signal 

Figure 3.  Magnitude of the used signals in the time domain. Legend: ENB – Euclidean norm of the acceleration data as collected by the datalogger 
placed on the worker’s back, ENC – Euclidean norm of the acceleration data as collected by the datalogger placed on the front handle of the chain-
saw, LAeq – the equivalent exposure to noise collected by the datalogger placed on the worker’s helmet. Note: the two classes of events are codded 
by 1 for “Other” and by 10 for “Working”.

Table 2. D escription of the model classes (MC) and selected input data-
sets by features.

ENC ENB LAeq

MC1 Π Π Π
MC2 Π Π
MC3 Π Π
MC4 Π Π
MC5 Π
MC6 Π
MC7 Π
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showed means of 0.49 for “Other” and 0.98 for 
“Working” events. Although the range of values in the 
ENB signal was wide, the mean values for the “Other” 
and “Working” events were relatively close in 
magnitude.

None of the datasets passed the normality assump-
tion; therefore, median values were reported to charac-
terize the central tendency. There was a slight class 
imbalance in the data, as indicated by the dominance 
of the “Other” events. These events included tasks, 
such as maintenance, movement of the worker between 
the bunches of stems and to the rest and maintenance 
areas, and setting up and removing the data loggers.

However, Figure 3 shows the distribution of signal 
magnitudes in the time domain, along with a descrip-
tion of the event classes observed in the data. 
“Working” events were distinguishable in the ENC and 
LAeq signals, which was not typical for the ENB sig-
nal. These signals serve as good examples of multi-
modal data sourced by the same modality but from 
different locations. There was a wide variation in the 
magnitude of the ENC signal, which was largely char-
acteristic of the “Working” events. This variability pri-
marily stemmed from the different vibration spectra 
recorded when the chainsaw was actively used for 
cross-cutting compared to when it was idle, while the 
worker moved between locations where cross-cutting 
was required. Other events, such as moving to the rest 

area, performing maintenance tasks, and taking breaks, 
exhibited different patterns in the magnitude of the 
ENC signal, which, in many cases, was similar to that 
captured in the ENB signal.

From the data presented in Figure 3, it appears that 
the ENB and LAeq signals were the most effective at 
differentiating events in their patterns. For example, 
the magnitude of LAeq/100 approaching 1 (100 dB(A)) 
indicates that the chainsaw was operating at near-full 
capacity. The variation in LAeq/100 for “Working” 
events was narrower, although it was related to that of 
ENC in identifying sub-events, such as actual cutting 
and the movement of the chainsaw in idle mode 
between the locations of crosscutting (detailed data not 
shown here). However, owing to the way the data were 
annotated, it was not possible to accurately subdivide 
the “Working” event into individual sub-events like 
moving and crosscutting.

Activity recognition

The primary metric used to determine which model 
performed best on a particular set of input datasets 
was the classification accuracy. Figure 4 shows the 
classification accuracy (CA) of the models that worked 
optimally with the datasets listed in Table 4. Figure 5 
illustrates the pairwise differences in classification 
accuracy at the class level among the models, and the 

Table 3. D escriptive statistics of the datasets.

Signal Event

Descriptive statistics

Minimum value Maximum value
Mean ± Standard 
deviation value Median value

Number of 
observations

ENB (g) Other 0.00 11.29 1.27 ± 0.37 1.16 15272
Working 1.04 9.15 1.32 ± 0.34 1.22 9759

ENC (g) Other 1.00 19.69 1.50 ± 1.19 1.23 15272
Working 1.06 20.21 7.18 ± 3.45 5.73 9759

LAeq/100 (dB(A)) Other 0.30 1.02 0.49 ± 0.11 0.49 15272
Working 0.52 1.12 0.98 ± 0.09 1.00 9759

Figure 4. C lassification accuracy of the best performing models in each model class.
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supplementary material includes the full range of the 
developed models along with their classification per-
formance metrics.

