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 a b s t r a c t

Existing computer vision-based approaches struggle to identify machinery actions due to the challenges posed 
by environmental complexity and various obstructions in construction. This study introduces a novel two-stage 
framework that benefits from a newly proposed Residual Fusion Graph Convolution Network (RFGCN) to classify 
machinery actions with enhanced robustness and accuracy. The framework first extracts key machinery compo-
nents from video data, subsequently transforming them into a graph-based representation. This spatio-temporal 
graph is then fed into the RFGCN model, specifically designed to overcome issues like partial obstructions and 
missing information common in busy construction sites. Experimental evaluations reveal the method’s high ef-
ficacy, achieving an accuracy of up to 96.4% and outperforming state-of-the-art. Additionally, the proposed 
RFGCN model achieved state-of-the-art performance on four established benchmark datasets for graph classifi-
cation using spatial data only. These results suggest the potential of the proposed framework in facilitating the 
transition towards more intelligent and automated construction sites.

1.  Introduction

Pose estimation and action recognition are critical tasks in numerous 
applications, including human-computer interaction (Huo et al., 2023), 
security and surveillance (Barra et al., 2018; Cormier et al., 2022), and 
industrial automation. This importance is accentuated in industrial con-
texts, where precise pose estimation of machinery is essential for tasks 
such as anomaly detection, preventive maintenance (Chen et al., 2022; 
Rao et al., 2022; Rasul et al., 2021), and enhancement of operational ef-
ficiency (Kassem et al., 2021). The advent of the digital twin concept, a 
virtual replica of the physical system, further underscores the necessity 
for accurate machine action/activity recognition, paving the way for 
predictive analysis and system optimisation (Broo et al., 2022; Chiachío 
et al., 2022; Jiang et al., 2022; Pregnolato et al., 2022).

Construction sites are dynamic environments that demand reliable 
and robust monitoring systems for tracking and predicting a multitude of 
activities, ensuring safety, timely project completion, cost-effectiveness, 
and overall operational efficiency (Geimer, 2020). A cornerstone of 
these systems is machinery activity classification - accurate and prompt 
classification is paramount for effective construction management 
(Lingard et al., 2013). Classifing activities based on video feeds or
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images from busy construction sites can be challenging, especially when 
it comes to detecting small objects (Kim et al., 2023; Zhang et al., 2023). 
There is a considerable distance between the camera and its targets in 
typical camera setups on large construction sites. As a result, machin-
ery components, which are crucial for determining the type of activity 
taking place, often occupy only a tiny fraction of the overall image. Fac-
tors such as varying lighting conditions, weather, obstructions, and the 
inherent small size of these components in relation to the entire scene 
make this recognition task particularly challenging. The precision in de-
tecting these parts directly affects the accuracy of activity classification. 
A misstep here could lead to the misidentification of operations, thereby 
affecting the overall misinterpretation of construction processes. Prop-
erly classifying these activities is also crucial for providing immediate 
response to potential safety risks and plays a pivotal role in enhancing 
planning, resource distribution, and operational insights.

The complexity of construction sites, including their interrelated ac-
tivities and resources, can be modelled as a graph (Jia et al., 2023). 
In this model, nodes represent entities such as machinery or tasks, and 
edges denote relationships or interactions between them. To capture 
both local and global patterns within this graph during a construction 
process, we turn to Graph Convolutional Networks (GCNs). GCNs, a class 
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of deep learning algorithms specifically designed for graph data, provide 
an effective means to enhance the interpretation and prediction of ac-
tivities on construction sites. Although Convolutional Neural Networks 
(CNNs) have been widely employed for image-based classification tasks, 
they have limitations in dealing with structured or relational data (Ren 
et al., 2022). CNNs primarily cater to grid-like data, such as images, but 
struggle to handle irregular structures or relational patterns directly. 
GCNs, on the other hand, are specifically designed for graph-structured 
data. The complex network of interrelationships at a construction site - 
between machinery, personnel, and tasks - can be naturally represented 
as a graph, allowing GCNs to capture relational patterns between enti-
ties. This capability is beneficial for tasks like action recognition, where 
the context and relation between entities can play a crucial role. GCNs 
also provide permutation invariance, i.e., the order of nodes in the in-
put does not affect their performance, a significant advantage in dy-
namic scenarios like construction sites where the activity order may
vary.

While GCNs have distinct advantages in handling structured data, ap-
plying these networks directly based on image information sometimes 
cannot fully exploit their potential for action categorisation tasks. Con-
sequently, prior to deploying GCNs for these tasks, an intermediate fea-
ture extraction step to represent the action (e.g., pose or keypoint ex-
traction) is required (Kim et al., 2023). However, a prevalent challenge 
is the incomplete pose information of machinery and equipment, which 
is predominantly caused by occlusions and relatively low-quality im-
age quality. Such variations and obstructions can lead to obscured or 
missing parts, resulting in a scarcity of critical data for classification. 
The dynamic nature of construction sites, coupled with the multitude 
of interacting elements, amplifies the occurrence of these issues, neces-
sitating the development of robust methodologies for effective action 
classification under such constraints.

