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Abstract: In forest operations, traditional ergonomic studies have been carried out by
assessing body posture manually, but such assessments may suffer in terms of efficiency
and reliability. Advancements in machine learning provided the opportunity to overcome
many of the limitations of the manual approach. This study evaluated the intra- and inter-
reliability of postural assessments in manual and motor-manual forest operations using
the Ovako Working Posture Analysing System (OWAS)—which is one of the most used
methods in forest operations ergonomics—by considering the predictions of a deep learning
model as reference data and the rating inputs of three raters done in two replicates, over
100 images. The results indicated moderate to almost perfect intra-rater agreement (Cohen’s
kappa = 0.48-1.00) and slight to substantial agreement (Cohen’s kappa = 0.02-0.64) among
human raters. Inter-rater agreement between pairwise human-model datasets ranged from
poor to fair (Cohen’s kappa = —0.03-0.34) and from fair to moderate when integrating all
the human ratings with those of the model (Fleiss” kappa = 0.28-0.49). The deep learning
(DL) model highly outperformed human raters in assessment speed, requiring just one
second per image, which, on average, was 19 to 53 times faster compared to human ratings.
These findings highlight the efficiency and potential of integrating DL algorithms into
OWAS assessments, offering a rapid and resource-efficient alternative while maintaining
comparable reliability. However, challenges remain regarding subjective interpretations
of complex postures. Future research should focus on refining algorithm parameters,
enhancing human rater training, and expanding annotated datasets to improve alignment
between model outputs and human assessments, advancing postural assessments in forest
operations.

Keywords: wood harvesting; ergonomics; reliability; comparison; variability; human rater;
machine learning; consistency

1. Introduction

Wood procurement is an important industrial sector with significant unexplored poten-
tial for achieving the goals of sustainable economies, societies, and environments. The re-
newability of the resource [1,2], its neutrality in terms of environmental pollution [3-5], the
potential for a circular bioeconomy [6,7], the creation of employment opportunities [8-11],
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particularly in rural areas, and its contributions to global and local gross domestic prod-
ucts [12,13] all support the development of a wood-based bioeconomy in many parts of
the world.

In this context, forest operations play a challenging role because the decisions made
and the operations implemented must balance economic, environmental, and social as-
pects [14,15]. Additionally, there are various methods for wood harvesting that can be
applied under the same local conditions. The availability of cheap labor, the characteristics
of local forest management, and the lack of state-of-the-art, fully mechanized harvesting
systems often lead to a dominance of manual labor in such operations [16-18].

On the other hand, manual and motor-manual wood harvesting presents significant
challenges from ergonomic and safety perspectives [19-22]. In these operations, there is
a high prevalence of work-related musculoskeletal disorders [22-24], which have serious
economic consequences [25-27]. Therefore, objective assessments are necessary to correlate
the occurrence of musculoskeletal disorders with relevant factors. This approach aims to
enable informed decision-making for postural assessment as a preventive tool. However,
variability in anthropometrics [28-30], work habits [23,31], the characteristics of work
objects and local conditions [32,33], along with the diverse methods available for applica-
tion [34-36], complicate objective evaluations of postural conditions at the population level.
Furthermore, existing studies have utilized a limited range of conditions and datasets to
describe the postural conditions in these work environments [24,37-39].

The Ovako Working Posture Analysing System (OWAS) method is widely accepted
and used in forest operations as a tool for evaluating postural conditions [23,24,31,40]. It
was developed by a steel industry company to describe workloads during the overhauling
of iron smelting ovens [41]. This ergonomic assessment tool identifies the most common
back postures (4 postures), arm positions (3 postures), leg positions (7 postures), and the
level of force being exerted (3 categories). This structure allows for up to 252 possible
combinations of postures, which are classified into four action categories that indicate a
need for ergonomic interventions. Each posture adopted by a worker is represented by a
unique 4-digit code derived from the classification of postures for each body part and the
load handled [42].

The OWAS method involves observing work tasks, coding the postures engaged
during the tasks, assigning risk categories, and proposing corrective actions [25,43]. Obser-
vations are typically collected as ‘snapshots’, with sampling conducted at fixed time inter-
vals [31,42]. However, studies have indicated that the agreement between OWAS results
and direct technical measurements for time spent in bent postures is relatively low [44], po-
tentially due to discrepancies in sampling strategies used between methods [45,46]. When
compared to other methods, such as the NIOSH (National Institute for Occupational Safety
and Health) lifting equation, OWAS results demonstrated significant differences due to the
differing approaches of these methods [42,47]. Research has indicated that observations
made using the Rapid Entire Body Assessment (REBA) method have shown moderate
alignment with those of the OWAS method [36,48]. However, REBA tends to classify a
greater number of postures as having a higher level of risk [36,48]. Similarly, comparisons
between the Rapid Upper Limb Assessment (RULA) method and OWAS have revealed a
moderate level of correspondence [36,48]. Consequently, it remains unclear which method
more accurately reflects the underlying risks of musculoskeletal disorders associated with
various tasks, highlighting a critical gap in our understanding of ergonomic evaluations
using traditional methods [36,48,49].

The reliability of the OWAS method has been confirmed through extensive analysis
conducted by a group of trained engineers [25], demonstrating good intra- [48,50] and
inter-observer repeatability [41,50-52]. Similarly, a study by [53] highlighted the OWAS
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method’s high inter-rater reliability for assessing physical workloads, with Cohen’s kappa
coefficients ranging from 0.75 to 0.90 across various tasks. However, a notable gap exists
in the lack of scientific studies examining the reliability of automated OWAS models in
comparison to traditional methods, particularly in the context of postural assessment in
forest operations. Moreover, the OWAS method is characterized by its simplicity and
versatility, making it accessible for personnel across various domains, including health,
engineering, and industry, without requiring highly specialized training [41]. It is well-
documented and has been supported by different computer programs that facilitate its
application, allowing researchers to save time and improve workflow efficiency [25]. These
programs have already been implemented in several studies [54,55].

