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Abstract— The physical and cognitive behavior of humans
working in manufacturing environments is an issue that is
becoming increasingly important with the advent of Industry
5.0. In this context, the need to monitor operators performing
specific tasks is fundamental, particularly when such operators
work alongside robots. In fact, guaranteeing the well-being of
human workers in industrial scenarios may consistently help in
reducing risky and harmful situations. In this work, the HA4M
dataset is used to assess human action recognition in a manufac-
turing environment, where operators perform assembly actions.
More specifically, the study has been focused on training a
deep learning architecture, namely the MS-TCN++, on RGB
data extracted from a specific user, aiming to allow the action
recognition model to properly adjust at the selected subject. The
RGB data are elaborated using the Inflated 3D model, and the
upcoming features have been sorted considering matrix-wise
and array-wise dimensions. Furthermore, a 10-stage iterative-
boosting technique has been developed, in which the model
is iteratively trained by focusing on misclassified samples. It
has been proved that the iterative methods allow a faster and
more reliable training of the network, reaching an Accuracy,
Precision, Recall, and F-score of 70.39%, 74.24%, 68.70%, and
65.73%, respectively, when training using array-wise features.
Such results show the effectiveness of the proposed system,
laying the foundation for further studies for detecting the
operators’ actions in the challenging context of Human-Robot
Collaboration.

I. INTRODUCTION

Nowadays, Human Action Recognition (HAR) is gaining
considerable interest in the literature, as it is a crucial topic in
several real-world applications, such as visual surveillance,
human-robot interaction, healthcare, and entertainment [1]—
[4]. In particular, manufacturing environments may consis-
tently benefit from HAR, especially when Human-Robot
Collaboration (HRC) is involved [5].

In recent years, various computer vision solutions for
HAR have been implemented, particularly for manufacturing
settings [6]. As an example, [7] presents an approach for
improving HRC in assembly tasks by using both HAR and
object detection. A deep learning model based on graph
networks is used to perform action recognition, while a
YOLO-based model is used for object detection, aiming to
enhance the accuracy and flexibility of HRC in complex
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Fig. 1. Representative scheme of the industrial environment depicted in
the HA4M dataset [14].

assembly settings. Furthermore, [8] presents a system using a
Kinect vision sensor and CNN models based on hierarchical
clustering to detect different actions in an assembly line.
The main goal was to recognize the assembly steps in each
station, acknowledge the end of the task, and autonomously
notify an Automated Ground Vehicle that must bring the
finished product to the designated place. In [9], the authors
present a technique to enable robots to recognize and predict
human action in assembly tasks. Here, HAR is obtained using
deep learning models based on convolutional neural networks
(CNN), while Markov Models are used for action prediction.
[10] integrates computer vision and deep learning methods
by developing an LSTM network combined with CNN
architectures. HAR is performed to recognize the actions
of operators performing industrial tasks in a collaborative
setting, aiming to let the robot execute its task autonomously
without requiring explicit human commands.

In the literature, there are several studies concerning
human action recognition in different fields [11], [12]. Nev-
ertheless, it is still necessary to enlarge the scope of action
recognition in manufacturing environments, particularly with
the advent of Industry 5.0 in which the human operators
represent the core of industry scenarios [13]. This study
focuses on training a deep learning model that recognizes
the action of a single user within the HA4M dataset [14],
aiming to create a system that adapts to the specific move-
ments of each user performing the task, thus increasing
the personalization and reliability of the information in
HRC contexts. To reach this goal, a Temporal Convolutional
Model has been selected, namely the MS-TCN++ [15], and
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specific features have been extracted from the RGB data
using the Inflated 3D Model (I3D) [16], aiming to train
such architecture using highly discriminant data. A 10-stage
iterative-boosting method has been selected for the present
study, which is an underexplored topic in the literature on
HAR in manufacturing environments [17]. The results have
been evaluated considering Accuracy, Precision, Recall, and
F-score metrics, comparing the iterative and non-iterative
methods. The outcomes highlight how training deep learning
models with iterative-boosting methods may lead to high
performance by focusing on misclassified samples, while
significantly reducing the training time.

