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Abstract—One of the major challenges faced by the man-
ufacturing industry is the prevention of workplace accidents.
In this context, ensuring compliance with safety regulations,
such as the use of personal protective equipment (PPE) and the
proper execution of specific tasks according to safety protocols, is
essential, especially when supervisors or safety personnel are not
present on site. To address this issue, we propose a multimodal
method for real-time human action prediction in industrial
environments, aimed at supporting accident prevention systems.
Our approach integrates two parallel Graph Attention Networks
(GATs): one based on human skeleton pose estimation, and
another built from scene object detection graphs. By combining
these two complementary modalities, the model captures both
human motion dynamics and contextual environmental informa-
tion. To the best of our knowledge, this approach has not yet
been explored in the literature. The proposed method will be
evaluated on two benchmark datasets: Kinetics-400 (a large-scale
video dataset with diverse real-world actions), and UnsafeNet
(a dataset featuring factory-recorded videos annotated with safe
and unsafe behaviors). The expected results aim to demonstrate
the feasibility of applying multimodal GAT-based architectures to
enhance occupational safety through intelligent action recognition
systems.

I. INTRODUCTION

Data released by the Brazilian Superior Labor Court [1]
show that workplace accidents cause at least one death every
three hours and forty-seven minutes in Brazil. Continuous
supervision to ensure compliance with safety regulations and
correct use of personal protective equipment (PPE) is essential,
especially when production supervisors or safety professionals
are not physically present. This challenge is even greater for
fieldwork, such as that performed by workers in distribution
networks, telephony towers, and electrical infrastructure, since
these workers operate in geographically dispersed locations,
making monitoring and support for safety practices more
difficult.

In industrial environments, particularly on the factory floor,
ensuring the safety of workers during operations remains a
significant challenge for companies. The use of automated
systems for human action recognition based on video data has
gained prominence in recent years. Studies such as [2], [3],
and [4] have made advances in automatic PPE detection but
have yet to fully explore the analysis of worker’s movements
and proper task execution.

As presented in the survey by [5], the most promising meth-
ods for human action classification rely on graph neural net-
works (GNNs) applied to human skeletons extracted through
pose estimation algorithms. Since the pioneering method by
[6], models such as [7], [8], and [9] have demonstrated excel-
lent results, solidifying the use of GNNs for action recognition
tasks.

A natural evolution of this research is real-time human ac-
tion prediction, enabling early identification of unsafe behav-
iors and preventive measures. Industrial environments, being
highly dynamic, noisy, and visually complex, add additional
challenges to this task. Action prediction—also known as early
action recognition—aims to classify an action before its com-
pletion, based on a partially observed frame sequence. This
approach has been explored in domains such as autonomous
vehicles, fall prevention in hospitals, and occupational safety.

Specifically in factory settings, many human actions in-
volve interaction with tools and objects in the environment.
However, the literature still lacks studies explicitly modeling
this interactivity. Incorporating this information can be crucial
to improving predictive model accuracy, allowing for more
precise detection of deviations in task execution.

Therefore, this research proposes and evaluates a multi-
modal method for early human action prediction in industrial
environments, focused on accident prevention. The proposed
model combines two graph attention networks (GATs): one
modeling the worker’s body dynamics using skeletons esti-
mated by pose algorithms, and another representing objects
and tools present in the scene. Both are integrated through
a fusion module to capture body-environment interactions,
enabling richer and more contextualized action analysis.

II. RELATED WORK

The method proposed by [6] was a pioneer in applying
Graph Neural Networks (GNNs) to skeleton graphs, setting
a new state of the art for the task of human action recogni-
tion based on joint positions. In this approach, the graph is
constructed by connecting spatially adjacent joints to capture
pose-based spatial relationships. Additionally, corresponding
joints across consecutive frames are connected to capture tem-
poral dynamics. This spatiotemporal graph is then processed



by a Graph Convolutional Network (GCN), which aggregates
and learns the relationships between the joints.

Subsequent works inspired by this GNN-based skeleton
graph approach have attempted to improve it by exploring
three main aspects: Graph Topology, Temporal Modeling, and
Ambiguity Mitigation.