While OWAS offers several benefits, including ease of use and good repeatability, it is
not without limitations [25]. Some authors have pointed out that it does not differentiate
between the right and left upper limbs and fails to evaluate critical areas, such as the
neck, elbows, and wrists [25]. Additionally, OWAS coding may be overly simplistic
for shoulders, may require excessive time for implementation, and does not adequately
address the repetition or duration of sequential postures [35,42]. However, considering its
current features, the OWAS method is likely to see increased usage in future evaluations of
ergonomic conditions. Its capacity to assess diverse postures and workloads, combined
with ongoing advancements in automated applications, promises to enhance its relevance
in various work settings as the need for ergonomic assessments continues to grow.

The posture of work, on the other hand, may change in a very short time [31,35,56].
A given task or operation can be described as a sequence of postures assumed by an
individual during work, where each posture has a specific duration and repetition pattern.
Dynamic work is more likely to provide a diverse postural profile, with individual postures
changing rapidly in the time domain [31,56]. This is typical of manual and motor-manual
wood harvesting operations [28,57,58], making it difficult to characterize a task using a
limited dataset obtained through sampling. In fact, ref. [46] found that the use of the
OWAS method to produce reliable results requires very fine sampling. Additionally,
ref. [45] reported similar findings when comparing the reliability of random and systematic
sampling to produce an initial dataset for analysis. These findings imply that extensive
datasets are required to produce reliable results, a situation further complicated by the
available expertise for annotation and, most importantly, by the resources in terms of time
and money needed to conduct the analyses. One can also question the intra- and inter-rater
reliability of estimates when using observational postural assessment methods such as
OWAS [25,42,53].

To overcome these limitations, a system capable of collecting and analyzing extensive
datasets with minimal resources while maintaining a high level of reliability is required.
A potential solution lies in the use of intelligent computer vision-based deep learning
(DL) algorithms, as once they are effectively trained, they can streamline the postural
analysis process. For instance, ref. [59] compared the performance of four deep-learning
neural networks using a comprehensive annotated set of images depicting manual and
motor-manual operations and concluded that the ResNet-50 algorithm can provide highly
accurate predictions through transfer learning (96.34% classification accuracy), making it
competitive with the results that an expert labeler may provide [42,48,53]. ResNet-50 is a
deep Convolutional Neural Network (CNN) featuring 50 layers. Its key innovation, skip
connections, mitigates the vanishing gradient problem, enabling effective training of deeper
networks [60]. This makes ResNet-50 highly effective for complex image classification
tasks [60], such as postural assessment [59].

It is unclear, however, whether further improvements in classification accuracy are
possible through finer tuning of the algorithm. Since there are many options and hyperpa-
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rameters that can be adjusted, exploring the potential for improvement through trial and
error would be challenging in terms of resources, including computational ones. However,
keeping scalability in mind, the effort would be worthwhile if it leads to a model capable of
improving classification accuracy by even 1%. Subsequently, exploring the performance of
a finely tuned model on incoming data is important because the classification results may
highlight potential oversights in the model and provide new data for re-training, validation,
and improvement. This is particularly relevant given the general lack of purpose-based
annotated datasets [61,62], which limits the available data and hinders the generalization
ability of models.

Lastly, since a new method for solving a given classification problem is under testing,
it is essential to evaluate how its outputs align with human expertise. In other words, the
outputs of the machine learning model should be assessed for reliability in comparison to
those of human experts to explore any important mechanisms behind reliability. Before this
evaluation, it is also necessary to examine how the same expert assesses the same data and
whether those assessments are consistent. Furthermore, the consistency of ratings given by
different experts for the same data is also crucial.

The goal of this study was to assess the reliability of human raters in the postural
assessment of manual and partly mechanized wood harvesting operations using the OWAS
method and to compare their assessments with those made by a deep learning model
developed for postural classification. This was achieved through three specific objectives,
which were: (i) to assess the intra- and inter-rater reliability of human assessments in
postural classification, (ii) to evaluate the deviation of human ratings from the ground truth
data (model ratings), and (iii) to estimate the time efficiency of human ratings compared to
machine ratings.

2. Materials and Methods
2.1. Deep Learning Model Used as a Reference

The ResNet-50 [60] model, which is a deep convolutional neural network, was used for
fine-tuning due to its proven effectiveness and robustness in various image classification
tasks [60,63,64]. Additionally, ResNet-50 is known for its skip connections, which mitigate
the vanishing gradient problem and enable the training of deeper networks [63]. This model
was selected over others, such as GoogLeNet [65], MobileNet-v2 [66], and ShuffleNet [67],
based on experimental results from Forkuo and Borz [59], which showed that ResNet-50
achieved the highest classification accuracy while maintaining a favorable balance between
accuracy and computational efficiency [59]. In particular, the DL model was trained, tested,
and validated using a very large and diverse image dataset containing 23,000 images
showing a variety of workers engaged in different forest operations; specifically, the images
used were labeled by considering the context shown in them, by analyzing the video
sequences from which they were extracted, with the goal of making better decisions
regarding instances in which movement was in question, thereby providing the model with
some degree of prior knowledge about such events observed in the images [59].

2.2. Dataset and Posture Rating by Human Experts

For this study, a separate dataset was compiled that accurately reflects the postures
and movements of forest workers across various operations. Sampling a dataset that en-
compasses a similar domain is crucial for ensuring the effectiveness of the DL models used
for postural classification, as the domain significantly influences the models” performance,
particularly with respect to factors such as picture crowding, occlusion, and the variability
of postures and action categories. A total of 100 images were randomly selected from
an image data repository curated by the authors, covering various operations. Addition-
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ally, the final dataset incorporated various important features that represent the different
environments in which forest workers operate.

Three human raters (hereafter referred to as R1, R2, and R3) were selected based on
their previous expertise with the method to evaluate the 100 images using the OWAS
method (Table 1). The ratings for postures and action categories were performed manually,
allowing for detailed evaluations by the raters. To facilitate this process, a structured
file was created to capture the codes for each rated image regarding back, arms, and leg
postures, as well as to assess the level of force exertion. Additionally, the action category
was documented, and a specific column was reserved for recording the time each rater
spent completing the rating of each image, measured to the nearest second. This template
ensured a standardized approach for data rating and storage, with each rater filling in the
necessary details after assessing each image based on a standardized guideline detailing
the OWAS method, which was provided to each rater to ensure uniformity in assessments
across all images.

Table 1. Description of the OWAS codes and categories used in the study.

