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Abstract: Forest operations often expose workers to physical risks, including posture-
related disorders such as low back pain. The Ovako Working Posture Assessment System
(OWAS) is widely used to assess postures in forest operations, but it requires expertise
and significant resources. In this study, the use of image embedding and transfer learning
was explored to automate OWAS classification. Over 5000 images from motor–manual
cross-cutting operations were analyzed using two models: Google’s Inception V3 and
SqueezeNet, both of which were integrated with neural networks via the Orange Visual
Programming platform. The image vectors were fed into a locally run neural network
(a multilayer perceptron with backpropagation) that was optimized for architecture and
hyperparameters. The models were trained and tested using 20-fold cross-validation on
the Posture and Action datasets, achieving accuracies of 84% and 89%, respectively, with
Inception V3 outperforming SqueezeNet on both datasets. Predictions on unseen images
yielded lower accuracies (50%–60%), highlighting the challenge of domain differences.
These results demonstrate the potential of embedding-based transfer learning to automate
postural classification with high accuracy, thereby reducing the need for expertise and
resources. However, further research is needed to improve performance on unseen data
and to explore alternative classifiers and embedding methods for better representation.

Keywords: forest harvesting; ergonomics; posture; chainsaw; crosscutting; deep learning;
neural network; accuracy

1. Introduction
Despite the mechanization of timber harvesting, it is estimated that approximately

30% of timber used annually in the industry is felled and processed by chainsaws glob-
ally [1]. Compared to other industries, forestry work is considered one of the most dan-
gerous professions, particularly in Thailand and other countries where motor-manual
harvesting is the dominant method [2–5]. Furthermore, the physical strain and workload
can lead to overexertion among chainsaw operators, increasing the risk of accidents [6].
Tsioras et al. [7] investigated tree felling and reported that inappropriate body posture
significantly affects heart rate and physiological strain, potentially increasing the risk of
developing musculoskeletal disorders (MSDs). Cheţa et al. [8] found that motor-manual
tree felling and processing expose operators to heavy physical strain, unacceptable noise
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levels, and an elevated risk of MSDs. Robb et al. [9] concluded that occupational safety and
health (OSH) in Asian countries require improvements in forest work, noting that chainsaw
operators often work seasonally or temporarily without adequate education or training.
In conclusion, motor-manual tree felling and processing remain prevalent worldwide,
impacting the health of forestry workers; thus, reducing harmful working postures should
be a primary concern in mitigating and improving OSH.

The evaluation of body posture during work typically aims to (i) characterize the
risks of developing job-related MSDs; (ii) inform decision-makers about the potential risks
associated with specific work methods, enabling them to find ways to minimize costs
related to worker recovery; and (iii) identify (re)engineering strategies to improve work
performance. Numerous methods have been employed to assess the risk of developing
work-related MSDs [10], many of which have significant limitations. These include the
need to process large volumes of data and to accurately annotate tasks and body postures
observed in the field or in field-collected media. Furthermore, there is often a lack of
agreement between outcomes when input data are evaluated by different individuals [10].
Additionally, the results of evaluations heavily depend on the amount of data considered in
each study. Data that closely resembles real-life sequences of events are likely to yield the
most accurate results for posture evaluation [11,12]. However, such data collection requires
substantial effort in terms of annotation and categorization, which demands considerable
resources and limits the scope of evaluations to a smaller number of workers or work
situations. Inter-worker variability in anthropometry and work habits further complicates
the validity of the outcomes, compounded by known variability in biomechanical expo-
sure [13]. This variability hinders effective decision-making based on informed analyses.
Under these conditions, conducting postural classification ergonomic studies becomes both
time-consuming and financially burdensome.

Deep learning and computer vision techniques have demonstrated significant po-
tential for addressing postural classification tasks [14–17]. Recent studies have employed
advanced methods such as convolutional neural networks (CNNs), multitask joint learning,
and deep reinforcement learning to achieve high accuracy in image recognition, real-time
target tracking, and classification [18–22]. For instance, Zhang et al. [21] reported over
98% accuracy in image recognition, target tracking, and classification. The deep learn-
ing approaches proposed by Talaat [23] and Upadhyay et al. [24] achieved 100% and
98.88% classification accuracy for yoga posture recognition and automated posture assess-
ment, respectively.

However, these methods face key limitations, such as model overfitting and class
imbalance [25–28]. In overfitting, models specialize in specific tasks and datasets, limiting
their generalizability [28]. This specialization can reduce versatility and restrict the model’s
application in various contexts [28]. To enhance classification performance, particularly
with limited training data and overfitting, techniques such as transfer learning [29–31] and
data augmentation [28] have been employed. Shorten and Khoshgoftaar [29] define class
imbalance as a dataset with a skewed ratio of majority to minority samples, which can lead
models to favor majority classes and perform poorly on minority ones [25,27,29]. Address-
ing class imbalance is crucial, as it negatively impacts classifier accuracy [25–27]. Moreover,
the annotation effort and resources required to create large, balanced datasets can be sub-
stantial [29]. Consequently, various data-level methods (oversampling, undersampling,
and feature selection) and algorithm-level methods (cost-sensitive and hybrid/ensemble
methods) have been investigated to tackle class imbalance [25–27], though more work is
needed to overcome these challenges [29].