As shown in Figure 4, using both ENC and LAeq 
signals resulted in the best classification accuracy of 
99.8%. Except for model class MC6, which yielded the 
lowest classification accuracy, all models demonstrated 
effective event classification (CA = 97.9% – 99.8%), 
with only minor performance differences ranging from 
–1.77 to 1.88% (Figure 5). The lower classification per-
formance of the MC6 model was expected because of 
the attenuation of the vibration signal emitted by the 
chainsaw as it propagated through the worker’s body. 
This finding is consistent with the data presented in 
Figure 3, which reveal a rather non-discriminative pat-
tern for the ENB signal.

Table 4 provides full details of the class-level classi-
fication performance of the best-performing models, 
including data on correctly and incorrectly classified 
instances. The optimal architecture and hyperparame-
ters varied significantly across the models in terms of 
the number of hidden layers, neurons, and learning 
rate. The computational time required to train and val-
idate the models depended largely on the architecture 
(number of hidden layers and neurons) and learning 
rate in most cases (data not shown). If two or more 
models within a class returned similar classification 
accuracies, the model requiring fewer computational 
resources was retained for analysis. This was the case 
for the models from classes MC4 and MC5.

Discussion

This study represents the first attempt to determine 
whether accelerometers and noise dosimeters have the 
potential to produce suitable data for machine learning 
analysis aimed at reliably investigating activities in 
motor-manual work. The activity recognition method 
described herein serves as a cornerstone for the auto-
mation of motor-manual operational studies, where 
researcher expertise and time spent on data collection 
do not limit the ability to conduct studies. Although 
the event classes in this study were simplified to 
"Working" and "Other," this was a justified decision 
within the scope of this research. The primary objec-
tive was to first establish the feasibility and potential of 
the ML approach for a robust binary classification of 

chainsaw operational states, laying the groundwork for 
more granular analyses in the future.

A critical consideration in studies of this nature is 
the validation of the proposed methodology. While a 
direct, concurrent validation against conventional 
time-study methods (e.g., stopwatch and video analy-
sis) or the use of a fully independent, ‘neutral’ dataset 
for the exact same operational period was not under-
taken in this initial investigation, this was a deliberate 
choice reflecting the study’s foundational aims. The 
immediate goal was to demonstrate that the chosen 
sensor modalities (chainsaw-mounted accelerometer 
and helmet-mounted dosimeter) could, with appropri-
ate ML algorithms, reliably distinguish between active 
chainsaw use ("Working") and other states ("Other") 
based on inherent signal characteristics. Establishing 
this fundamental capability was deemed a crucial pre-
requisite before embarking on more resource-intensive 
studies involving detailed comparative validation, which 
would be essential for finer-grained activity break-
downs (e.g., differentiating felling, bucking, delimbing, 
walking). The high classification accuracies achieved in 
distinguishing these two broad states, particularly when 
combining ENC and LAeq signals, provide strong evi-
dence for this initial feasibility. The distinct patterns 
observed—high acceleration and noise during active 
work versus lower or different patterns during other 
activities—supported this binary classification approach, 
with thresholds for "Working" events (e.g., >2g for 
ENC, >80 dB(A) for LAeq) initially informed by visual 
interpretation of the signal data from active chainsaw 
operations.

Encouraging results were obtained regarding the 
method used, which can be further used to develop 
time studies that analyze the time distribution of 
motor-manual work into two main components: effec-
tive time and delays. These positive results suggest that 
further advancements may allow for the detection of 
different work elements. Moreover, the scalability of the 
recording method is significant because data collection 
can be easily expanded to multiple locations within the 
harvesting compartment where the study participants 
are working. Our study demonstrates that the recording 
time can be extended without adding significant extra 
time to collect, analyze, and interpret data. Consequently, 
data can be gathered from several locations over the 
course of a week before collection and analysis using 

Table 4. C lass-level classification performance of the best performing models in each model class.

Model class and signals Event class
Hidden 
layers Neurons Learning rate CA Correctly classified

Incorrectly 
classified

MC1
ENC, ENB, LAeq

Other 3 50 0.01 0.997 15242 30
Working 9723 36

MC2
ENC, ENB,

Other 1 100 0.0001 0.980 14867 405
Working 9658 101

MC3
ENC, LAeq

Other 4 50 0.0001 0.998 15250 22
Working 9719 40

MC4
ENB, LAeq

Other 5 10 0.0001 0.995 15192 80
Working 9722 37

MC5
ENC

Other 3 10 0.1 0.979 14835 437
Working 9664 95

MC6
ENB

Other 3 10 0.01 0.630 10471 4801
Working 5235 4524

MC7
LAeq

Other 2 50 0.01 0.995 15189 83
Working 9726 33
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machine-learning algorithms. Generally, the placement 
location’s invariance in magnitude is negligible owing to 
the neural network’s ability to standardize input signals.