Feature

Abbreviation in Number of Categories
the Study According to OWAS

Description

Back

Describes the posture of the back starting
B 4 from a neutral straight posture and ending
with the back being bent and twisted

Arms

Describes the posture of the arms starting
from a neutral posture with both arms
below shoulder level and ending with both
arms being at or above the shoulder level

Legs

Describes the posture of the legs by seven
categories starting from a neutral sitting
posture and ending with legs being
engaged in walking or moving

Force exertion

Describes the level of force exertion starting

with handling loads or exerting forces less

than 10 kg and ending with handling loads
or exerting forces over 20 kg

Action category

Indicates the level of postural risk by the
urgency of the ergonomic interventions
AC 4 required, starting from no intervention
required and ending with intervention
required immediately

The rating process was conducted for each of the 100 images in two replications
(hereafter referred to as r1 and r2), without providing the raters with any prior knowledge
about the dataset. In the first replication, each rater was instructed to review and assess
the entire image dataset. After completing the ratings, each rater stored the postural
information, action category, and rating time in an Excel spreadsheet named with the
rater’s identifier and the replication number. Upon completion, the rater sent the file to the
lead researcher and was required to delete all rating information from their computer. The
second assessment (r2) was carried out after one month to prevent doing the rating based
on the experience gained in the first round. In addition, the raters were not informed in
advance that the same image dataset would be used for the second rating, and the order of
showing the images was the same.
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2.3. Reliability Assessment

Several datasets were used in the process of reliability assessment, as shown in Table 2.
The intra-rater reliability assessment was based on the datasets produced by the same
rater, comparing the results of the first (r1) and second (r2) replications. The pairwise inter-
rater reliability assessment considered the data from all raters and replications, with the
constraint of comparing data from the same replication. For example, the R1r1 dataset was
compared against R2r1, then against R3r1, followed by a comparison between the R2r1 and
R3r1 datasets, resulting in three assessments of intra-rater reliability. The same procedure
was used for the datasets from the second replication (r2). The overall inter-rater reliability
assessment was based on the replication-based data from all the raters. Initially, R1r1, R2r1,
and R3r1 were used as datasets for assessment. Subsequently, the same assessment was
carried out on the data sourced from the three raters in the second replication (r2).

Table 2. Description of the datasets used in the assessment.

- Abbreviation of Description of the
Rater No. Replication No. the Dataset Dataset
R1 ) Rirl Ratings f)f the fl%‘st rater in
the first replication
R1 0 R1t2 Ratings of the flI'S't rater in
the second replication
R2 ) Rorl Ra.tmgs of the sec'ond. rater
in the first replication
R2 0 RO Ratmgs of the secor}d rater
in the second replication
R3 ” R3rl Rgtmgs (?f the th-1rd rater
in the first replication
R3 0 R312 Ratmgs of the th1rF1 rater
in the second replication
RM ) RM Rating of the deep

learning model

The DL model was utilized to produce a reference dataset (hereafter referred to as
RM, Table 2) that was deemed suitable to represent the ground truth data, a decision
which was based on the amount of data used to build it and the excellent classification
results it provided [59]. To achieve this, the model was fed the image dataset and allowed
to make its own predictions. The resulting data were then stored in a new Excel sheet.
Subsequently, the RM dataset was employed to assess the reliability of replication-based
human raters using a pairwise approach. For instance, the data sourced from each rater
for each replication were compared to the predictions made by the model. Finally, overall
reliability was evaluated by comparing the replication-based data from all human raters
against the predictions made by the model.

In all the assessments conducted, five data subsets were used, representing the back
(hereafter B), arms (hereafter A), and legs (hereafter L) postures, level of force exertion
(hereafter F), and action category (hereafter AC). This allowed for the evaluation of the
magnitude of agreement at two levels: specifically, at the level of postural code and
action category.

2.4. Reliability Metrics Used for Assessment

In this study, inter-rater and intra-rater reliability were assessed using Cohen’s
kappa [68] and Fleiss’ kappa [69], respectively. Kappa statistic is the most widely used mea-
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sure for quantifying the level of agreement between two or more raters while accounting for
the potential for chance agreement [70,71]. As such, Cohen’s kappa is a chance-corrected
statistic utilized to assess the agreement level rather than merely measuring association in
ratings [72]. It is commonly used to measure agreement between two raters on categorical
items while accounting for chance agreement, and it is calculated by assessing the level of
agreement between the two raters and comparing it to the expected level of agreement by
chance [68,72]. This statistic ranges from —1 to 1, with values closer to 1 indicating near-
perfect agreement, values around 0 reflecting no agreement beyond random chance, and
negative values suggesting worse-than-chance agreement [68,70]. For pair-wise inter-rater
reliability, comparisons were made between the human raters themselves and between the
human raters and the predictions of the DL model. Cohen’s kappa facilitated a robust anal-
ysis [70] of how consistently both human and machine assessments aligned, establishing a
reliable framework for evaluating working postures. The interpretation of kappa values
in this study followed established criteria [68,71,73] for classifying levels of agreement:
values < 0 indicate no agreement, 0.01-0.20 denote slight agreement, 0.21-0.40 signify fair
agreement, 0.41-0.60 reflect moderate agreement, 0.61-0.80 represent substantial agree-
ment, and values from 0.81 to 1.00 indicate almost perfect agreement [70,74]. To calculate
the percent agreement, the number of agreements was divided by the total number of
scores [75], serving as a direct measure rather than an estimate [70].

Moreover, Fleiss” kappa, which is a modified version of Cohen’s kappa and used
for measuring agreement among multiple raters [69,70,76], was employed to thoroughly
assess inter-rater reliability among the four raters (three human raters and the deep learn-
ing model) as they rated the same data, allowing for a comprehensive analysis of how
consistently the ratings converged across the entire panel of raters. The Fleiss’ kappa
statistic measures the overall agreement while accounting for the level of agreement that
could occur by random chance [76,77]. This approach mirrors the methods used in the
postural analysis by Lins et al. [53], who applied both Cohen’s and Fleiss” kappa statistics
in assessing OWAS inter-rater reliability. Fleiss” kappa is particularly relevant in the context
of postural assessments and has been similarly applied by Widyanti [75] and De Bruijn
et al. [50] in their studies of inter-rater reliability for different observational techniques.