Image analysis appears to be one of the most promising and powerful techniques for
inferring the postural conditions of workers. Traditionally, this approach has relied on
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human classifiers to evaluate images, supporting decisions aimed at improving workplace
conditions [8,32–36]. In contrast, image-based deep learning has revolutionized many
industries by employing task-oriented neural networks. However, these methods typically
require large annotated datasets to effectively address specific problems [18,37]. Transfer
learning has emerged as a powerful alternative to commonly used deep learning methods,
particularly for classification tasks such as postural assessment. In essence, transfer learning
is a technique that leverages previously acquired deep learning knowledge to address new
problems, as it can effectively manage differences in domains, tasks, and data distributions
between training and testing sets [29]. One approach to facilitate this is a technique known
as image embedding, which involves passing an image through a deep network to obtain
its vector representation [38]. Image embedding utilizes feature representation from the
penultimate layer, enabling its use alongside conventional machine learning methods
to tackle new classification tasks [38]. Image embedding appears to have considerable
potential in postural classification, particularly in terms of reducing the resources required
by conventional approaches and minimizing subjectivity in assessments. In contrast,
certain tasks specific to forest operations may be easier for both humans and machines to
classify, while others may present challenges. Issues such as image occlusion, crowding, or
incompleteness can impact the outcomes of deep learning classification [18,22,39,40].

The goal of this study was to evaluate the extent to which image embedding and
transfer learning could support accurate postural classification in forest operations using a
dataset characterized by crowding, occlusion, missing data, and class imbalance. The objec-
tives of the study were to (i) assess the feasibility of image-based postural classification via
the OWAS method using image embedding and transfer learning, and (ii) determine which
of the two most commonly used embedders is the most suitable for postural classification.
Both objectives were addressed through hyperparameter tuning, data visualization, and the
estimation of accuracy metrics. Based on the outcomes, the most suitable image embedder
was selected.

2. Materials and Methods
2.1. Data Sourcing

In Thailand, it is common practice to carry out harvesting using partly mechanized
systems, which typically involve a significant amount of manual labor to fell and process
the trees; choke the tree lengths; and, more importantly, measure and crosscut them into
logs. This operation is performed manually in designated log yards [41]. One such log
yard was selected for data collection in this study, located at 14◦10′58.8′′ N, 98◦55′34.3′′ E
in Kanchanaburi province, Thailand (Figure 1). The field survey included the collection
of media footage documenting the motor-manual crosscutting of teak (Tectona grandis
L.f.) performed by a team of two workers. One worker operated a chainsaw to crosscut
the stems, while the other assisted manually by lifting the logs with a steel lever. An
iPhone 13 Pro Max (Apple Inc., Cupertino, CA, USA, 2021) was used to collect high-
resolution video files, with the field of view oriented towards the worker performing
the motor-manual tasks, although other individuals were also captured in the footage,
including the manual assistant. The person filming moved to various positions while
maintaining a similar field of view during the operations. Videos were recorded from a
distance always greater than 2 m but not exceeding four meters. Figure 1 shows an example
of the operations captured by the camera.
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Figure 1. An example of an image used for modeling (left) and the location of the study (right).

A total of 14 videos of varying durations were collected, accounting for nearly 3.7 h in
length. These videos were visually analyzed to select those exhibiting the highest variability
in posture, leading to a detailed analysis of three specific video files. Images were extracted
from these videos at one-second intervals using Free Video to JPG Converter (DVD Video
Soft Ver. 5.0.101.201, Roseau, Dominica) software, resulting in more than 5000 still images
deemed valid for detailed analysis.

Respondents participating in the survey were fully informed about the procedures,
purpose, and intended outcomes of the study. Prior to their involvement, each respondent
provided informed consent, acknowledging their understanding and agreement to partici-
pate. A certificate of approval for the study (COA67/055) was granted by the Kasetsart
University Research Ethics Committee. The authors confirm that all study steps were
performed in accordance with the relevant guidelines and regulations involving humans
as research subjects.

2.2. Manual Data Classification and Annotation

All images were visually assessed according to the OWAS postural classification
system. OWAS is widely used in industry to evaluate the postural conditions of work [10,42]
and is commonly applied in forest operations [8,33,34], primarily due to its simplicity, the
inexpensive equipment required for data collection and analysis [34,43], and its capacity to
evaluate the entire body [10,44,45]. At the core of the method is the description of postural
conditions using 252 four-digit codes that characterize the possible postures taken by a
worker in terms of three body parts (back, arms, and legs) and force exertion [34,42]. Based
on these codes, a matrix categorizing the posture of the back, arms, and legs, as well as force
exertion, is employed to classify each instance into one of four possible action categories.
These categories describe the postural risks and corresponding actions, representing the
main outcome of the assessment. While the method is straightforward, the main limitations
relate to the volume of data necessary to produce reliable results and the sampling strategy
employed. For example, fine systematic sampling has been shown to yield more reliable
estimates [11], but it incurs a high cost in terms of time spent on data classification. Another
limitation of this conventional method is the lower intra- and interrater reliability [10,46,47],
which could potentially be improved through automation.