In this paper, we introduce a novel video-based methodology in-
tegrating object detection with a new Graph Convolutional Networks 
(GCNs) to tackle the challenges of activity classification at construc-
tion sites. Different from the existing methods that rely on model-based 
keypoints extraction (complete pose information), a Residual Fusion 
Graph Convolution Networks (RFGCN) based on graph attention and 
the residual connection is presented to tackle the challenge of incom-
plete pose data of machinery. Another innovative aspect is that, un-
like existing methods that often only focus on single machinery, pri-
marily excavators, the proposed solution integrates other cooperating 
machinery into the introduced spatio-temporal mixed graphs to achieve 
more precise activity recognition. Our contributions to the field are
fourfold:

• We propose a novel framework merging the strengths of small ob-
ject detection and RFGCN. This fusion enables the effective handling 
of the intricate dynamics of construction sites, effectively managing 
the spatio-temporal graph-structured data inherent in these environ-
ments. The graph in the spatial domain is not only includes nodes 
extracted from various components of a single machinery, but also 
nodes from cooperating machinery working on the same construc-
tion task.

• The proposed methodology exhibits robust performance in scenar-
ios of missing data, a critical aspect often overlooked in existing ap-
proaches. This capability significantly enhances the reliability and 
practical applicability of our approach in real-world, imperfect data 
conditions.

• Through rigorous experimentation and evaluation, we demonstrate 
that the proposed method exhibits superior performance in terms of 
accuracy, and resilience to missing data, against state-of-the-art.

• The proposed RFGCN is tested on four public datasets, including 
those in bioinformatics and social networks, underlining its versa-
tility and potential for adaptation in various graph classification
tasks.

2.  Related work

2.1.  Image-based methods

The quest to investigate excavator action estimation and classifica-
tion began with image-based methodologies, predominantly focusing on 
pose estimation. Lundeen et al. (2016) laid the foundation by demon-
strating the applicability of marker-based sensor technology. To improve 
upon this and eliminate the need for physical markers, Tang et al. (2023) 
advanced the field with a non-invasive onboard visual-inertial sensor 
system. This system aimed to combine data from various sensors, leading 
to enhanced accuracy. However, one primary concern was the discerni-
bility of excavator components, especially in real-world scenarios where 
cameras were positioned at a long distance. This distance often compro-
mised the clarity of the excavator components (Luo et al., 2018, 2019). 
Addressing this gap, Meng et al. (2020) proposed to employ UAVs cou-
pled with YOLOv3 (Redmon & Farhadi, 2018), targeting distant action 
recognition. Yet, with the increasing need for computational efficiency 
in on-site applications, Guo et al. (2022) introduced a lightweight fully 
convolutional network (FCN), striving for a balance between accuracy 
and computational demands. More recently, Shin et al. (2025) proposed 
a 3D ResNet-based classifier enhanced with SHAP interpretability anal-
ysis and tailored image preprocessing, demonstrating improved excava-
tor activity recognition performance under far-field camera conditions. 
Additionally, Pham and Han (2024) proposed a generative model to syn-
thesise realistic excavator images with varied backgrounds, enabling im-
proved 3D pose estimation without manual annotation and enhancing 
the generalisation of models trained in synthetic data.

2.2.  Video-based methods

While image-based methods provided snapshots of actions, the dy-
namic nature of construction activities necessitated a temporal perspec-
tive, leading to the exploration of video-based methods. Initial forays 
into this domain were grounded in non-learning-based methods like 
video interpretation techniques (Gong & Caldas, 2010) and Histogram 
of Oriented Gradients (HOG) (Golparvar-Fard et al., 2013). However, 
the advent of deep learning provided tools to capture the richness of 
video data more effectively. Roberts and Golparvar-Fard (2019) capi-
talised on this by employing CNNs for a more nuanced detection and 
tracking of machinery. Recognising the dual need to understand both 
the visual and temporal aspects, Kim and Chi (2019) developed with a 
hybrid model, merging CNN and Long Short-Term Memory (Hochreiter 
& Schmidhuber, 1997) (LSTM). This combination was pivotal in mod-
eling both the spatial features and the sequence of activities. As the 
field matured, researchers including Luo et al. (2021) explored more 
sophisticated temporal models like Gated Recurrent Units (GRUs) and 
Recurrent Neural Network (RNN), aiming to predict future equipment 
poses and safeguard site workers. While these methods advanced the 
field significantly, the challenge of recognising new or rare activities 
without extensive training data persisted, leading to the exploration of 
innovative techniques like zero-shot learning (Chen et al., 2023).

2.3.  Graph-based approaches

With the increasing complexity of construction sites and the intri-
cate interplay of entities, researchers began to look beyond traditional 
image and video data. This quest for a more holistic understanding led 
to the exploration of graph data structures. Graphs, by their very na-
ture, excel in capturing relationships, making them ideal for represent-
ing construction sites with their myriad of interdependent entities. Jia 
et al. (2023) established a framework for leveraging graphs in construc-
tion. This methodology found applications in diverse areas, from crack 
detection to automating floor plan evaluations. A notable advancement 
was made by Kim and Chi (2022), who harnessed the power of GNNs 
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to unravel complex visual relationships on construction sites. Recognis-
ing the potential of an integrated approach, Wang et al. (2024) merged 
graph data with computer vision, offering a more comprehensive per-
spective to understand construction activities. However, the application 
of Graph Neural Network (GNN) in specific areas like excavator action 
classification needs further exploration, highlighting potential avenues 
for future research.

3.  Methodology

In Fig. 1, we present a two-stage, video-based data analysis 
framework specifically designed to reliably and robustly classify con-
struction machinery actions. The overarching aim is to enhance the
practicability of AI for the construction sector by addressing challenges 
encountered during real-world deployments. The method consists of
state-of-the-art object detection and graph neural network techniques, 
leveraging the spatio-temporal information present in video data. By 
exploring the spatial data correlations among collaborating machinery, 
our framework provides a precise depiction of their collective dynamics. 
Moreover, this framework aims to maintain a high classification accu-
racy, even for scenarios with missing data. This is a common occurrence 
in real-world deployments due to challenges such as occlusions, which 
can lead to the absence of keypoints crucial for machinery pose estima-
tion. To tackle this challenge, we propose a novel graph classification 
model called Residual Fusion Graph Convolution Networks (RFGCN). 
Different from pose estimation methods, such as the paradigm in KA-
PAO research (McNally et al., 2021), the proposed method focuses on 
classification based on relatively simple pose-related features, even in 
the presence of missing keypoints.