High classification accuracy was observed across sev-
eral models that incorporated ENC, LAeq, or both for 
activity recognition. In contrast, the ENB-based model 
performed poorly on its own and did not yield accurate 
results when combined with either the ENC or LAeq 
signals. Comparisons between the ENB-based model 
and other model groups revealed important differences, 
as illustrated in Figure 5, and adding the ENB signal as 
a third feature did not enhance classification accuracy.

From a feasibility standpoint, placing the accelerom-
eter at the back of the operator poses challenges if the 
data recording period exceeds one day. However, the 
placement of the accelerometer on the chainsaw (as 
shown in Figure 2) can be achieved in a manner that 
does not interfere with the operator’s work. It appears 
that for optimal performance, the combination of ENC 
and LAeq signals is suitable for the accurate classifica-
tion of events, except in situations where multiple 
chainsaws operate close to one another, which can 
complicate the interpretation of the noise source data 
(LAeq). In such scenarios, using the ENC signal alone 
is the best option because adding an ENB signal does 
not improve the classification accuracy.

Although the utilization of machine learning for 
productivity studies is a relatively new research area, 
few related studies have been published regarding its 
accuracy in forestry. A similar binary classification 

study using a brush cutter based on three data modal-
ities (speed, accelerometer, and their combination) 
achieved an accuracy of 99.9% (Borz 2021). In a study 
by Borz and Proto (2024), weed control by farm trac-
tors equipped with rotary tillers showed accuracy levels 
for three event classes ranging from 90.1% to 92.2%. 
When compared to these previous studies, the recogni-
tion accuracy was high, with neural networks effec-
tively predicting events in the motor-manual 
crosscutting of stems. Based on the similarities between 
these studies, it can be assumed that the delimbing 
process achieved approximately the same classification 
accuracy.

This study used a relatively small dataset for training 
and validation and, as noted, lacked tests with unseen 
data from a completely separate trial or direct compari-
son to conventional methods for the same tasks. 
However, an increase in the amount of data may not 
significantly improve classification accuracy for this 
binary task, as it is approaching 100%. While this study 
focused on a commonly used type of chainsaw, future 
research should include several types of petrol- and 
battery-powered chainsaws. This is important for a more 
thorough investigation of sound pressure level detection 
and interpretation, as these measurements are sensitive 
to the distance between the source and dosimeter and 
may be sensitive to variations in the magnitude of the 
LAeq signal level. Implementing these methods for 
larger sample sizes, and critically, validating them against 
established methodologies and unseen datasets, would 

Figure 5. D ifferences in classification accuracy between each two best performing models of each model class.
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increase the computational power requirements but also 
significantly bolster confidence in the approach, partic-
ularly for more granular activity classifications. Such 
steps are essential to fully understand the expected level 
of accuracy in advance, particularly when comparing it 
with conventional methods because datasets are scaled 
up to cover a broader scope of study.

Conclusions

The results of our study are promising, indicating 
highly significant event classification in the time 
domain for both productive and nonproductive tasks 
involved in the motor-manual crosscutting of teak 
stems. In addition, the findings highlight the ideal 
combinations of data loggers for achieving optimal 
classification performance and the best placement 
locations for these devices. This approach has signifi-
cant implications for both practice and science, as it 
can enhance the effectiveness of data collection, pro-
cessing, and analysis in motor-manual time studies. 
Effectiveness can be improved by addressing key chal-
lenges, such as the need for highly qualified experts, 
logistical restrictions that limit one expert to observ-
ing events in a single location, the duration of studies, 
and the overall effort required to collect, process, and 
analyze data for time consumption classification. 
Moreover, there is potential for further improvements 
to extend our approach, allowing for a deeper explo-
ration of elemental time studies through machine 
learning, thereby providing an effective means for 
process improvement.
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