The main contribution of the present work are as follows:

It considers the HA4M dataset [14] to perform HAR,
allowing the model to focus on the recognition of the
action of a specific user, in a controlled environment.
It exploits the advantages of the MS-TCN++ architec-
ture for HAR, demonstrating how Temporal Convolu-
tional Networks represent a robust solution for action
recognition tasks.

It proposes a novel approach to manage the features
extracted by using the 13D model, structuring them in
distinct ways, and sorting them within sliding windows
for improved processing.

It demonstrates the benefits of using an iterative-
boosting strategy in HAR models, which enables pro-
gressive model refinement, leading to an improved
classification performance while reducing training time.

The remainder of the paper is structured as follows.
Section II describes the experimental setup developed for
the proposed work. First, a depiction of the feature extraction
and sorting process is provided. Then, the deep learning ar-
chitecture is defined, also enlightening the iterative-boosting
technique. Furthermore, the metrics considered for the eval-
uation of the outcomes are presented. Section III reports the
experimental results on action recognition, considering both
the iterative and non-iterative methods. Finally, Section IV
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draws the conclusions.

II. EXPERIMENTAL SETUP

The proposed work is intended to study, implement, and
validate a Human Action Recognition method of a specific
assembling task in an industrial production line, within the
HA4M dataset [14]. The dataset contains information about
operators performing the assembly of an industrial object.
An Azure Kinect camera identifies the subject, while the
object to be assembled, i.e. an Epicyclic Gear Train, is
placed on a working table in front of the operator. Figure
1 represents a scheme of the industrial environment within
which the assembly occurs. Each operator follows specific
instructions to build the object. The actions are separated into
12 classes plus a “don’t care” one. Each frame in each video
of the dataset is labeled with a label in the range 0-12. The
HAA4M dataset contains video information including Skeleton
information [18], RGB, Depth, IR, and RGB-Aligned-to-
Depth (RGB-A) frames. It must be noted that, for the present
work, a single user was taken into account, aiming to create a
model that can be adjusted and tuned to recognize the actions
of each specific operator.

A. Features Extraction

For the present work, the RGB data have been taken
into account, aiming to extract highly discriminant features
for training the selected deep learning model. Such types
of data are the most used in Action Recognition methods
[19], [20], as they allow the extraction and elaboration
of highly relevant information. To this aim, as depicted
in Figure 2, a set of 1024 features were extracted from
the RGB data using the Inflated 3D model [16], which
releases highly representative information about the human
movements that occur in the RGB frames. Such features have
been extracted considering a sliding-window of 15 frames,
i.e., 1/2 second. Each window slides within the actions,
which have been trimmed singularly from the all videos. The
extracted features have been sorted considering two different
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Fig. 3. Representation of the sorting of the features extracted using the
I3D model. The first case, in blue, presents the case of a matrix tensor of
dimension [1024 x 15]. The second case, in orange, presents the sorting of
the array in a 1-dimension tensor of size [15360 x 1].

approaches: matrix-wise and array-wise. In the matrix-wise
approach, the features are represented into a 2-dimensional
tensor of dimension [1024 x 15]. In the array-wise approach,
the features are sorted in a 1-dimensional tensor, thus giving
a final dimension of [15360 x 1]. Figure 3 presents a better
understanding of such sorting.

B. Deep Learning Model

The user selected for the present work performed the
assembly task 20 times within the HA4M dataset. The
assembly was performed by mixing the actions across the
videos, and while the subject was wearing different types
of clothes, aiming to challenge the model and evaluate its
capability to generalize. The features extracted from such
20 videos were used to train and test a Temporal Convo-
lutional Network (TCN) based on MS-TCN++ architecture
[15]. Such architecture is one of the TCN at the state-
of-the-art. TCN-based models are widely used in Action
Recognition and Segmentation tasks, as they guarantee high
computational performances and thus are useful for real-time
applications [21]. Furthermore, the multi-stage structure of
the MS-TCN++, together with the dual dilated layers, helps
the model to iteratively refine the predictions, increasing the
accuracy even when the network is trained with a reduced
number of features, but highly representative of human
action segmentation tasks. The present work proves how such
architecture returns high performances also when used for
human action recognition tasks, considering the extracted
features to train the MS-TCN++ model, thus obtaining a
recognition of the task over a sliding-window of 15 frames.