3.1.  Data processing

In support of the solution development, we created a mini-
construction site within our lab to simulate five types of earthmoving ac-
tivities during the construction process: idling, digging, lifting, swinging 
and loading. The involved machinery includes an excavator, a dumper, 
and a dozer. A dedicated dataset was collected at a frame rate of 10 
frames per second (FPS) and a resolution of 3840 × 2160. The dataset 
consists of 15 classes of objects, including 3 types of machinery and 12 
types of key components, all illustrated in Fig. 2. The selection of these 

components is mainly based on several literature on excavator pose es-
timation (Assadzadeh et al., 2022; Guo et al., 2022; Tang et al., 2023). 
A total of 17 objects are defined to form the 15 classes of nodes. The 
objects (except the whole machinery) have a pixel range from 0.1% to 
1% of the original image size. Object detection was performed using 
YOLOv8 (Reis et al., 2023), known for its exceptional performance in 
small object detection in terms of both speed and accuracy. The dataset 
for object detection initially comprised 124 manually labelled samples, 
which were expanded to 372 through augmentation by adjusting bright-
ness and flipping. A standard 80-20 split was employed for training and 
testing purposes.

After obtaining the bounding boxes for the 15 classes of objects from 
a single image, each bounding box is converted into a point using the 
center of the objects, which results in a spatial graph. Fig. 3 shows 
two examples of object detection results and their subsequent transfor-
mation into a spatial graph structure overlaid on the raw image. The 
top example illustrates a scenario where all key components were suc-
cessfully detected, while the bottom example depicts a scenario with 
missing key components. It is worth noting that graph data offers no-
table advantages, particularly in its ability to effectively represent spa-
tial relationships between objects. This spatial graph can proficiently 
describe the posture of a specific machinery and also represent the non-
Euclidean spatial relationships among multiple cooperative plant (de-
picted by black solid curves in the right pictures of Fig. 3). This approach 
differs from certain model-based posture estimation techniques, which 
often aim to predict joints when they are obscured or undetectable due 
to factors such as occlusion or poor illumination. Typically, such predic-
tions not only require substantial computational resources but also lack 
a high level of confidence. Our proposed framework offers a strategic 
alternative by leveraging RFGCN to achieve action classification tasks 
even without complete postures.

3.2.  Graph data definition

Graphs, denoted as 𝐺 = (𝑉 ,𝐸), are mathematical structures designed 
to capture pairwise relationships among objects, where 𝑉 is the node 
set and 𝐸 is the edge set. The conversion from raw images or videos 
into graphs simplifies the description of objects, highlights their spatial 
and temporal relationships, and also reduces interference from image 
backgrounds, which are sensitive to factors such as illumination and 
weather.

Fig. 1. The flowchart of the proposed framework. First, the raw video is used as input for an object detection model using YOLO v8 to identify key components 
of a specific plant. After obtaining the component class and bounding box information, these data are subsequently transformed into a graph data structure. This 
structure includes the location based on the centre of the bounding box, the class and the relationships with other components. Subsequently, the resulting graph 
datasets undergo grouping and labeling, and are then partitioned into training and testing sets. This division allows for the training and evaluation of the proposed 
graph classification model.
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Fig. 2. An illustration of key components for three types of machinery. For the dumper, there are four distinct object types designated for parts, each delineated by 
green bounding boxes, and one category for the machinery itself (the black dash bounding box). For the excavator, we define six distinct object types, depicted by 
red boxes, for parts detection with one dedicated category for the machinery. For the dozer, we suggest two classes (each class includes two objects), illustrated by 
light orange boxes, and with one dedicated category for the machinery.

Fig. 3. Two examples for the outputs from YOLO v8 (left) along with an illustration of the graph structure from one image overlaid on the raw images (right). 
The orange dots represent nodes associated with the excavator, the green dots describe nodes for the dumper, and the yellow ones denote nodes for the dozer. The 
nodes enclosed by dashed circles represent the centres of the machinery’s bounding boxes. The bottom part of the illustration demonstrates an example that includes 
missing nodes and edges, which are highlighted with blue dotted circles and blue dotted lines in the dozer.

In this study, we construct a Spatio-temporal Mixed Graph 𝐺 with 
𝑁 nodes and 𝑇 frames featuring intra-machinery, cross-machinery and 
inter-frame connections. In this graph, the node set is defined as
𝑉 = {𝑉𝑒𝑥𝑐 , 𝑉𝑑𝑢𝑚, 𝑉𝑑𝑜𝑧,…} = {𝑣𝑡,𝑖|𝑡 = 1, 2,… , 𝑇 , 𝑖 = 1, 2,… , 𝑁}, (1)

where 𝑉𝑒𝑥𝑐 , 𝑉𝑑𝑢𝑚, 𝑉𝑑𝑜𝑧,… denote the node set of excavator, dumper, 
dozer and other type of machinery respectively. It should be noted that 
in the following section, only excavator, dumper, and dozer are chosen 

as an example of cooperating machinery but the vector 𝑉 can be ex-
tended to other types of machinery. In this study, 𝑁 is chosen as 17. As 
the input of the proposed RFGCN, the feature vector ℎ𝑣𝑡,𝑖 of each node in 
𝑉 consists of three attributes, including the category and location (𝑥 and 
𝑦). The edge set 𝐸 is composed of three subsets 𝐸 = {𝐸𝑆 , 𝐸𝑀 , 𝐸𝑇 }. Each 
edge is unweighted, indicating only connectivity (e.g., connected nodes 
belong to a single machinery) or relationships (e.g., multiple machin-
ery work together as a team) without additional attributes. The subset 