2.5. Time Assessment

Significant variations in image-based assessment time were anticipated at both the
intra- and inter-rater assessment levels. Additionally, the DL model-based assessment was
expected to require only a small amount of time to predict the images from the dataset. For
each human rater and replication, the time taken to rate a given image was recorded to the
nearest second. For the human raters, the rating time was the time in which the rating was
done and included elements such as opening a given image, making the judgment on the
body posture and level of force exertion, identifying the action category, and noting down
the results of the assessment in the Excel sheet. For the DL model, the time required to rate
each image was documented programmatically and measured to the nearest second. The
time consumption assessment was conducted at the image level, as the time measurements
pertained to an end-to-end image rating. Then, comparisons were made using appropriate
statistical methods, as described in Section 2.6.

2.6. Statistical Analysis and Software Used

A first assessment of agreement was conducted visually by employing the multi-
dimensional scaling (MDS) algorithm in Orange Visual Programming software version
3.38.1 (https:/ /orangedatamining.com/ (accessed on 17 February 2025)) [78]. MDS is a
powerful statistical tool used to map high-dimensional data in a bivariate plot, aiming to
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understand the relationships among the data [79,80]. This approach is particularly useful
for revealing important information regarding the similarity in data by transforming the
distances among data pairs into a configuration of points mapped in Cartesian space.
Orange Visual Programming Software version 3.38.1 facilitates MDS in a visual manner,
allowing users to set feature and target variables. Two MDS analyses were performed,
using as features the codes attributed to the back, arms, legs, level of force exertion, and
action category. The first MDS focused on the similarity among the ratings of R1, R2,
and R3, while the second MDS examined the similarity among the ratings of R1, R2, R3,
and RM.

The kappa statistics were calculated using Python (v3.12), implemented in the Py-
Charm Community Edition 2025 [81] environment. These metrics were presented in tables,
and their magnitudes were evaluated against commonly used scales to determine the
degree of agreement. Finally, time consumption data were analyzed using a statistical
comparison approach to detect significant differences in ratings from the same rater and be-
tween ratings from different raters. Accordingly, the time consumption for the first (r1) and
second (r2) replications of each rater (R1, R2, R3) was compared, along with the inter-rater
time consumption for the first and second replications. To determine the most appropriate
statistical test, a normality check of the data was performed using the Shapiro-Wilk test
(e = 0.05, p > 0.05). All statistical comparisons were conducted in Microsoft Excel with
the Real Statistics add-in [82]. The results of the time consumption data, along with the
relevant metrics from the normality checks and statistical comparison tests, were reported
in table form.

3. Results and Discussion
3.1. Overall Feature-Based Agreement

Figure 1 shows the results of multi-dimensional scaling based on target variables,
which considered the human raters (R1, R2, and R3) and used the codes given by the
raters in rl and r2 as features. In terms of overall agreement, the expectation was that
the data points from the ratings would overlap significantly for both intra- and inter-
rater assessments. As illustrated, this overlap occurred to some extent, indicating several
agreements at the image level; however, many data points remained dispersed when
considering the replication number.

2
®

°R1
°R2
R3

Figure 1. Results of multi-dimensional scaling concerning human rater agreement. Legend: R1—rater
1, R2—rater 2, R3—rater 3, r1—data from the first replication, r2—data from the second replication.
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Figure 2, on the other hand, indicates a higher degree of disagreement when including
the ratings from the DL model. While there were some cases of agreement between the
ratings, many points in the RM are positioned well outside the ratings provided by the
human experts, indicating the degree of disagreement in relation to the ground truth data.

il

*r2
®
® . o
® o
®
4
® x
®
® ®® @ ®e
® ® °
®
® ® N
®
[ ]
®
® ®
® ®
®0
R1
® ® °R2
R3
RM

Figure 2. Results of multi-dimensional scaling concerning human raters and model agreement.
Legend: R1—rater 1, R2—rater 2, R3—rater 3, RM—rating of the deep learning model, r1—data from
the first replication, r2—data from the second replication. Note: for RM a single rating was used.

3.2. Intra-Rater Agreement

Table 3 shows the intra-rater agreement levels for three human raters (R1, R2, and R3)
over two rounds of assessments (rl and r2). The results indicate variability in the levels
of intra-rater agreement between the two rounds of ratings (r1 and r2) among the three
human raters, with observed agreement ranging from 0.61 to 1.00. This highlights a range
of consensus, while the expected agreement by chance varied from 0.25 to 0.84. Cohen’s
kappa statistic, which adjusts for chance, ranges from 0.48 to 1.00, indicating moderate to
almost perfect levels of agreement, and the percentage agreement spans from 61% to 100%.
Most intra-rater agreements in this study are classified as moderate to almost perfect, with
two instances reaching substantial levels [73], which in turn indicate a moderate to high
level of consistency in ratings for the same rater. However, there were instances where
the level of agreement showed that for the same image, decision-making regarding the
correct posture changed after the second replication, as illustrated, for instance, by the first
rater’s case.

As such, moderate agreement was observed in cases like BR1r1 (ratings on the back
posture made by rater 1 in replication 1) vs. BR1r2 (ratings on the back posture made
by rater 1 in replication 2), accounting for 69% (k = 0.56) and ACR1r1 vs. ACR1r2 (61%,
k = 0.48, where AC stands for the rating of action category), with a lower agreement on the
action category data likely coming from a different evaluation of the back and legs’ posture
by R1. On the other hand, almost perfect agreement was found in cases such as AR2r1
vs. AR2r2 (100%, k = 1.00, where A stands for the rating on arm posture). The observed
agreement showed strong intra-rater reliability overall, while the expected agreement by
chance showed variability, contributing to differences in Cohen’s kappa values.
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Table 3. Results of intra-rater reliability for the three human raters.
Compared Datasets # Ratings Po Pe k %Agreement Interpretation
of Kappa
BR1r1 BR1r2 100 0.69 0.29 0.56 69 Moderate
agreement
ARI1rl AR1r2 100 0.93 0.71 0.76 93 Substantial
agreement
LR1rl LR1r2 100 0.68 0.26 0.57 68 Moderate
agreement
FR1rl FR1r2 100 0.90 0.62 0.74 90 Substantial
agreement
ACRIrl  ACRIz2 100 0.61 025 0.48 61 Moderate
agreement
BR2r1 BR2r2 100 0.97 0.33 0.96 97 Almost perfect
agreement
AR2r1 AR22 100 1.00 0.73 1.00 100 Almost perfect
agreement
LR2r1 LR2r2 97 0.99 0.25 0.99 99 Almost perfect
agreement
FR2r1 FR2r2 100 0.95 0.51 0.90 95 Almost perfect
agreement
ACR2rl  ACR2r2 97 0.95 0.26 0.93 95 Almost perfect
agreement
BR3rl BR3r2 100 0.96 0.39 0.93 9% Almost perfect
agreement
AR3rl AR3r2 100 0.98 0.84 0.88 98 Almost perfect
agreement
LR3rl LR3r2 100 0.99 0.32 0.99 99 Almost perfect
agreement
FR3r1 FR3r2 100 0.98 0.48 0.96 98 Almost perfect
agreement
ACR3r1 ACR3r2 100 0.96 0.32 0.94 9% Almost perfect
agreement