The model was trained using an iterative boosting tech-
nique composed of 10 stages, aiming to enhance the learn-
ing efficiency while reducing the computational cost that
typically occurs during the training of large datasets. As
depicted in Fig. 4, the model was first trained by feeding
the features extracted from 2 videos of the selected operator.
Then, such model was tested on a set of data among the
features extracted from the subsequent 10 videos, considering
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Fig. 4. Pipeline of the training and testing phase.

one video at a time. With this configuration, the initial
training set was iteratively increased, adding the wrongly
predicted features at each iteration. As for the testing phase,
the features extracted from 10 new videos of the same
operator were fed into the final deep learning model, obtained
after the 10-stage iterations.

C. Evaluation Metrics

To properly evaluate the action recognition performance of
the proposed model, four statistical metrics have been consid-
ered: Accuracy, Precision, Recall, and F-score. Considering
the 12 actions to be recognized, i.e. a multi-class problem,
it has been taken into account the evaluation of such metrics
as macro-averaged values, aiming to measure how often the
model correctly predicts each action among the all instances.
With this configuration, the Accuracy can be calculated using
the following equation, which allows to understand how well
the model correctly classifies the actions within each class.

N
. TP, + TN,
A - <> ]
ceuracy = - “ TP; + FP; + TN; + FN; M

TP; (True Positive) represents the actions correctly assigned
to the class ¢, FP; (False Positive) represents the number
of actions incorrectly assigned to the class i, FN; (False
Negative) represents the number of actions belonging to the
class ¢, but incorrectly classified, and TP; (True Negative)
represents the number of actions that have not been assigned
to class 7, nor belong to class i. N represents the total number
of actions considered, which in the case of the present study
is N =12.

The Precision metric represents the arithmetic mean of
the precision scores calculated independently for each class,
measuring how often the model correctly predicts each action
among the all classes considered. It can be evaluated using
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Fig. 5. Results of the 10-stage iterative boosting method, considering the training over the matrix-wise features (a), and the array-wise features (b).
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Fig. 6. Results of the testings after training with (a) and without (b) using
the iteration boosting method, considering the matrix-wise feature sorting
as input data.

the following equation:

N
.. 1 TP;
Precision = N ;21 TP, - FP, (2)

The Recall metric represents the arithmetic mean of the recall
scores computed for each class, and evaluates the capability
of the model to identify the actions among the classes. It can

Fig. 7. Results of the testings after training with (a) and without (b) using
the iteration boosting method, considering the array-wise feature sorting as
input data.

be evaluated using the following equation:

N
1 TP,
Recall = — > ot 3
cAall =y £ TP; + FN, )

Finally, the F-score metric evaluates the balance among Pre-
cision and Recall among the all classes. It can be evaluated
using the following equation:

2TP;
F-score — — 4
seore =y ; 9TP; + FP; + FN, @




III. RESULTS AND DISCUSSION

A first analysis of the proposed system was carried out
considering the outcomes of each iteration performed. The
graphs in Fig. 5 depict the trend of each iteration in terms of
Accuracy, Precision, Recall, and F-score. In particular, the
graph (a) represents the trend of such metrics considering
the model trained over the features sorted in a matrix-wise
manner, while graph (b) shows the metrics of the model
trained using the array-wise features. Both graphs present
a similar trend on all the considered metrics, even though
the array-wise features presented slightly higher results.
Furthermore, it can be noticed that the 7th iterations suffered
a significant drop in both trainings. Such occurrence can be
directly linked to the choice to introduce videos in which
the subject is wearing a different set and color of clothes.
Such change within the features introduced unseen visual
data, causing the model to struggle at that specific iteration.
Nevetheless, incorporating the wrongly predicted outputs
into the training set for the subsequent iterations allows the
model to progressively learn to handle heterogenous data.

Fig. 6 and Fig. 7 present the outcomes of the model
trained on features with matrix-wise and array-wise sorting,
respectively. More specifically, each Figure presents the
results obtained from using the 10-stage iterative boosting
method (a), and the ones obtained by training the model
using directly the features from the entire 12 videos (b).
The graphs depict the outcomes of Accuracy, Precision,
Recall, and F-score for each video considered during the
testing phase. It can be noticed that the model performed
heterogeneously among all the videos, proving the ability of
the model to properly generalize across different assembly
ordering, and different clothing of the subject.