Expert Systems With Applications 291 (2025) 128540 

4 



S. Wang et al.

Fig. 4. An example of a spatial-temporal graph composed of two frames. The graph on the left illustrates the spatial distribution of notes from the excavator and 
other collaborating machinery, where each note connects to other notes within the same machinery. It should be noted that the central nodes are interconnected 
as well. The central nodes are represented by the center point of the bounding box of machinery. The right diagram depicts how the graph incorporates temporal 
information from two successive frames. There is a unidirectional edge from the previous frame to the current frame for each corresponding node in the excavator. 
It should be noted that the temporal connections of dumpers and dozers are not considered.

𝐸𝑆 depicts the spatial connection within each machinery at the time 𝑡, 
denoted as 

𝐸𝑆 = {𝐸𝑆𝑒𝑥𝑐
, 𝐸𝑆𝑑𝑢𝑚

, 𝐸𝑆𝑑𝑜𝑧
,…},

𝐸𝑆𝑒𝑥𝑐
= {(𝑣𝑡,𝑖, 𝑣𝑡,𝑗 )|𝑖 ≠ 𝑗, 𝑣𝑡,𝑖 ∈ 𝑉𝑒𝑥𝑐 , 𝑣𝑡,𝑗 ∈ 𝑉𝑒𝑥𝑐},

𝐸𝑆𝑑𝑢𝑚
= {(𝑣𝑡,𝑖, 𝑣𝑡,𝑗 )|𝑖 ≠ 𝑗, 𝑣𝑡,𝑖 ∈ 𝑉𝑑𝑢𝑚, 𝑣𝑡,𝑗 ∈ 𝑉𝑑𝑢𝑚},

𝐸𝑆𝑑𝑜𝑧
= {(𝑣𝑡,𝑖, 𝑣𝑡,𝑗 )|𝑖 ≠ 𝑗, 𝑣𝑡,𝑖 ∈ 𝑉𝑑𝑜𝑧, 𝑣𝑡,𝑗 ∈ 𝑉𝑑𝑜𝑧},

(2)

⋮

The subset 𝐸𝑀 includes the spatial connections between each ma-
chinery’s central node, written as 
𝐸𝑀 = {(𝑣𝑡,𝑖𝑒𝑥𝑐 , 𝑣𝑡,𝑖𝑑𝑢𝑚 ), (𝑣𝑡,𝑖𝑒𝑥𝑐 , 𝑣𝑡,𝑖𝑑𝑜𝑧 ), (𝑣𝑡,𝑖𝑑𝑜𝑧 , 𝑣𝑡,𝑖𝑑𝑢𝑚 ),…}, (3)

where 𝑣𝑡,𝑖𝑒𝑥𝑐 , 𝑣𝑡,𝑖𝑑𝑢𝑚 , and 𝑣𝑡,𝑖𝑑𝑜𝑧 denote the central nodes of the excavator, 
dumper, and dozer respectively. The subset 𝐸𝑀 consists of the inter-
frame edges of the excavator only, which connect the same nodes on 
the target machinery in consecutive frames, written as 
𝐸𝑇 = {𝑣𝑡−1,𝑖 → 𝑣𝑡,𝑖|𝑡 = 2,… , 𝑇 , 𝑣𝑡,𝑖 ∈ 𝑉𝑒𝑥𝑐}. (4)

As illustrated in Fig. 4, the resulting mixed graph data retains spatio-
temporal information with directed edges in the time domain and undi-
rected edges in the space domain. The distribution of the nodes from the 
excavator and other cooperating machinery represents the spatial infor-
mation. The change of each node’s location with the excavator over time 
describes the temporal information. The number of frames to be consid-
ered in the time window, 𝑇 , is a parameter which should be adjusted 
based on the complexity of targeted activities. A long time window can 
potentially capture the graph pattern of a complex activity with a sig-
nificant computational cost. This graph includes component-based key-
points and the geometric centre of the entire machinery, referred to as 
the central node. 𝐸𝑆 describes the pose of individual machinery; 𝐸𝑀

represents the interactions between different types of machinery; 𝐸𝑇

defines the movement of the excavator, which is directional.
It should be noted that this framework is inherently flexible and can 

be adapted to various machinery types beyond the excavator, which 
serves as the primary focus in this study. The design allows the exca-
vator node set 𝑉𝑒𝑥𝑐 to be replaced by other types of machinery, such as 
cranes or loaders, without altering the underlying graph structure. Addi-
tionally, the number of cooperating machines can be adjusted by adding 
or removing nodes in the graph, enabling seamless scaling to suit dif-
ferent operational scenarios in practical applications. This adaptability 

stems from the framework’s abstraction of the graph data, retaining only 
essential node and edge connections as input. As a result, the framework 
is highly modular, allowing it to generalize across different machinery 
configurations while maintaining core relational information.