Note: Po denotes observed agreement; Pe denotes expected agreement by chance; k denotes Cohen’s kappa
statistic, B denotes the posture of the back, A denotes the posture of the arms, L denotes the posture of the legs,
F denotes the level of force exertion, AC denotes the action category. The full abbreviations were composed by
using the type of feature under assessment (B, A, L, or AC, Table 2) and the datasets presented in Table 1.

The intra-rater reliabilities observed in earlier studies that assessed the reliability of
OWAS observations, and which reported generally high intra-rater reliability, provide
strong support for the findings of this study. Karhu et al. [41] reported intra-rater reliability
ranging from 70% to 100%, while de Bruijn et al. [50] reported reliability ranging from 83%
to 100%, depending on the body parts assessed. Additionally, De Bruijn et al. [50] reported
Cohen’s kappa values above 0.6 in all comparisons when observers were adequately
trained and adhered to clear guidelines. Thus, the high levels of agreement observed
in this study suggest that raters likely followed well-defined criteria and possessed the
necessary expertise. However, task complexity can affect reliability [50], which is reflected
in the moderate agreement noted in some instances in this study, indicating that certain
postures may have been more subjective or difficult to rate consistently. These results carry
significant implications for the study; while the high levels of agreement demonstrate that
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the rating process was robust, the moderate agreement in specific areas underscores the
need for further refinement. Enhancing training or clarifying the rating criteria could help
mitigate these inconsistencies and improve reliability in future assessments by humans, or
machine learning models could be used to get around the reliability problem.

3.3. Pair-Based Inter-Rater Agreement

Table 4 presents the inter-rater reliability for three human raters (R1, R2, and R3)
across the two rounds of assessments (rl and r2). The results indicate a wide variability in
levels of agreement among the raters, with observed agreement ranging from 0.32 to 0.92,
highlighting a different spectrum of consensus. The expected agreement by chance ranged
from 0.21 to 0.79. Cohen’s kappa statistic, which adjusts for chance agreement, was found
between 0.02 and 0.64, indicating levels of agreement ranging from slight to substantial.
The percentage agreement spanned from 32% to 92%. However, most degrees of agreement
in this study are classified as slight to moderate, although three instances reach substantial
levels of agreement. For instance, comparisons such as BR2r2 vs. BR31r2 showed slight
agreement (32%, k = 0.02), while AR1r2 vs. AR312 exhibited substantial agreement (92%,
k = 0.63). However, some pairs, like LR1r1 vs. LR3r1, displayed only moderate agreement
(64%, k = 0.52). These variations highlight differences in the raters’ consistency, which
may be influenced by factors such as task complexity, rater expertise, clarity of assessment
criteria [50,53], and rater bias [72]. Studies indicate that if two or more raters are accurately
observing the same postures, their assessments should be identical; any discrepancies in
their reports are assumed to reflect the individual biases or characteristics of the raters [72].

Table 4. Results of inter-rater reliability among the three human raters.

Compared Datasets

# Ratings Po Pe k %Agreement Interpretation of

Kappa
BR1rl BR2r1 100 0.46 0.24 0.29 46 Fair agreement
BRIl BR3rl 100 0.62 0.36 0.41 62 Moderate
agreement
BR2r1 BR3r1 100 0.34 0.29 0.07 34 Slight agreement
ARIrl AR2r1 100 0.91 0.70 0.70 91 Substantial
agreement
ARIrl AR3rl 100 0.89 075 0.56 89 Moderate
agreement
AR2r1 AR3rl 100 0.88 0.78 0.46 88 Moderate
agreement
LRirl LR2r1 97 057 021 045 57 Moderate
agreement
LR1rl LR3r1 100 0.64 0.26 0.52 64 Moderate
agreement
LR2r1 LR3r1 100 0.60 025 0.46 60 Moderate
agreement
FR1rl FR2rl 100 0.74 052 0.46 74 Moderate
agreement
FR1r1 FR3rl 100 0.70 0.53 0.37 70 Fair agreement
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Table 4. Cont.

Interpretation of

Compared Datasets # Ratings Po Pe k JoAgreement Kappa
FR2r1 FR3r1 100 0.72 0.48 0.46 72 Moderate
agreement
ACRI1rl ACR2r1 100 0.54 0.24 0.40 54 Fair agreement
ACRIr1 ACR3r1 100 0.52 0.27 0.34 52 Fair agreement
ACR2r1 ACR3r1 97 0.40 0.23 0.22 40 Fair agreement
BR1r2 BR2r2 100 0.58 0.28 0.41 58 Moderate
agreement
BR1r2 BR3r2 100 0.41 0.30 0.15 41 Slight agreement
BR2r2 BR3r2 100 0.32 0.30 0.02 32 Slight agreement
ARIr2 AR2r2 100 0.90 0.73 0.62 90 Substantial
agreement
AR1r2 AR3r2 100 0.92 0.79 0.63 92 Substantial
agreement
AR2r2 AR3r2 100 0.86 0.78 0.37 86 Fair agreement
LR1r2 LR2r2 100 0.56 0.24 0.42 56 Moderate
agreement
LR1r2 LR3r2 100 0.75 0.31 0.64 75 Substantial
agreement
LR2r2 LR3r2 100 0.58 0.25 0.4 58 Moderate
agreement
FR1r2 FR2r2 100 0.79 0.55 0.53 79 Moderate
agreement
FR1r2 FR3r2 100 0.73 0.55 0.40 73 Fair agreement
FR2r2 FR3r2 100 075 048 052 75 Moderate
agreement
ACRIx2  ACR212 100 0.56 025 0.42 56 Moderate
agreement
ACR1r2 ACR3r2 100 0.41 0.25 0.22 41 Fair agreement
ACR2r2 ACR3r2 100 0.40 0.23 0.22 40 Fair agreement

Note: Po denotes observed agreement; Pe denotes expected agreement by chance; k denotes Cohen’s kappa
statistic, B denotes the posture of the back, A denotes the posture of the arms, L denotes the posture of the legs,
F denotes the level of force exertion, AC denotes the action category. The full abbreviations were composed by
using the type of feature under assessment (B, A, L, or AC, Table 2) and the datasets presented in Table 1.