Considering the matrix-wise features sorting, the iterative
boosting method reached an average Accuracy of 69.68%,
average Precision of 74.67%, average Recall of 66.46%,
and average F-score of 64.25%. The model trained without
the iteration technique reached 70.52% of average Accuracy,
73.71% of average Precision, 67.19% of average Recall, and
65.69% of average F-score. Taking into account the array-
wise sorting of the features, the iterative booster method ob-
tained an average Accuracy of 70.39%, an average Precision
of 74.24%, an average Recall of 68.70%, and an average
F-score of 65.73%. Finally, the model trained without using
the iteration technique reached 76.61% of average Accuracy,
80.15% of average Precision, 76.53% of average Recall, and
74.27% of average F-score.

The presented outcomes enlighten how, in general, the
array-wise sorting of the features offers a superior clas-
sification accuracy compared to the matrix-wise features.
Furthermore, the comparison between the iterative boosting
and the not-iterative training underlined that, while iterative
boosting offers a more adaptive approach to the refinement
of the model, it does not significantly outperform the not-
iterative training in terms of accuracy, particularly regarding
the array-wise features. Nevertheless, a significative advan-
tage of the iterative boosting method is to progressively

refine the model by focusing on misclassified actions, thus
improving the decisional process over time. Such technique
allows the deep learning model to progressively learn from its
mistakes, guaranteeing a better generalization and prediction
of the actions to be recognized.

It must be noticed that while the outcomes between the
regular model and the iterative booster model are similar,
they have been obtained by feeding the latter with a con-
sistently reduced quantity of data, which translates into a
significantly reduced training time. The final model of the
iterative boosting technique involved 25 hours of training,
while the not-iterative model was trained for 64 hours.
Such advantage is particularly fundamental when real-time
adaptability is required.

IV. CONCLUSIONS

The presented study investigated the use of deep learning
models with a 10-stage iterative boosting method, aiming to
perform HAR in manufacturing scenarios. More specifically,
the proposed approach aimed at training the MS-TCN++
architecture to recognize the assembly action of a single
user within the HA4M dataset. The model was trained by
using discriminant features extracted from RGB data through
the I3D model, sorting them in matrix-wise and array-wise
formats.

The experimental results proved the efficiency of the
proposed iterative boosting method, which allows a progres-
sive model refinement by focusing on misclassified samples.
The selected approach was compared with the non-iterative
one, proving that the iterative boosting technique provides
considerably faster training, which is fundamental in real-
time applications. More specifically, the iterative approach
required 25 hours of training, while the non-iterative method
took 64 hours. Such outcome depicts the importance of
iterative methods in manufacturing settings, in which the
refinement of deep learning models is crucial, particularly
when such information is intended to be sent to a collabora-
tive robot for HRC. In this context, obtaining a refined model
through iterative boosting training consistently reduces the
training time, guaranteeing high performance.

This work also highlighted the importance of feature
representation in HAR, as the matrix-wise and array-wise
sorting of the features provided different results. In particular,
the array-wise feature sorting showed better classification
results, proving to be a more effective format for training
the MS-TCN++ architecture for HAR. In the testing phase,
such a model achieved 70.39% Accuracy, 74.24% Precision,
68.70% Recall, and 65.73% F-score.

The proposed system presents significant advantages in
the field of manufacturing, focusing on HRC. The efficient
recognition of the assembly action performed by each op-
erator may facilitate real-time monitoring, enabling adaptive
robot responses. Furthermore, the proposed iterative boosting
method ensures the continuous learning of the model from
operational data, allowing better adaptability to dynamic
industrial environments, which is crucial in Industry 5.0
contexts. By enhancing HAR systems in HRC applications,



it is possible to allow machines to understand, predict and
support human actions, while increasing productivity and
minimizing errors. Further study will explore additional
feature analysis for better processing, and the integration of
multimodal data to enhance HAR systems in manufacturing
settings.
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