The selection of the three edge types, including 𝐸𝑆 (intra-
machinery), 𝐸𝑀 (inter-machinery), and 𝐸𝑇 (temporal), is grounded to 
capture essential contextual dimensions for robust activity classifica-
tion. 𝐸𝑆 encodes the internal structural relationships within individual 
machinery, which is critical for modeling pose and configuration. 𝐸𝑀

captures the cooperation between different types of machinery, such 
as excavators and dumpers, enabling the system to understand multi-
agent collaborative tasks like loading. Finally, 𝐸𝑇 introduces temporal 
consistency by linking the same components across consecutive frames, 
allowing the model to learn motion patterns and activity progression.

3.3.  Model architecture

Our proposed classifier model, Residual Fusion Graph Convolution 
Networks (RFGCN), is based on Graph Convolutional Networks (GCNs) 
and is depicted in the green section in Fig. 1. The architecture consists 
of Graph Convolution layers, a graph readout, and soft classification. 
The model integrates a variety of layer types, incorporating both resid-
ual connections and attention-based layers, to bolster performance and 
ensure robustness.

3.3.1.  Scalable graph convolution layer
To address the limitations of GCNs in handling unseen data, the pro-

posed RFGCN leverages GraphSAGE, a framework for inductive repre-
sentation learning on large graphs introduced by Hamilton et al. (2017). 
Fig. 5 depicts an example of the GraphSAGE process. This method en-
ables inductive learning by using node feature information to generate 
embeddings for new data. The state-of-the-art (SOTA) offers three types 
of aggregators, Mean aggregators, LSTM aggregators, and Pooling aggre-
gators. In mean aggregations, neighbouring node features are averaged, 
which can result in a loss of important information as it smooths out the 
features. Pooling aggregators can be too extreme, capturing only one 
aspect of the neighbouring nodes by taking the maximum value over 
each dimension from its neighbours. To accommodate a larger expres-
sive capacity, this study employs a more complex aggregator based on 
an LSTM architecture (Hochreiter & Schmidhuber, 1997), as the aggre-
gator for the GraphSAGE layer.
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Fig. 5. An example of the GraphSAGE (Hamilton et al., 2017) process. The 
blue circle represents the object node, the orange ones represent the 1st-order 
neighbourhood, and the pink ones represent the 2nd-order neighbourhood.

The operation of the GraphSAGE layer with an LSTM aggregator can 
be broken down as follows. First, neighbourhood sampling is carried 
out. For a specified node 𝑣𝑡,𝑖, where the temporal frame is denoted by 
𝑡 ranging from 1 to 𝑇 , and the nodal index is presented by 𝑖 spanning 
1 to 𝑁 . The LSTM-based GraphSAGE includes three systematic phases, 
which are neighbourhood sampling, feature concatenation and LSTM 
aggregation mechanism. Each node 𝑣𝑡,𝑖 in the graph is associated with 
a feature vector ℎ𝑣𝑡,𝑖 . In the neighbourhood sampling, an initial step ne-
cessitates the extraction of a pre-defined neighbouring node-set, 𝑉𝑁(𝑣𝑡,𝑖)

, 
which contains all connections to 𝑣𝑡,𝑖 within the graph 𝐺. For each node 
𝑣𝑡,𝑖, the feature vectors of its neighbouring nodes are denoted as ℎ𝑉𝑁(𝑣𝑡,𝑖 )

. 
In the second step, for each 𝑣𝑡,𝑖, the feature vector is concatenated with 
the feature vectors of its neighbours, written as [ℎ𝑣𝑡,𝑖 , ℎ𝑉𝑁(𝑣𝑡,𝑖 )

]. The third 
step sequentially processes the concatenated features using an LSTM ag-
gregation, written as: 
ℎ
(𝑙+1)

𝑉 ( )
= 𝑎𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒 ℎ(𝑙)

𝑣𝑡,𝑗
,∀𝑣𝑡,𝑗 ∈ 𝑉𝑁(𝑣𝑡,𝑖)

, (5)
𝑁 𝑣𝑡,𝑖

({ })

Subsequently, the node’s feature is updated using the aggregated infor-
mation: 

ℎ(𝑙+1)
𝑣𝑡,𝑖

= 𝜎

(
𝑊 ⋅ 𝑐𝑜𝑛𝑐𝑎𝑡

(
ℎ(𝑙)
𝑣𝑡,𝑖

, ℎ
(𝑙+1)

𝑉𝑁(𝑣𝑡,𝑖 )

))
, (6)

where ℎ(𝑙)𝑣𝑡,𝑖 is the hidden state of the node 𝑣𝑡,𝑖 in the layer 𝑙 of the neural 
network. 𝑊 is a weight matrix and 𝜎 is the activation function.

3.3.2.  GAT layer
The effectiveness of node embeddings often relies on their ability 

to seamlessly integrate both the local graph structure and node-specific 
features, as demonstrated by Kipf and Welling (2017). Traditional meth-
ods such as Graph Convolutional Networks (GCN), despite their effec-
tiveness, exhibit an inherent structural dependency during aggregation, 
potentially leading to challenges in generalisation.