Following the visual assessment, the images were stored in folders that were created
and named according to the four-digit codes, representing the first dataset used for anal-
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ysis, hereafter referred to as the Posture dataset. Based on these four-digit codes, action
categories were identified, and the images were copied into four folders corresponding to
these action categories, forming a second dataset for analysis, hereafter referred to as the
Action dataset. Table 1 shows the distribution of images across action categories, while
Supplementary Table S1 presents the data distribution across postural codes. As illustrated
in Table 1 and Table S1, there was a class imbalance in the data, which is typical for most
forest operations, where the distribution of postural categories is heavily influenced by
the characteristics of the tasks performed. In total, 26 four-digit codes were identified;
however, due to the presence of single instances in some of them, the respective folders
were removed to ensure compatibility with the requirements of the software used. The
final dataset for analysis comprised 5001 images distributed according to the posture of the
motor-manual worker in both the Posture and Action datasets.

Table 1. Frequency of the action categories identified in the dataset used for machine learning.

Action Category Code Description Absolute Frequency (n) Relative Frequency
(n/N × 100)

1 No corrective action is needed. 80 1.6

2 Corrective actions are needed in
the near future. 1849 36.9

3 Corrective actions are needed as
soon as possible. 125 2.5

4 Corrective actions are
required immediately. 2951 59.0

Total (N) - 5001 100.0

Note: n represents the absolute frequency of the action category, and N represents the size of the data sample.

2.3. Classification by Embedding and Machine Learning
2.3.1. Software and Embedders Used

Orange Visual Programming software version 3.36 (https://orangedatamining.com/
(14 October 2024) was used to develop, train, and test the machine learning models for
classification. The software offers several benefits, including a visual interface; the inte-
gration of commonly used machine learning models; and, more importantly, the ability
to create widget-based workflows. A description of the main functionalities is provided
on the dedicated web page and in Demšar et al. [48]. Recently, the software has been
equipped with widgets for image analytics and the functionalities required for image
embedding and transfer learning, which can be coupled with a conventional classifier
that runs locally [38]. Specifically, the software supports loading class-level image data,
embedding and visualizing images based on their similarities, tuning the architecture
and hyperparameters of local machine learning classifiers, and evaluating the accuracy
of the results. This version (3.36) supports several embedders, such as Inception V3 [49],
SqueezeNet [46], VGG16 [50], VGG19 [51], Painters [38], DeepLoc [52], and OpenFace [53].
SqueezeNet, which is a shallow deep neural network, operates on a local machine, while
the other networks require a dedicated server [38].

The basic workflow used in this study was adapted from Godec et al. [38] and from the
widget catalog of Orange Visual Programming software 3.36 (https://orangedatamining.
com/widget-catalog/ (14 October 2024). This workflow was utilized to import the im-
ages, retrieve their vector representations, train and test the local classifier by tuning its
architecture and hyperparameters, obtain the main outcomes of classification performance,
and save the best-performing models. A description of the model is included in Figure S1,
while Figure S2 illustrates the workflow used for data visualization and comparison.

Two image embedders, namely, Google’s Inception V3 and SqueezeNet, were used
to obtain the vector representation of the images contained in the two datasets. Google’s

https://orangedatamining.com/
https://orangedatamining.com/widget-catalog/
https://orangedatamining.com/widget-catalog/
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Inception V3 is a 42-layer CNN architecture designed to improve the computational
efficiency and performance of computer vision tasks [49,53] by introducing modifications
to previous inception architectures [53,54]. SqueezeNet is a series network model with
an 18-layer depth that processes input images at a resolution of 227 × 227 [55,56]. The
model comprises layers referred to as “fire modules”, which specialize in processing
input features through compression [57] and expansion operations utilizing resolution
filters [53,55,56].

2.3.2. Workflow Used to Tune the Architecture and Hyperparameters of the Local Classifier

An artificial neural network, in the form of a multilayer perceptron with backpropaga-
tion, is currently supported by Orange Visual Programming (https://orangedatamining.
com/widget-catalog/model/neuralnetwork/ (14 October 2024). The approach used to
determine the best architecture and tune the hyperparameters aimed at achieving opti-
mal classification results was trial and error. Given that the classifier’s architecture is
manageable in terms of the number of layers and the neurons within them, the models
were trained and tested using 1, 2, 3, 5, and 10 layers for each dataset and embedder.
For the neurons, across each dataset, embedder, and number of layers, 10, 100, and
1000 neurons were utilized. Additional tests were conducted with 10,000 neurons per
layer; however, these primarily resulted in increased computation time without signifi-
cant improvements in accuracy. As a result, this architecture option was abandoned after
three tests were performed on the Inception V3 vector representations derived from the
Action data.

Other tunable options for the neural network include the activation function, solver,
regularization term, and number of iterations. The ReLU (Rectified Linear Unit) is one
of the most popular activation functions due to its effectiveness in addressing nonlinear
problems [58,59], and it was chosen as the standard for the analyzed data. This func-
tion is used in conjunction with the stochastic gradient descent-based optimizer (Adam),
which is preferred for its low training costs [60]. The number of iterations was kept at
the maximum allowed by the software, specifically 1,000,000 iterations. For each dataset,
embedder, number of hidden layers, and neurons, the regularization term was succes-
sively set to 0.0001, 0.001, and 0.01, based on the classification outcomes associated with
this parameter [61].