The results of this study closely align with those of earlier studies carried out in real-
world work settings. For instance, Karhu et al. [41] reported inter-observer reliability of 93%,
while Heinsalmi [83] reported a 90% agreement on overall working posture. Similarly, the
study by Lins et al. [53] found high inter-rater agreement exceeding 98% (k = 0.98) for arm
postures, while leg posture classification showed slightly lower agreement levels, ranging
from 66% to 97% (k = 0.85), and indicated that reliability is affected by the raters” familiarity
with the method and the complexity of the analyzed postures. In this study, the moderate
to substantial agreement observed in many comparisons suggests that the raters had a
reasonable understanding of the assessment criteria, while the instances of slight agreement
may point to challenges in consistently interpreting or applying these criteria [50,53].
Furthermore, De Bruijn et al. [50] observed that clear guidelines, well-defined criteria,
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task complexity, and adequate training were key to achieving high reliability and can
influence inter-rater reliability in OWAS observations. The results in this study support this
observation, as the substantial agreement noted in some comparisons indicates adherence
to clear guidelines, while the slight agreement in other instances underscores the need for
further refinement of the criteria or additional support for the raters.

3.4. Pair-Based Agreement to the Ground Truth Data

The pair-based agreement results between the ratings of the DL model (RM) and those
of the human raters (R1, R2, and R3) are displayed in Table 5. The findings indicate varying
levels of agreement among the human and DL model ratings, with observed agreement
ranging from 0.30 to 0.85. This demonstrates a spectrum of agreement, while the expected
agreement by chance varied from 0.24 to 0.84. The Cohen’s kappa statistic ranged from
—0.03 to 0.34, indicating levels of agreement from poor to fair. Additionally, the percentage
agreement spanned from 30% to 85%. Most agreements in this study are classified as slight
to fair, with five instances categorized as poor. These findings reveal challenges in achieving
consistency between the human raters and the ratings of the DL model across all assessed
categories. The trained DL model showed fair agreement with human raters in some
categories, such as FR3r2 vs. FRM (63%, k = 0.34), reflecting its potential to replicate human-
like assessments when the human rater understands the movement in the assessed images.
However, in other comparisons, like AR1r1 vs. ARM (75%, k = —0.03), poor agreement was
observed, highlighting challenges in achieving consistency with human evaluations. The
variation in agreement levels can be attributed to the DL model’s reliance on learned visual
features [63], which may not always align with the human raters’ interpretation of complex
or subtle posture variations. The ratings provided by the used model, a convolutional
neural network adapted for posture analysis [59], are based on data-driven features learned
during its training [60,84]. It identifies patterns in visual input to classify postures in
accordance with the training data provided [59,60,84]. Unlike the DL model, the human
raters used standardized guidelines for their ratings, which means that they may miss
context such as movement. Despite the consistency of guidelines, differences in agreement
levels suggest that while the DL model provides a stable reference, it may struggle to align
with subjective human interpretations [35], especially in complex or nuanced classifications.

Table 5. Results of pair-based agreement between the human raters and the deep learning model.

Ratings Under

Interpretation of

Comparison # Ratings Po Pe k %Agreement Kappa
BR1r1 BRM 100 0.43 0.34 0.13 43 Slight agreement
BR1r2 BRM 100 0.34 0.30 0.06 34 Slight agreement
BR2r1 BRM 100 0.32 0.30 0.03 32 Slight agreement
BR2r2 BRM 100 0.30 0.30 0.00 30 Poor agreement
BR3r1 BRM 100 0.57 0.37 0.32 57 Fair agreement
BR3r2 BRM 100 0.57 0.38 0.31 57 Fair agreement
ARI1r1 ARM 100 0.75 0.76 —0.03 75 Poor agreement
AR1r2 ARM 100 0.79 0.79 —0.02 79 Poor agreement
AR2r1 ARM 100 0.78 0.78 —0.02 78 Poor agreement
AR2r2 ARM 100 0.78 0.78 —0.02 78 Poor agreement
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Table 5. Cont.

RCatings I{nder # Ratings Po Pe K %Agreement Interpretation of
omparison Kappa
AR3r1 ARM 100 0.85 0.84 0.04 85 Slight agreement
ARB3r2 ARM 100 0.85 0.84 0.04 85 Slight agreement
LR1r1 LRM 100 0.38 0.24 0.18 38 Slight agreement
LR1r2 LRM 100 0.46 0.28 0.25 46 Fair agreement
LR2r1 LRM 97 0.44 0.25 0.26 44 Fair agreement
LR2r2 LRM 100 0.43 0.24 0.25 43 Fair agreement
LR3r1 LRM 100 0.50 0.29 0.29 50 Fair agreement
LR3r2 LRM 100 0.49 0.30 0.28 49 Fair agreement
FR1r1 FRM 100 0.60 0.47 0.24 60 Fair agreement
FR1r2 FRM 100 0.59 0.49 0.20 59 Slight agreement
FR2R1 FRM 100 0.53 0.44 0.16 53 Slight agreement
FR2r2 FRM 100 0.56 0.44 0.21 56 Fair agreement
FR3r1 FRM 100 0.61 0.44 0.31 61 Fair agreement
FR3r2 FRM 100 0.63 0.44 0.34 63 Fair agreement
ACR1r1 ACRM 100 0.32 0.26 0.08 32 Slight agreement
ACR1r2 ACRM 100 0.38 0.25 0.18 38 Slight agreement
ACR2r1 ACRM 97 0.35 0.24 0.15 35 Slight agreement
ACR2r2 ACRM 100 0.36 0.24 0.16 36 Slight agreement
ACR3r1 ACRM 100 0.50 0.29 0.29 50 Fair agreement
ACR3r2 ACRM 100 0.51 0.30 0.30 51 Fair agreement

Note: Po denotes observed agreement; Pe denotes expected agreement by chance; k denotes Cohen’s kappa
statistic, B denotes the posture of the back, A denotes the posture of the arms, L denotes the posture of the legs,
F denotes the level of force exertion, AC denotes the action category. The full abbreviations were composed by
using the type of feature under assessment (B, A, L, or AC, Table 2) and the datasets presented in Table 1.