In contrast, the Graph Attention Network (GAT) offers a refined ag-
gregation mechanism that is structurally agnostic. Unlike the previously 
discussed SAGE-LSTM, GAT emphasis on weighting neighboring fea-
tures based on the principle of attention. This mechanism ensures that 
the weights are adjusted based on node features rather than the graph’s 
structure. Following the aggregation, a LeakyReLU activation function 
is typically applied. Below are the equations to compute the node em-
bedding ℎ(𝑙+1)𝑣𝑡,𝑖
 of the layer l+1 from the embeddings of the layer l:

𝑧(𝑙)
𝑣𝑡,𝑖

= 𝑊 (𝑙)ℎ(𝑙)
𝑣𝑡,𝑖

, (7)

𝑒(𝑙)
𝑣𝑡,𝑖 ,𝑣𝑡,𝑗

= LeakyReLU
(
𝐚
(𝑙)𝑇

(
𝑧(𝑙)
𝑣𝑡,𝑖

∥ 𝑧(𝑙)
𝑣𝑡,𝑗

))
, (8)

𝛼(𝑙)
𝑣𝑡,𝑖 ,𝑣𝑡,𝑗

=
exp(𝑒

(𝑙)
𝑣𝑡,𝑖 ,𝑣𝑡,𝑗

)

∑
𝑣𝑡,𝑗∈𝑉𝑁(𝑣𝑡,𝑖 )

exp(𝑒
(𝑙)
𝑣𝑡,𝑖 ,𝑣𝑡,𝑗

)
, (9)

ℎ(𝑙+1)
𝑣𝑡,𝑖

= 𝜎

⎛
⎜⎜⎝

∑
𝑣𝑡,𝑗∈𝑉𝑁(𝑣𝑡,𝑖 )

𝛼(𝑙)
𝑣𝑡,𝑖 ,𝑣𝑡,𝑗

𝑧(𝑙)
𝑣𝑡,𝑗

⎞
⎟⎟⎠
. (10)

Eq. (7) represents a linear transformation of the lower layer embedding 
ℎ
(𝑙)
𝑣𝑡,𝑖
 using 𝑊 (𝑙), a learnable weight matrix. Eq. (8) computes a pairwise 

unnormalised attention score between two neighbours. It begins by con-
catenating the 𝑧 embeddings of the two nodes (where ∥ denotes the con-
catenation operation), then calculating a dot-product with a learnable 
weight vector 𝐚(𝑙), and finally applies a LeakyReLU activation function. 
This form of attention is usually referred to as additive attention, in 
contrast to the dot-product attention found in the Transformer model. 
Eq. (9) applies a softmax function to normalise the attention scores for 
each node’s incoming edges. Eq. (10) aggregates the embeddings from 
neighbours, scaled by the attention scores, similar to GCN.

3.3.3.  Graph residual connection
Given the nature of incomplete spatio-temporal graphs, it is crucial 

to consider two points. First, sequential information could be benefi-
cial for the temporal information on spatio-temporal graphs. Second, 
considering there are some missing nodes or edges on graphs, it is im-
portant to reduce the impact of missing data. GraphSAGE-LSTM layer 
and GAT layer could be applied to meet the two requirements. Combin-
ing GraphSAGE-LSTM and GAT in a layered architecture can potentially 
have the benefits of both models and mitigate some of their individual 
disadvantages. Additionally, combining these two distinct graph con-
volutional layers increases the overall number of layers in the neural 
network. This necessitates the introduction of residual connections to 
mitigate the effects of the increased layer count.

DeepGCNs (Li et al., 2019), inspired by ResNet (He et al., 2016) and 
DenseNet (Huang et al., 2017), apply residual connectivity across lay-
ers. This approach demonstrates that deepening the GCN network with 
specific strategies can enhance its effectiveness. In this study, we intro-
duce residual connectivity between the outputs of the GraphSAGE and 
GAT layers, treating this as a block. The residual block can be expressed 
with the following function: 
ℎ
(𝑙+1)

𝑅𝑒𝑠
= 𝜎

(
𝑐𝑜𝑛𝑐𝑎𝑡

(
ℎ
(𝑙+1)

𝐺𝐴𝑇
, ℎ

(𝑙)

𝐺𝑟𝑎𝑝ℎ𝑆𝐴𝐺𝐸−𝐿𝑆𝑇𝑀

))
. (11)

Unlike generic hybrid GNN models such as GatedGCN (Yang, 2023) 
or Graph Transformers (Müller et al., 2023), which typically integrate 
attention or gating mechanisms uniformly across all layers or nodes, 
our proposed RFGCN employs a modular residual fusion strategy that 
explicitly combines the outputs of heterogeneous graph convolution lay-
ers GraphSAGE-LSTM and GAT at a block level. This parallel fusion is 
designed to leverage the complementary strengths of sequential model-
ing (via LSTM-based aggregation) and structural feature weighting (via 
attention), rather than stacking them sequentially. Moreover, our resid-
ual design selectively connects the GraphSAGE-LSTM input to the out-
put of the GAT layer, enabling effective gradient flow and robustness 
in deeper architectures. This is particularly beneficial for incomplete 
spatio-temporal graphs, where isolated attention or gating may fail to 
compensate for missing structural cues. The resulting architecture is not 
only more interpretable but also more efficient, as it avoids the complex-
ity of global attention or full-layer self-attention mechanisms commonly 
used in transformer-based GNNs.

3.3.4.  Graph readout
Each graph in the dataset has its unique structure and characteristics 

of nodes and edges. Therefore, to predict a single graph, it is common 
to aggregate as much information as possible in a single graph. This is 
a process known as ‘Graph Readout’. Common aggregation methods in-
clude summing, averaging, or finding the maximum or minimum value 
across all node or edge features. In this study, we employ averaging 
as the aggregation method. Given a graph 𝐺, the average node feature 
readout is defined as: 
ℎ𝐺 =

1

|𝑉 |
∑

𝑣𝑡,𝑖∈𝑉

ℎ𝑣𝑡,𝑖
, (12)

where 𝑉 is the set of the nodes and ℎ𝑣𝑡,𝑖 is the feature of the node 𝑣𝑡,𝑖. 
In this model, once ℎ𝐺 is available, the data is passed through a 𝐷𝑟𝑜𝑝𝑜𝑢𝑡
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𝑙𝑎𝑦𝑒𝑟 and a 𝐿𝑖𝑛𝑒𝑎𝑟 layer for producing the classification result. Cross 
entropy is used as the 𝑙𝑜𝑠𝑠 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛, denoted by 𝐿, which can be written 
as: 

𝐿 = −

𝑀∑
𝑐=1

𝑦𝑜,𝑐 log
(
𝑝𝑜,𝑐

)
, (13)

where 𝑀 is the number of classes; 𝑦𝑜,𝑐 is a binary indicator (0 or 1) if 
the class label 𝑐 is the correctly classified for the observation 𝑜; and 𝑝𝑜,𝑐
is the predicted probability that the observation 𝑜 is of the class 𝑐.