Testing and scoring were performed via stratified random sampling using the ded-
icated widget of the software. Random sampling splits the data into training and test-
ing datasets in a specified proportion, which can be set in advance. A proportion of
90% for training and 10% for testing was used. When no customized data preprocessors
are set and linked to the neural network widget of the software, it implements a standard
data preprocessing workflow that removes instances with unknown values, continuizes
categorical variables, removes empty columns, imputes missing values with mean val-
ues, and normalizes the data by centering it to the mean and scaling it to a standard
deviation of 1 (https://orangedatamining.com/widget-catalog/model/neuralnetwork/
(24 October 2024)).

By utilizing various architectures and hyperparameter variations, a total of 180 models
were trained and tested with the aim of identifying the best-performing image embed-
der, architecture, and hyperparameters for each dataset (Posture and Action). Of these,
90 models were run for the Posture dataset, and 90 models were run for the Action dataset.
For each dataset, half of the models employed Google’s Inception V3 embedder, while the
other half used the locally running SqueezeNet embedder. The accuracy of the models was
evaluated based on the validation outcomes, and the best-performing models were saved.

https://orangedatamining.com/widget-catalog/model/neuralnetwork/
https://orangedatamining.com/widget-catalog/model/neuralnetwork/
https://orangedatamining.com/widget-catalog/model/neuralnetwork/
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A different set of unseen data was prepared for testing, containing 406 images collected
in the same area and for the same operations, but from different perspectives and angles
of rotation. A total of 397 of these images were used to test the postural classification
models, while all of them were used for testing the action-level models. These images
were fed successively, in groups belonging to the same posture or action category, into the
four saved models. Of these, two were designed to classify posture (the best Inception
V3 and SqueezeNet-based neural networks for the Posture dataset), while the remaining
two classified the action category (the best Inception V3 and SqueezeNet-based neural
networks for the Action dataset). The workflow used to make predictions is shown in
Figure S3, and the frequencies of instances by posture and action categories are presented
in Tables S4 and S5. The correct predictions were counted based on those fed to the models
by posture and action category, and the classification accuracy was computed on this basis.

Several metrics described in the literature support the evaluation of classification
performance [62,63]. Orange Visual Programming allows for the computation of various
metrics through its “test and score” and “predictions” widgets. These metrics include
training and testing time, area under the ROC curve, classification accuracy, F1 score,
precision, and recall. These parameters were used for a general evaluation of model
performance and are reported in Tables S2 and S3. As the main results of training and
validation, classification accuracy, F1 score, precision, and recall were reported. However,
to determine the best-performing models to be saved for each dataset following the training
and validation steps, classification accuracy was used, as it reflects the percentage of
correct predictions [63]. Additionally, to evaluate the models on unseen data, classification
accuracy was again employed as the metric of classification performance. The computer
platform used for this study was a Dell Alienware 17 R3, equipped with Windows 10 Home
(Microsoft, 2024) and an Intel® Core™ i7-6700HQ CPU running at 2.60 GHz (2592 MHz),
featuring 4 cores and 8 logical processors, along with 16 GB of installed RAM.

3. Results
3.1. Accuracy of the Models on the Posture Dataset

The main results of the classification accuracy metrics based on the Posture dataset
are shown in Figures 2–5. For the two image embedders used, the classification accuracy,
F1 score, precision, and recall reached their peak values for different architectures and
hyperparameter settings of the local neural network classifier. The best-performing models
for the Inception V3 image embedder achieved a maximum classification accuracy of
0.836 with a neural network architecture featuring two hidden layers of 1000 neurons
each. For SqueezeNet, the top classification accuracy was 0.820, achieved with a neural
network architecture similar to that used for Inception V3. Similar findings in terms of
architecture and hyperparameter settings were obtained for the F1 score, precision, and
recall, which were recorded as 0.830 and 0.816, 0.832 and 0.815 for Inception V3, and
0.836 and 0.820 for SqueezeNet. For the Inception V3 embedder, the highest classification
accuracy was achieved with a learning rate of α = 0.0001, whereas the top classification
accuracy for SqueezeNet was achieved with α = 0.001. The classification accuracy, along
with the other selected metrics, showed some variability depending on the architecture and
hyperparameter settings used for the neural network (Table S2). In general, neural network
architectures containing 100 and 1000 neurons performed better.
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number of layers used (red—ten, orange—five, yellow—three, green—two, and blue—one).



Forests 2025, 16, 492 10 of 22

As shown in Figure 2, the classification accuracy of the Posture dataset reached 84%
when Google’s Inception V3 embedder was used. Figure S4 illustrates the confusion
matrix for this embedder, indicating that correct class-level predictions varied between 33%
and 100%. This performance was superior to that of the neural network utilizing vector
representations extracted by the SqueezeNet embedder, which struggled to classify some
of the posture class-level data (Figure S5).