1) Graph Topology: Several studies, such as [10], [11],
[12], and [13], sought to improve skeleton graph topology by
treating the adjacency matrix as a learnable parameter. This
allows the model to learn the optimal inter-joint relationships
instead of relying on a fixed, predefined human-skeleton
topology.

Although learning the adjacency matrix led to significant ad-
vances over earlier approaches, the incorporation of attention
mechanisms for discovering dynamic relationships between
nodes has yielded even better results. Attention-based models
have since become a common component in recent state-of-
the-art methods. Notable examples include [14], [8], and [9].

2) Temporal Modeling: The task of human action recogni-
tion requires modeling both short- and long-range dependen-
cies across video frames. A robust model must learn how to
extract relevant temporal patterns and determine how much
of that information should be propagated. To enhance this
temporal reasoning, several works have proposed specialized
modules, including [15], [16], and [17].

The model proposed in [7] introduces two key components:
the MS-GC (Multi-Scale Spatial Graph Convolution) to extract
spatial relations, and the MT-GC (Multi-Scale Temporal Graph
Convolution) to capture temporal dependencies. Both modules
are based on the Res2Net architecture, as introduced in [18]. In
the MT-GC module, spatial information extracted from a frame
via GCN is transformed into an embedding and propagated
to the next frame as a residual signal through a temporal
convolution. This temporal modeling approach has become
one of the most effective and commonly used strategies in
recent state-of-the-art methods. While RNN-based approaches
have been widely used for skeleton-based action recognition
(e.g., bi-RNNs, LSTMs, attention-based models), [7] shows
that sequential processing can struggle to capture complex
spatial relationships between distant joints. The GCN-based
approach in MST-GCN avoids these limitations while effi-
ciently modeling both short and long-range dependencies.

3) Ambiguity Mitigation: A common challenge in human
action recognition models is the misclassification between
similar action classes. For instance, distinguishing between a
person running and a person walking can be difficult when
analyzing a single frame, as both actions involve similar body
postures and motion patterns.

Several studies have proposed strategies to address this
ambiguity. In [19], the authors introduce an auxiliary feature
refinement module designed to better differentiate highly sim-
ilar actions such as reading and writing. This module can be
integrated at various stages of a GCN, enhancing the model’s
discriminative capability. In [20], the authors propose a method
where the extracted human skeleton is divided into subgraphs
representing the head, arms, legs, and hips. Each subgraph

generates a descriptive sentence of the body part’s position,
which is then used as a prompt for GPT-3 to perform the final
classification.

Another novel approach is presented in [21], where multiple
CNNs are trained, each specialized in distinguishing a specific
pair of similar classes. A dedicated CNN processes the initial
frames of the video to produce an embedding, which serves
as a query to dynamically select the appropriate specialized
network for final classification.

4) Human Action Prediction: Another research direction
extends human action recognition into the task of human
action prediction — that is, classifying actions at an early
stage, before they are fully completed, using only the initial
frames of a video.

The models proposed in [21] and [22] employ modules
trained on specific segments of the video, enabling the sys-
tem to capture early cues of the ongoing action. In [23], a
reinforcement learning-based method is introduced, where the
agent is rewarded for making correct early predictions, thus
encouraging timely decision-making.

A promising direction also involves synthetic frame gener-
ation. The models presented in [24] and [25] achieve strong
results by generating missing video frames prior to prediction,
increasing the available temporal information and improving
the accuracy of early classification.

5) Human Action Recognition for Occupational Safety:
Most computer vision techniques applied to occupational
safety do not incorporate human action recognition. Typically,
they rely on object detection networks to verify whether
workers are wearing personal protective equipment (PPE) and
operating within designated areas. Notable examples include
the methods proposed in [26] and [27]. However, these ap-
proaches often overlook the execution of the task itself, which
may significantly reduce their effectiveness in scenarios where
the manner in which an action is performed is critical to
ensuring worker safety.