Lins et al. [53] found that inter-rater agreement using the OWAS method was high for
arm postures (k = 0.98) but lower for leg postures (k = 0.85). This highlights the inherent
challenges in accurately classifying certain postures, particularly when variations are subtle.
Similarly, Widyanti [75] emphasized the importance of training in ensuring consistent
assessments, which may explain the variability observed among human raters in this study.
While the human raters adhered to guidelines, ambiguities in posture categories could have
introduced inconsistencies. De Bruijn et al. [50] emphasized the role of task complexity and
guideline clarity in reliability studies. On the other hand, the DL model, as the reference,
may excel in straightforward classifications but also may face some limitations in cases
requiring more interpretive judgment. These findings suggest that some of the observed
discrepancies could stem from differences in how the model and human raters interpret
subtle features of certain postures. Therefore, the DL model serves as a reliable reference
and can benefit from upcoming training data, which could enhance its ability to capture
subtle posture variations. On the human side, providing additional training focused on
ambiguous or complex cases, alongside improved guidelines, could help align human
assessments more closely with ground truth predictions.
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3.5. Overall Agreement to the Ground Truth Data

Table 6 shows the inter-rater reliability among the three human raters and the ratings
of the DL model. The results indicate variability in the levels of agreement among the three
human raters and the DL model, with observed agreement ranging from 0.49 to 0.89. This
highlights a spectrum of consensus, while the expected agreement by chance varied from
0.23 to 0.79. The Fleiss’ kappa statistic, which adjusts for chance, ranged from 0.26 to 0.49,
indicating fair to moderate levels of agreement, and the percentage agreement spanned
from 49% to 89%. Most agreements in this study are classified as fair, with two instances
reaching moderate levels [73].

Table 6. Results of overall agreement among the three human raters and the ResNet-50 model.

. . # o Interpretation
Ratings Under Comparison Ratings Po Pe k JoAgreement of Kappa
BRIR1  BR2R1  BR3R1  BRM 100 0.53 0.34 0.28 53 Fair
agreement

ARIR1  AR2R1  AR3R1  ARM 100 0.88 0.77 0.49 88 Moderate
agreement

LRIRT  LR2R1  LR3R1  LRM 97 0.52 0.23 0.37 52 Fair
agreement

FR1R1 FR2R1 FR3R1 FRM 100 0.66 0.47 0.37 66 Fair
agreement

ACRIRT ACR2R1 ACR2R1 ACRM 97 0.52 026 035 52 Fair
agreement

BRIR2  BR2R2  BR3R2  BRM 100 0.49 0.31 0.26 49 Fair
agreement

ARIR2  AR2R2  AR3R2  ARM 100 0.89 0.79 0.47 89 Moderate
agreement

LRIR2 LR2R2  LR3R2  LRM 100 0.53 025 038 53 Fair
agreement

FRIR2  FR2R2  FR3R2  FRM 100 0.68 0.47 0.37 68 Fair
agreement

ACRIR2 ACR2R2 ACR2R2 ACRM 100 0.51 0.27 0.33 51 Fair
agreement

Note: Po denotes observed agreement; Pe denotes expected agreement by chance; k denotes Fleiss’s kappa statistic,
B denotes the posture of the back, A denotes the posture of the arms, L denotes the posture of the legs, F denotes
the level of force exertion, AC denotes the action category. The full abbreviations were composed by using the
type of feature under assessment (B, A, L, or AC, Table 2) and the datasets presented in Table 1.

The findings show a notable correspondence between the DL model’s ratings (con-
sidered the ground truth) and the assessments by human raters. This alignment can be
attributed to several factors, including the robust training of the DL model on a compre-
hensive dataset tailored to the task [59], which enabled it to make accurate predictions
consistent with the assessment criteria used by human raters. When human ratings cor-
responded closely with those of the DL model, it suggested that both parties recognized
similar characteristics in the data. On the other hand, the DL model provided a consistent
benchmark for comparison, reinforcing its effectiveness in capturing the complexities of the
postural classification task [59,84,85]. This agreement indicates that human raters applied
consistent judgment criteria that aligned well with the DL model’s training parameters.
However, discrepancies between raters and the DL model may stem from differences in
inter-human judgments or challenges in interpreting borderline cases, which the DL model
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processed in a more objective manner, highlighting the inherent subjective interpretations
of postural deviations by human raters [86]. This lack of consistency on the part of human
raters might also arise from factors such as varying experience levels and confusion in
terms of perception among raters [53,87].

Comparing these results with other studies reveals that the agreement achieved aligns
with similar contexts where variability in human judgment and task complexity are critical
factors [75]. For example, in a previous study by Widyanti [75] involving inter-rater relia-
bility of OWAS using experts and new raters, percentage agreement ranged from 31.40%
to 75%, while Fleiss” kappa ranged from 0.20 to 0.53, indicating fair to moderate levels of
agreement, respectively. The characteristics of the task and the specific performance of
the DL model in managing the dataset likely influenced these outcomes, suggesting that
differences in interpretation, especially for borderline cases, could explain some discrep-
ancies between the raters and the DL model. These findings have significant implications
for the study’s context, enhancing confidence in the model’s reliability as a reference tool.
By analyzing cases of divergence in ratings, researchers can refine both the model and the
criteria for human assessments, thereby improving overall consistency and bridging the
gap between algorithmic and human decision-making. The insights gained from this study
emphasize the model’s potential application in similar contexts where standardized and
replicable ground truth references are essential.