3.2. Accuracy of the Models on the Action Dataset

The classification accuracies of the models on the Action dataset are presented in
Figures 6–9. Regarding classification accuracy, F1 score, precision, and recall, the two
image embedders performed similarly, achieving top classification accuracies and recalls of
0.888–0.889 and a F1 score and precision of 0.886. Although the classification accuracies
were similar for both embedders, the primary differences in the neural network architec-
tures that led to these comparable results were related to the number of hidden layers. The
Inception V3 image embedder achieved its highest classification accuracy (CA = 0.889) with
one hidden layer containing 1000 neurons, while SqueezeNet reached a maximum classifica-
tion accuracy (CA = 0.888) with a design featuring two hidden layers of 1000 neurons each.
In both cases, the optimal performances regarding classification accuracy were obtained
with a learning rate of α = 0.001. Variability was observed in classification accuracy and
the other three selected metrics, attributed to the neural network architecture and hyperpa-
rameter settings (Table S3). Nevertheless, for both image embedders, the accuracy metrics
surpassed 80%, regardless of the architecture and hyperparameter configurations used.
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Figure 8. Precision (PREC) on the Action dataset depending on the embedder used, the number
of layers, and the number of neurons per layer. Legend: size of the data points represents the
number of neurons used (small—10 neurons, medium—100 neurons, and large—1000 neurons) and
color represents the number of layers used (red—ten, orange—five, yellow—three, green—two, and
blue—one).
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Figure 9. Recall (REC) on the Action dataset depending on the embedder used, the number of layers,
and the number of neurons per layer. Legend: size of the data points represents the number of neurons
used (small—10 neurons, medium—100 neurons, and large—1000 neurons) and color represents the
number of layers used (red—ten, orange—five, yellow—three, green—two, and blue—one).

The training time depended on both the architecture used for the neural network and
the learning rate set during the trial-and-error experiments. The best-performing models
based on the Inception V3 and SqueezeNet embedders took approximately 23 min and
22 min to train, respectively. Testing required less than 5 s for each of the developed models,
and the total computing time to train and test all the models was approximately 21 h. For
both embedders, there was a noticeable differentiation in the classification metrics, with
two distinct groups emerging for each embedder (Figures 6–9). In general, models with
only 10 neurons per layer performed the worst, achieving a classification accuracy between
0.800 and 0.850. However, SqueezeNet’s performance was inferior to that of Inception V3
for this number of neurons (Figures 6–9).

Compared to the Posture dataset, the performance of the models on the Action dataset
was typically higher in terms of classification accuracy. The differences in top classifica-
tion accuracies between the Action and Posture datasets were 5.3% for Inception V3 and
6.8% for SqueezeNet, respectively. The improved classification accuracy on the Action
dataset may be attributed to its lower classification complexity, as the task comprised only
four classes. For the Action dataset, classification accuracy reached nearly 90% for both
image embedders, making these results very competitive compared to other similar deep
learning applications [54,64]. Conversely, the slightly lower performance of SqueezeNet
may stem from its design as a shallow neural network.

Figures S6 and S7 display the confusion matrices for the classification of the Action
dataset using the best neural networks with Google’s Inception V3 and SqueezeNet vector
representations of the images. The correct prediction rates by Google’s Inception V3 on
the action data ranged from 70.6% to 91.4%. The proportions at the action category level
were similar to those obtained using embeddings from SqueezeNet, which ranged from
70.4% to 91.3%.
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3.3. Model Performance on Unseen Data

Table 2 presents the results of applying the trained models to unseen data. The
classification performance decreased, with predicted classification accuracies ranging from
49% to 52% for the posture data and from 51% to 60% for the action category data.

Table 2. Performance of the models on unseen data.

Model Description and Main
Parameters

Posture or Action
Category

Number of
Instances

Correct
Predictions

Classification
Accuracy

1 Inception V3, Postural
data, 2 hidden layers,
1000 neurons each, and
α = 0.0001

1131 3 0 0.0
2141 7 2 28.6
2171 76 4 5.3
2271 11 0 0.0
3121 4 0 0.0
3141 14 0 0.0
3171 8 0 0.0
4131 20 0 0.0
4141 203 174 85.7
4151 21 0 0.0
4171 30 15 50.0

Overall 397 195 49.1

2 SqueezeNet, Postural
data, 2 hidden layers,
1000 neurons each, and
α = 0.001

1131 3 0 0.0
2141 7 0 0.0
2171 76 19 25.0
2271 11 0 0.0
3121 4 0 0.0
3141 14 0 0.0
3171 8 0 0.0
4131 20 0 0.0
4141 203 161 79.3
4151 21 6 28.6
4171 30 21 30.0

Overall 397 207 52.1

3 Inception V3, Action
data, 1 hidden layer,
1000 neurons each, and
α = 0.001

1 24 0 0.0
2 137 44 32.1
3 21 0 0.0
4 224 161 71.9

Overall 406 205 50.5

4 SqueezeNet, Action
data, 3 hidden layers,
1000 neurons each, and
α = 0.001

1 24 0 0.0
2 137 102 74.5
3 21 2 1.0
4 224 139 62.1

Overall 406 243 59.9

The lower classification performance on unseen data suggests that the training and
validation datasets may not have been fully representative of the real-world data distribu-
tion. Key factors contributing to this performance gap may include domain shifts and data
scarcity as specific to this study.

4. Discussion
This study evaluated the effectiveness of image embedding and transfer learning in

facilitating precise postural classification in forest operations using a dataset character-
ized by challenges such as crowding, occlusion, missing data, and class imbalance. The
objectives were to determine the feasibility of image-based postural classification via the
OWAS method through image embedding and transfer learning, as well as to identify the
most suitable embedder for such tasks. By rigorously tuning hyperparameters, visualizing
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data, and calculating accuracy metrics, this study successfully demonstrated the viability
of image-based postural classification through these techniques.