4.  Results

The results are structured to first evaluate the performance of object 
detection, and then that of the proposed Residual Frame Graph Convo-
lutional Network (RFGCN) in classifying excavator activities. Addition-
ally, we assessed the model performance across different numbers of 
frames (𝑇 ), investigating its adaptability in processing temporal data in 
comparison with SOTA.

4.1.  Evaluation of object detection performance

To demonstrate the result of the first step, the outputs of YOLOv8 
are presented in Fig. 6 for each of the five distinct actions. The solid 
circles denote the centre of each detected object and the double-circles 
represent the centre of individual machinery. It can be observed that, 
while most nodes are correctly identified, there are instances of failed 
recognition of certain objects when the machinery is partially occluded 
by itself or other machinery. For example, in the third column of images 
depicting the swinging action, the bucket’s end and the right end of the 

excavator body are not detected, resulting in missing nodes. Moreover, 
illumination can affect the performance of object detection. In the third 
column of images showing the loading action, neither end of the exca-
vator body is detected. The left end is obscured, while the right end is 
indistinct due to lighting issues such as shadows. In the digging action, 
the bucket end of the excavator submerged in the sand also failed to 
detect. Similar recognition problems are encountered with the dozer’s 
front and back ends, as they are difficult to distinguish from each other. 
These observations demonstrate the real-world challenge that not all 
important nodes can be successfully detected for various reasons, which 
demands a flexible classification approach.

4.2.  Performance of RFGCN in activity classification using spatial-temporal 
information

Fig. 7 represents the confusion matrix of the proposed model when 
applied on the dataset mentioned in the above section. The confusion 
matrix is normalised, which means that each value is divided by the 
number of samples in the corresponding class. Within the matrix, the 
diagonal values represent true positives, indicating cases where the pre-
dicted label matches the actual label. The off-diagonal values represent 
false positives and false negatives, presenting cases where the predicted 
label does not match the actual label. The confusion matrix reveals that 
our method achieves a high level of accuracy (> 94.8% average accu-
racy) in classifying all five excavator activities. The accuracy in iden-
tifying the ªloadingº activity is perfect, which is very likely due to the 
consideration of additional information from other cooperating machin-
ery, as it is a typical collaborative activity. The other four activities are 
solo based on the excavator without any contribution from other ma-
chinery. This is why they achieved relatively lower accuracy.

Fig. 6. The visualisation of the sample of the object detection output for five investigated actions. Points represent the centre of the bounding box. Green points 
describe the centre of the objects on the dumper. Orange points describe the ones on the excavator. Pink points show the ones for the dozer. The points with bounding 
cycles describe the centre points of the bounding box for the entire machinery.
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Fig. 7. The confusion matrix of one test using the proposed method, where 
𝑇 = 3.

4.3.  Performance against state-of-the-art

Fig. 8 illustrates a comparative performance analysis of the pro-
posed methods along with four selected SOTA methods, with variations 
in the number of adjacent frames used in the RFGCN 𝑇 . The selected 
GraphSAGE-LSTM (Hamilton et al., 2017), GAT (Veličković et al., 2018), 
GCN (Kipf & Welling, 2017) and GIN-0 (Xu et al., 2019) methods used a 
single type of layer, while the proposed method uses two types of layers. 
Each of the five methods had a total of six layers. It can be observed that 
our method outperforms all SOTA for each number of used frames. Addi-
tionally, the performance of the proposed method improves steadily as 
the frame number increases. This observation suggests that this method 
effectively utilises additional temporal information for better classifica-
tion while mitigating overfitting problems when considering more fea-
tures. It should be noted that, as expected, the number of frames signifi-
cantly affects computational cost. During real-world deployments, there 
is a trade-off between classification accuracy and real-time performance. 
GraphSAGE-LSTM exhibits relatively close performance but its accuracy 
experiences significant fluctuations when the number of frames exceeds 
7. The proposed method, along with GraphSAGE-LSTM and GAT per-
forms relatively well when the number of frames is between 5 and 7, 

Fig. 8. Performance comparison of the proposed method with four selected 
state-of-the-art (SOTA) based on graph convolution networks and spatial-
temporal information. The x-axis represents the number of frames used, 𝑇 , in-
cluding the target frame. Each shown accuracy is the mean accuracy of ten 
practice results.

Fig. 9. The performance comparison of RFGCN for the scenario considering the 
cooperation machinery and the scenario without.

which suggests that a video clip with a duration of 0.5±0.7 s is the most 
appropriate for this classification task. Overall, GCN and GIN-0 achieved 
relatively lower performance in comparison to the other three methods 
in terms of both accuracy and stabilisation.