3.6. Time Consumption

Ratings by the DL model took, on average, about one second per image. This highlights
the significantly higher speed of machine ratings, which, on average, were approximately
19 to 53 times faster than those provided by human experts. This speed comparison was ap-
plicable to the computer architecture used in this study and to the sequence of computations
performed, which included sequential image prediction, display, and storage. It is evident
that for large datasets, the time required to make predictions on images without displaying
them will be much lower, depending on the specific computer architecture employed.

Table 7 presents the results of the statistical comparison tests, highlighting three
important findings. First, there were significant differences in time consumption at both the
intra- and inter-rater levels during the assessment. An exception was noted for the third
rater, who was more consistent in terms of time requirements to rate the images and who
also utilized his expertise to train the DL model. Likely, this could be related to a greater
familiarity with the images used, since they were selected from the dataset used to train
the model, and the procedures used for assessment.

Second, there was a varying degree of time resources utilized, with increasing effi-
ciency observed in the order of R3, R1, and R2, pointing out an inconsistency in terms of
time resources when human experts carry on the rating tasks, resting in their different
abilities to approach the problem in terms of speed. Lastly, with one exception, the raters
demonstrated improved time resource utilization in the second replication compared to the
first, which may be related to some degree of familiarization with that dataset and with the
protocol used for making the ratings.

However, since this familiarization encompasses both the procedure used and the
dataset itself, it is highly unlikely that the same trends in resource utilization will be main-
tained when approaching a new dataset. The dataset employed in this study consisted of
100 images, while real-world applications may involve much larger datasets, potentially
leading to intellectual fatigue for human raters. This suggests that the observed perfor-
mance in this study may not be replicated with new images from broader datasets, thus
highlighting the effectiveness of machine learning models in addressing such tasks.
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Table 7. Results of comparison tests for time consumption data.

Vaéiables pnder Median Values (s) Results of Normality Test ! Results of CO;“ parison

omparison Test
TR1r1-TR1r2 30.0-24.0 No, p < 0.001-No, p < 0.001 Yes, p < 0.001
TR2r1-TR2r2 52.5-44.0 No, p < 0.001-No, p < 0.001 Yes, p < 0.001
TR3r1-TR3r2 19.0-20.0 No, p < 0.001-No, p < 0.001 No, p = 0.608
TR1r1-TR2r1 30.0-52.5 No, p < 0.001-No, p < 0.001 Yes, p < 0.001
TR1r1-TR3r1 30.0-19.0 No, p < 0.001-No, p < 0.001 Yes, p < 0.001
TR2r1-TR3r1 52.5-19.0 No, p < 0.001-No, p < 0.001 Yes, p < 0.001
TR1r2-TR2r2 24.0-44.0 No, p < 0.001-No, p < 0.001 Yes, p < 0.001
TR1r2-TR3r2 30.0-20.0 No, p < 0.001-No, p < 0.001 Yes, p = 0.003
TR2r2-TR3r2 44.0-20.0 No, p < 0.001-No, p < 0.001 Yes, p < 0.001

Note: 1—According to Shapiro-Wilk test; 2—signiﬁcant differences according to Mann-Whitney two-tailed
nonparametric test, T stands for the time consumption dataset.

The significantly improved speed and consistency of the deep learning (DL)-based
OWAS assessment shown in this study opens numerous practical applications in real-world
forest harvesting environments. For instance, integrating this technology into mobile ap-
plications could equip field supervisors with a quick and objective tool for spot-checking
postures and identifying immediate ergonomic risks, thereby supplementing traditional
observational methods [54]. Additionally, the possibility of automated analysis of video
footage from stationary cameras, drones, or even body-worn devices presents an opportu-
nity for extensive, longitudinal ergonomic risk surveillance across various operations [84].
This approach would facilitate the detection of high-risk patterns or tasks over longer dura-
tions and entire work teams, surpassing the limitations of traditional snapshot assessments
previously noted [35,46]. However, to realize this potential, several practical challenges
must be addressed, including the computational demands for real-time analysis on mobile
or edge devices, ensuring model robustness against the variable environmental conditions
commonly encountered in forestry—such as fluctuating lighting, precipitation, and obstruc-
tions from vegetation or equipment—which can affect computer vision performance [62,85].
Furthermore, continuous model maintenance and domain-specific fine-tuning are necessary
to uphold accuracy as operational practices, tools, and worker demographics evolve [61,64].
Tackling these technical hurdles through further research and development will be essential
for converting the demonstrated potential of DL-based postural assessment into widely
used tools for enhancing occupational safety and health management in the challenging
forestry sector.

4. Conclusions

This study shows that deep learning (DL) models present significant advantages for
conducting OWAS-based postural assessments in manual and partly mechanized forest
operations, offering remarkable speed enhancements (19 to 53 times faster on average)
compared to traditional human-rater methods while achieving comparable levels of relia-
bility. The findings showed that while human raters exhibited moderate to almost perfect
intra-rater reliability (Cohen’s kappa = 0.48-1.00), confirming individual consistency, their
inter-rater agreement was considerably lower, ranging from slight to substantial (Cohen’s
kappa = 0.02-0.64). This discrepancy underscores the inherent subjectivity and variability
present in human postural assessments, even among experts using a standardized method.
Comparisons against the DL model, utilized as a consistent benchmark, revealed poor
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to fair pairwise agreement between individual human raters and the model (Cohen’s
kappa = —0.03-0.34), yet achieved fair to moderate overall agreement when considering
all human ratings collectively against the model (Fleiss” kappa = 0.28-0.49). These results
suggest that while the DL model effectively captures general postural trends recognized
collectively by humans, specific interpretations of individual postures can still diverge sig-
nificantly between the automated system and individual expert assessments. Consequently,
the DL model serves not only as a highly resource-efficient alternative, drastically reducing
assessment time, but also as a stable reference point for evaluating OWAS assessments,
effectively mitigating the challenges associated with human rater variability. Nonethe-
less, areas for improvement persist, particularly in enhancing the alignment between
machine outputs and nuanced human interpretations for complex or borderline postures.
Future research should prioritize the refinement of DL model parameters, the expansion
of comprehensively annotated datasets reflecting diverse operational conditions, and the
enhancement of training protocols for human raters to improve classification consistency.
By addressing these aspects, the transformative potential of DL in revolutionizing postural
assessment methods can be fully realized, paving the way for advancements essential to
enhancing the occupational safety, operational efficiency, and overall sustainability of the
forestry sector.
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