The performance of the models on unseen data showed a classification accuracy range
of 49% to 52% for posture data and 51% to 60% for action category data. Previous stud-
ies have highlighted the strengths of deep learning models and their ability to facilitate
multiclass classifications [65]. Joshi et al. [66] noted that neural networks demonstrate
greater efficiency as the quantity of data increases, unlike other classifiers, which often
plateau in performance beyond a certain data threshold. For instance, Ogundokun et al. [54]
reported an accuracy exceeding 74% for human posture identification using InceptionV3.
Similarly, Tiwari et al. [67] employed a dataset of yoga postures with Inception V3 embed-
ding and achieved a classification accuracy of 94.33%, underscoring the model’s versatility.
Joshi et al. [66] also leveraged Inception V3 for feature extraction in sports category classifi-
cation, attaining an average accuracy of 96.64% across six categories, further demonstrating
the model’s effectiveness when provided ample data. Iandola et al. [55] highlighted the
efficiency of SqueezeNet in terms of model size and computational performance, achiev-
ing competitive accuracy rates while reducing complexity. In detecting human activity
types from 3D posture data, SqueezeNet achieved an overall accuracy of 83.33% [56]. In
contrast, Tiwari et al. [67] found that the SqueezeNet embedding method reached the
highest classification accuracy of 95.14%, exemplifying its effectiveness in domain-specific
contexts. A comparison of these studies with the current study reveals lower performance
outcomes, highlighting areas for potential improvement in model accuracy. The findings
emphasize the importance of dataset size and diversity in enhancing machine learning
model efficiency, with neural networks exhibiting increased efficacy with larger data inputs.
Thus, the results of this study suggest that dataset augmentation or model fine-tuning
could help align performance more closely with established benchmarks.

ShuffleNet and Inception V3 are powerful CNNs known for their efficiency and perfor-
mance in image classification. However, several studies have shown that the performance
of deep learning models on multiclass classification tasks can vary significantly depend-
ing on model architecture, hyperparameters, and dataset characteristics [65,68]. Even the
most sophisticated models are sensitive to the quality and characteristics of the training
data [68–70]. In this study, the major challenges related to the datasets used included
class imbalance, image crowding, and occlusion—common issues encountered in various
machine learning applications, particularly in computer vision tasks [40,68–72].

Class imbalance refers to a scenario in which the distribution of classes in a dataset
is highly skewed, with the number of samples in the majority classes exceeding that of
the minority classes [68,72]. This imbalance can lead to models exhibiting bias toward the
majority classes, thereby disregarding the minority classes and detrimentally impacting
classification performance [68,69,72,73]. Addressing this issue may involve techniques such
as data augmentation to synthetically increase the volume of minority classes [28,39], or
exploring cost-sensitive learning algorithms that penalize misclassified minority classes
more heavily [69], which were not implemented in this study. To offset the skewed distribu-
tions of classes and instances in multi-instance learning, both cost-sensitive and standard
resampling methods have been utilized in previous studies by Mera et al. [74] and Wang
et al. [64]. However, effective imbalanced learning from multilabel and multi-instance data
remains an ongoing challenge that requires further development and research.

The performance degradation of the models could also stem from challenging in-
stances, especially within the minority class, as highlighted by Kubat et al. [70]. Recent
research by Napierala and Stefanowski [75] highlights imbalanced datasets from the per-
spective of minority class structure and introduces innovative proposals to expand the
understanding of the inherent difficulties within the dataset. In tasks involving multi-
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class classification, potential challenges such as class overlap, label noise, and vague class
boundaries emphasize the critical role of thorough data preprocessing and sampling tech-
niques [70]. In this study, ensuring balanced model performance across all classes required
tailored cleaning and other preprocessing procedures that accounted for the unique charac-
teristics of each class [75]. These customized strategies play a pivotal role in overcoming
the complexities of imbalanced datasets and optimizing model outcomes.

Moreover, image crowding occurs when objects in an image are closely packed or over-
lapping, which hinders the correct identification and localization of individual objects [39].
Addressing image crowding often involves data augmentation techniques [28,39], such
as random cropping, padding, or brightness adjustments. Adding noise can also increase
the diversity of the training data and enhance the model’s ability to handle variations and
occlusion [76]. When parts of the target postures are obscured in the images (occlusion), the
model receives incomplete information, making accurate classification difficult [22,77,78].
Occlusion can lead to features being misclassified or not detected, ultimately hindering per-
formance [22,78,79]. Possible solutions for future research include exploring more robust
feature extraction techniques that are less susceptible to occlusion [22,78], such as those
based on deformable parts models [58] or employing training strategies that artificially
introduce occlusion during training to improve the model’s robustness [22,79].

Furthermore, the lower performance on the unseen dataset compared to the vali-
dated dataset can potentially be attributed to the differences in domains between the two
datasets [80–82], leading to a mismatch in the underlying patterns and features that the
models have learned. When models are trained on specific data distributions and then
tested on unseen data that vary significantly from the training distribution, performance
tends to decrease [82]. Additionally, the training and validation datasets may have been in-
sufficient in size to fully capture the complexity and variability of real-world data [83]. This
limitation could have impeded the generalizability of the model. This disparity underscores
the importance of having a diverse and representative dataset for training and validation
purposes. By incorporating a larger and more varied dataset during the training phase,
models can better generalize to new, unseen data, thereby improving their performance in
real-world scenarios. Adequate data representation is crucial for ensuring that models learn
robust and reliable patterns that can be effectively applied across different domains. The
need for more comprehensive datasets becomes particularly evident when higher accuracy
rates and consistent model performance outside the training environment are desired [37].