6) Fusion of GNN-Based Features: The combination of
heterogeneous representations is motivated by findings in
multimodal learning. Gómez-Chova et al. [28] show that multi-
modal fusion effectively captures complementary information
in remote sensing and other computer vision tasks. Building
on this idea, Liang et al. [29] combined CNNs and GCNs for
scene classification, demonstrating improved capture of local
patterns and relational dependencies. Following this principle,
we fuse skeleton-based and object-based GAT features to
jointly model worker dynamics and contextual scene infor-
mation.

III. METHODOLOGY

A. General Idea and Contribution

This work proposes a methodology that integrates human
action recognition with object detection to support accident
prevention in industrial environments. The underlying hypoth-
esis is that incorporating human action recognition can en-
hance the detection of hazardous behaviors on the factory floor.
Additionally, combining object detection with human action



Fig. 1. Proposed Model Overview

Fig. 2. Frame Extraction

recognition may improve overall performance in recognizing
human activities.

The main contribution of this study is the proposal and
evaluation of a novel method that fuses human skeletal motion
features with object detection data from the scene. To the best
of our knowledge, this specific approach has not yet been
explored in the literature.

B. Frame Extraction

This work adopts a frame sampling strategy inspired by
[17], in which a video with F frames is divided into B blocks,
and one randomly selected frame from each block is used for
processing.

To enable real-time analysis, instead of feeding the entire
video, the proposed method reads only F

B frames—one per
block—directly as input. A block is defined as a sequence of
n frames, B = {f1, f2, . . . , fn}, from which a single frame
fi (i ∈ [1, n]) is randomly selected. Figure 2 illustrates this
sampling strategy.

C. Feature Extraction

This module extracts information from each randomly se-
lected frame fi (as described in Section III-B), feeding two
parallel processes: object feature extraction and motion feature
extraction. As shown in the general methodology (Figure 1),
both types of features are aggregated into a single output
vector that accumulates information across all sampled frames.

By combining static object features with human motion
features—capturing the interaction between humans and their
environment—this approach aims to improve the accuracy of
action recognition.

Fig. 3. Feature Extraction

D. Object and Person Identification

To identify static objects in the scene, the Faster R-CNN
network [30] is employed due to its high accuracy and suitable
performance for real-time applications. Unlike YOLO [31],
Faster R-CNN handles small object detection more effectively,
achieving processing rates of up to 5 FPS.

Each randomly selected frame fi from a block B is pro-
cessed by Faster R-CNN (Figure 3, step 1), which detects
the objects of interest and returns their class labels, bounding
boxes, and positions.

E. Scene Object Feature Extraction

In step 2 (Figure 3), the centroid of each bounding box
detected in step 1 is computed. Combined with the object class
information, this forms a data structure (class + centroid) for
each object, which is then passed as input to a Graph Attention
Network (GAT) [30] (Figure 3, step 4). The GAT produces a
graph Gobjects(V,A), where the vertex set Vobjects = {vi |
i ∈ {1, ..., N}} represents the detected objects, and the edge
set Aobjects = {ai,j | ∀i, j ∈ {1, ..., N}} captures semantic
relationships among them.

Finally, the scene object feature vector vobjects ∈ Rn

(Figure 3, step 6) is obtained by applying average pooling over
the vertex set Vobjects. Following the findings in [6], average
pooling is used here due to its effectiveness in capturing node
distribution, which aligns with our objective of modeling the
quantity and types of objects in the scene.

F. Motion Feature Extraction

Using the bounding boxes and class labels from the object
and person detection step (Section III-D), the region corre-
sponding to the person is selected (Figure 3, step 3). This
region is fed into an HRNet model [32], which estimates the
2D positions of body joints (Figure 3, step 5).

Following [33], the choice of pose estimation method has a
significant impact on model accuracy. Since 2D top-down esti-
mators outperform 3D and bottom-up approaches—especially
on benchmarks like COCO-keypoints [34]—this work adopts
a top-down 2D estimation strategy.

The extracted joints are modeled as a graph, which is then
processed by a Graph Attention Network (GAT) (Figure 3,
step 7). The resulting graph Gjoints(V,A) has a vertex set
Vjoints = {vi | i ∈ {1, ..., N}} representing body joints, and



Fig. 4. Temporal Modeling

an edge set Ajoints = {ai,j | ∀i, j ∈ {1, ..., N}} representing
semantic relationships between them.