While the classification accuracy achieved in this study might seem initially discour-
aging, consideration of the significant limitations of manual postural assessment methods
is important [10,36,84], which often serve as the ground truth for these tasks. Despite being
considered the “gold standard”, manual assessments suffer from inherent subjectivity and
variability, which limits their reliability [10,36,85]. Interrater reliability, which measures
the agreement between different assessors evaluating the same posture [46,86,87], is often
disappointingly moderate or low [46]. For example, a study by Lins et al. [46] investigat-
ing the interrater reliability of the OWAS method for individual postures reported low
agreement for the back (“twisted” and “bent and twisted”) and the lower limbs (“load on
a straight leg” and “load on bent leg”). Similarly, Rhén and Forsman [87] reported that
the interrater reliability of the OCRA checklist method was moderately reliable in a study
of video-recorded manual work tasks. This lack of consistency might arise from factors
such as varying experience levels, subjective interpretations of postural deviations, and
even subtle differences in measurement techniques and confusion in terms of perception
among raters [46,86]. Furthermore, intrarater reliability, which assesses the consistency of
a single assessor over repeated evaluations [87], also presents challenges. Even when the
same assessor evaluates the same posture multiple times, variations can arise due to factors
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such as fatigue, memory bias, or even slight changes in the subject’s position [86]. A study
by Rhén and Forsman [87] highlighted this issue, reporting average intrarater agreement
for visual postural assessments as low as 45%, indicating poor agreement. In a study by
Eliasson et al. [86] to evaluate the inter- and intraobserver reliability of risk assessments
of the upper body, without the use of an explicit observational method, kappa statistics
showed nonacceptable inter- and intrareliability. These low interrater and intrarater reliabil-
ity values underscore the inherent limitations of manual postural assessments. While they
provide valuable insights, their subjective nature introduces uncertainty and variability [86].
This subjectivity may have caused potential discrepancies in the assessment, possibly due
to the limited rating space that distinguishes between distinct postures [88]. The presence
of subjective assessments could elucidate the challenges encountered in the performance of
unseen data within action categories 2 and 4, as well as across certain posture classes. This
inherent limitation reinforces the need for more objective and reliable methods for postural
assessment. For example, assessing static standing posture via noninvasive, user-friendly,
and affordable posture-assessing software (PostureScreen Mobile®) yielded repeatable
measures for anatomical landmarks that were found to have substantial or almost perfect
inter- and intrarater agreement [89]. Therefore, even though this automated approach
may not have reached the desired accuracy levels yet, it holds significant potential for
improvement and ultimately surpasses the limitations of manual methods. By iteratively
refining the Inception v3 and ShuffleNet embedders used in this study and addressing the
challenges posed by the Posture datasets, it is possible to work toward a more objective,
consistent, and potentially more accurate approach to postural assessment.

While the study has provided valuable insights and promising results, several limi-
tations should be acknowledged. First, the study tested only a limited number of image
embedders and one conventional classifier. This restrained approach may not fully capture
the diversity of techniques available, potentially limiting the generalizability of the find-
ings [37]. Second, the scope of hyperparameter tuning was limited to a few aspects, such
as activation functions and solvers. Exploring a broader range of hyperparameters and
optimization strategies could enable further improvements in model performance [90]. Fur-
thermore, the study focused primarily on certain deep learning models such as Inception
v3 and ShuffleNet, disregarding the potential benefits that could arise from experimenting
with a wider array of models. Moreover, the evaluation was conducted on a specific dataset
with unique characteristics. Generalizing the findings to diverse datasets or real-world
applications may pose challenges due to dataset-specific nuances and biases [91]. High-
lighting the initial data labeling effort required to develop a task-specific model, which
enables the model to effectively utilize any amount of data from the same task, is essential.
Vallabhaneni and Prabhavathy [37] highlighted that pretrained network models necessitate
a significant and varied dataset to achieve satisfactory results. Nonetheless, this process
proved to be challenging in this study because of the considerable effort and time required
for gathering and labeling large datasets. Moreover, deep-learning-based computer vision
techniques may require multiple stages that are computationally intensive, such as noise
removal, image resizing, data partitioning, feature extraction, and classification, making
them resource intensive [37]. Last, the study did not delve deeply into the computational
complexity and efficiency aspects of the chosen models [37], which are essential considera-
tions for practical deployment and scalability in real-world scenarios [84]. Addressing these
limitations in future research can enable a more robust and comprehensive understanding
of the classification methods and their practical implications.