The final motion feature vector vmotion ∈ Rn (Figure 3,
step 8) is obtained by applying max pooling over the vertex
set Vjoints. Based on [6], max pooling is preferred here since
capturing node distribution is less relevant for representing
human joint configurations.

G. Scene and Motion Feature Vector Construction

The vectors vobjects and vmotion, obtained as described in
Sections III-E and III-F, are combined to form a single feature
vector vfi ∈ Rn representing the characteristics of frame fi,
as shown in Equation 1.

vfi = vobjects ⊕ vmotion (1)

H. Temporal Modeling

To model the temporal dimension of the features extracted
in Section III-C, this work accumulates information across a
sequence of frames. For each block of B frames, we apply the
MT-GC technique proposed in [7] (see Section II-2). MT-GC
is based on residual networks and is widely adopted in recent
state-of-the-art approaches.

At the end of each frame processing step (Section III-C),
the feature vector vfi is generated by combining the current
frame’s objects and motion features with the feature vector
from the previous frame vfi−1

, thus capturing temporal de-
pendencies across blocks. This fusion process is illustrated in
Figure 4 and formalized in Equation 2.

vfi =

{
vobjects ⊕ vmotion for i = 0

(vobjects ⊕ vmotion)⊕ vfi−1
for i > 0

(2)

I. MLP Network

The vector v, obtained by aggregating all feature vectors
vfi extracted from the frames (as described in Section III-H),
is used as input to a Multi-Layer Perceptron (MLP). A
Softmax function is applied at the output layer to compute
the probability distribution over possible actions. The action
with the highest probability is selected as the predicted class.

IV. EXPECTED RESULTS

A. Datasets

The Kinetics-400 dataset was selected based on the nature
of the video content. Unlike other datasets composed of

TABLE I
BASELINE MODELS USED FOR COMPARISON

Paper Model Dataset

[17] Temporal Difference Network Kinetics 400

[33] PoseConv3D Kinetics 400

[35] Unsafe-Net Unsafe Net

scripted actions recorded in controlled environments, Kinetics-
400 consists of user-generated YouTube videos, where actions
often lack clearly defined movements. However, the presence
of rich contextual information from surrounding objects makes
it well-suited for evaluating the proposed methodology.

The UnsafeNet dataset stands out as the only one considered
in this work that features factory-floor videos labeled as either
safe or unsafe. While it is highly aligned with the objectives
of this study, it is a recent dataset that has not yet been
widely explored by other methods, providing a limited basis
for comparison—currently restricted to [35].

B. Expected Quantitative Results

The quantitative metrics used to evaluate the performance
of the human action prediction models are Accuracy and AUC
(Area Under the Curve). Unlike traditional action recognition
models, action prediction models are not evaluated using the
full video as input. Instead, the concept of observation ratio is
applied, in which only portions of the video are provided to the
model. This approach allows for assessing the model’s ability
to predict actions based on partial information, simulating real-
world scenarios where the action is still in progress. Testing
across multiple observation ratios allows us to evaluate how
well the model predicts actions as they unfold, providing
insight into its performance under different levels of partial
information.

Prior works used for comparison with the proposed method-
ology adopt a 20% observation ratio for evaluation. Accord-
ingly, each video will be divided into five segments, and
the model will be tested using 20%, 40%, 60%, 80%, and
100% of the original video. Note that using 100% of the
video transforms the task from action prediction into standard
action recognition. Table I presents the models selected for
comparative evaluation.

C. Expected Qualitative Results

For the qualitative evaluation, an embedding analysis will
be conducted. A balanced subset of videos will be randomly
selected to represent all action classes in the dataset. These
videos will be processed by the trained network with optimized
parameters. The values produced by the perceptrons in the
last hidden layer of the MLP model (Section III-I) will be
used as embeddings representing each processed video. To
enable visual analysis, the dimensionality of the embeddings
will be reduced to three using Principal Component Analysis
(PCA), allowing for the inspection of action clusters in a three-
dimensional space.
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