Future studies should focus on balancing the effort in annotating data with achieving
accuracy on unseen data. This presents an opportunity for significant benefits to be derived
within the context of postural evaluation methods. Given that only two embedders and
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one conventional classifier were tested in this study, future studies should explore the
potential for increased accuracy when the remaining image embedders are used. Investi-
gating other ways for enhancement, such as hyperparameter tuning involving different
solvers/optimizers and activation functions, would be beneficial [92–95]. Additionally, a
thorough evaluation of the effectiveness of various modern machine learning algorithms,
including random forests, support vector machines, gradient-boosted decision trees, deep
pretrained CNNs, generative adversarial networks, and vision transformers, in learning
from imbalanced computer vision datasets [72], such as those utilized in this study, could
reveal novel prospects for improving performance and extending the scope of the study.
As Saini and Susan [72] noted, most of these models employ either data-level manipulation,
such as data augmentation, or cost-sensitive learning, such as loss functions, or a com-
bination of both tactics. Thus, incorporating different models may offer unique insights
and potentially enhance classification accuracy [72]. By delving into these aspects, a more
comprehensive evaluation of different models and hyperparameters can allow a deeper
understanding and refinement of the classification system.

5. Conclusions
Many forest operations are carried out manually and potentially expose workers to

work-related disorders, which are believed to be caused by postural conditions. Among the
methods used to assess postural conditions, the OWAS is typically used in forest operations
because of its many benefits. This study proposes a novel method to automate the process
of postural classification in motor-manual work via the OWAS while saving resources. By
leveraging image embedding and transfer learning, this study provides a new approach to
training an accurate postural classification model using only image data, thus avoiding the
need for expensive sensors and time-consuming manual labeling. Collectively, the findings
prove that i) classifying complex problems such as those of postural assessment can be
performed with remarkable accuracy (84%–89%), via an easy-to-use visual platform that
uses embedding-based transfer learning coupled with a local classifier; ii) it is possible,
with less effort, to reconfigure deep learning networks to solve the problem of accurate
postural classification with important savings in resources and with less expertise; and iii)
the learned image representations may be less effective on unseen data (50%–60%) when the
domain distribution of unseen data is highly different from that used to learn. The proposed
method can potentially reduce the cost of ergonomic assessments and improve the accuracy
of injury risk assessments in a range of industries, making it an important contribution to
the fields of occupational health and safety. Moreover, the approach used for this study
can be applied to various computer vision tasks in forest operations, including different
postural evaluation methods. Future studies should be aimed at increasing accuracy by
testing other image embedders and machine learning classifiers.

Supplementary Materials: The following supporting information can be downloaded at https://
www.mdpi.com/article/10.3390/f16030492/s1. Figure S1. The workflow used to develop, train,
test and save the best performing models. Legend: 1—Import Images widget, used to load the
folder-based images for Posture and Action datasets, 2—Image Embedding widget, used to embed
the Posture and Action images on a server by Google’s Inception V3 deep network, as well as locally
using the SqueezeNet, 3—Neural Network widget which was tuned in terms of architecture and
hyperparameters for each dataset and embedder used (number of hidden layers was set successively
at 1, 2, 3, 5 and 10, and for each number of hidden layers a number of 10, 100 and 1000 neurons were
used, number of iterations was kept constant at the maximum enabled by the software, which was
1,000,000, activation function used was ReLu, solver used was Adam, and regularization parameter
for each number of layers and neurons was set successively at α = 0.0001, 0.001 and 0.01), 4—Test
and Score widget which was set at a 20-fold cross validation by splitting the initial data in 90% for
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training and 10% for testing, and then used to retrieve the main classification metrics, 5—Confusion
Matrix widget which was used to extract the confusion matrix for each best performing model of
the two embedders used on Posture and Action datasets, 6—Save Model widget which was used
to save the best performing models by dataset and embedder used. Figure S2. The workflow used
to visualize the results of training and testing. Legend: 1—File widget used to load an Excel-based
file containing the descriptive codes of the datasets, embedders, architecture, and hyperparameters
as well as numerical values of the classification accuracy metrics, 2—Color widget used to tune the
color outputs as a function of the main parameters, 3- Scatter Plot widget used to plot the main
classification accuracy metrics depending on dataset, embedder, architecture of the network and
tuned hyperparameters. Figure S3. The workflow used to classify unseen data. Legend: 1—Import
Images widget used to retrieve the unseen image data from Posture and Action folders, 2—Image
Embedding widget used to get the vector representation of the images by setting it successively
at Google’s Inception V3 and SqueezeNet, respectively, 3—Predictions widget which was used to
make predictions successively on unseen data based on 4—Loading Model widget that was used to
load successively the four best performing models. Note: each of the best performing model was
run to make predictions on its corresponding dataset and image embedder. Figure S4. Confusion
matrix of the best performing model during training and testing based on Google’s Inception V3
vector representation on Posture dataset. Figure S5. Confusion matrix of the best performing
model during training and testing based on SqueezeNet vector representation on Posture dataset.
Figure S6. Confusion matrix of the best performing model during training and testing based on
Google’s Inception V3 vector representation on Action dataset. Figure S7. Confusion matrix of the
best performing model during training and testing based on SqueezeNet vector representation on
Action dataset. Table S1. Frequency of postures identified in the dataset used for analysis by the
four-digit code. Table S2. Model architecture, hyperparameter tuning and performance metrics of
the Posture dataset, classification accuracy (CA), F1 score (F1), precision (PREC) and recall (REC)
were reported. Table S3. Model architecture, hyperparameter tuning and performance metrics of the
Action dataset classification accuracy (CA), F1 score (F1), precision (PREC) and recall (REC) were
reported. Table S4. Frequency of postures in the unseen data based on the four-digit code. Table S5.
Frequency of action categories in the unseen data.
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