5.  Discussion

5.1.  Impact of cooperative machinery on classification accuracy

To demonstrate the additional contribution of cooperative machin-
ery to the classification, Fig. 9 plots the performance comparison of 
RFGCN between the proposed solution and the scenario where only the 
excavator is considered. For the scenario where the cooperative ma-
chinery is considered, the performance commences at a high accuracy 
of approximately 92%. Notably, this performance exhibits a stable and 
gradual increase with the incremental 𝑇 , illustrating the positive impact 
of incorporating a broader contextual perspective. Moreover, when the 
frame number increases, the proposed solution exhibited a smaller vari-
ation of accuracy for a specific 𝑇 . This observation suggests the proposed 
solution is more stable, and the trained model will be more repeatable 
when more temporal information is considered.

Conversely, the scenario featuring only the excavator achieves a 
much lower accuracy. It also exhibits more significant fluctuations 
across different values of 𝑇 , suggesting potential overfitting. Moreover, 
in general, it has relatively larger variations of accuracy for a specific 
𝑇 , indicating a relatively compromised performance in repeatability. 
One reason is that the loading activity usually requires a collaboration 
between an excavator and a dumper. Considering the additional infor-
mation from cooperative machinery could be beneficial to improve the 
overall accuracy.

5.2.  Performance against missing nodes

To demonstrate the robustness of the proposed method with miss-
ing nodes, we conducted six additional tests, individually omitting each 
node in the excavator while preserving the other 5 nodes in the test-
ing phase. Fig. 10 presents a compelling comparison with two selected 
SOTA methods, GraphSAGE-LSTM and GAT, where all three methods 
use 3 adjacent frames (𝑇 = 3).

The proposed algorithm, as visualised by the blue bars, exhibits re-
markable resilience across various scenarios, significantly outperform-
ing (> 10%) other methods in all cases, with the exception of the case 
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Fig. 10. A comparison of model performance with two SOTA methods when a 
certain node in the excavator is missing in the testing phase, where 𝑇 = 3 for all 
three methods.

where the ‘arm-bucket’ node is missing. This observation demonstrates 
the superior performance of the proposed method in terms of inferring 
activities from partial data. It should be noted that the accuracy reflects 
the importance of a certain node to classification. The scenario where 
the ªarm-bucketº node is missing achieves only an accuracy of 71.4%, 
while the other five scenarios obtained an accuracy of more than 84%. 
This observation suggests that the ªarm-bucketº node in the excavator 
is critical to determine the activity while the other 5 nodes are rela-
tively less important. When this important node is missing, the proposed 
method has a similar performance as GAT. Moreover, in general, GAT 
performs better than GraphSAGE-LSTM for all six tests.

5.3.  Influence of residual terms on model performance

To explore the impact of various graph residual terms on model per-
formance, we conducted a sensitivity analysis using four variations of 
graph neural network architectures. These residual connections are de-
signed to enable the flow of gradients during training, potentially im-
proving the learning process and enhancing model accuracy by miti-
gating issues such as the vanishing gradient problem. As illustrated by 
Fig. 11, the proposed model applies the residual terms from the input of 
the GAT layer to the output of the GAT layer. According to research by 
Zhang and Meng (2019), the residual terms can be carried out as ‘full 
naive’ and ‘full raw’. Naive residual terms involve connecting the input 
and output for each layer, assuming their independence and determina-
tion by the current state. Raw (top to all) residual terms are assumed 
to be independent and determined by the features of the first layer out-
put. We also conducted an experiment with Raw (all to end) residual 
terms, assuming their independence and determination by the output of 
all layers.

The experimental results are summarised in Table 1, where three ad-
jacent frames were used for all five configurations of residual terms. The 
proposed model, which integrates a specific design of residual connec-
tions, demonstrates top performance with an overall accuracy of 92.4%. 
This outcome not only confirms the efficacy of the proposed model but 
also highlights the value of a well-designed residual structure in graph 
neural networks. The performance differences between models employ-
ing various residual terms were not substantial, indicating that while the 
proposed model’s residual design is effective, other configurations also 
contribute positively to model performance. However, the experiment 
revealed a notable drop in accuracy to 90.6% when all residual connec-
tions were omitted. This significant decrease in performance empha-
sises the importance of residual connections in the architecture. Resid-
ual terms evidently play a pivotal role in stabilising and facilitating the 
training of deep neural networks, thereby contributing to the enhance-
ment of classification accuracy. This result highlights the importance of 

Table 1 
Performance comparison of different residual 
configurations.
    Residual configuration Accuracy (%) 
  Ours 92.4 
  Full Naive 91.8 
  Full Raw (Top to All) 92.2 
  Full Raw (All to End) 91.2 
  No Residual Terms 90.6 

Table 2 
Comparison of model complexity and inference cost for different 
architectures (same layers).
    Trainable 
  Model parameters FLOPs 
  GAT 6.84M 3.38M 
  GraphSAGE-LSTM 5.92M 10.36M 
  RFGCN (Ours) 5.78M 51.3M 
  YOLOv8m (for object detection) 25.9M 78.9B 

incorporating residual connections in the design of graph convolutional 
networks, particularly when dealing with complex spatio-temporal data.

5.4.  Ablation studies

To validate the contribution of each key component in the RFGCN 
framework, we conducted a series of ablation studies.

Residual Connections: As shown in Table 1, removing residual con-
nections led to a 1.8% drop in accuracy, highlighting their importance 
for stable training and deeper architecture effectiveness.

Fusion of GraphSAGE-LSTM and GAT Layers: Fig. 8 shows that 
the combined model consistently outperforms standalone GraphSAGE-
LSTM and GAT implementations, verifying the effectiveness of the dual-
layer design.

Cooperative Machinery Integration: As shown in Fig. 9, excluding 
cooperating machinery from the graph results in reduced accuracy and 
higher variability, demonstrating the value of inter-machinery connec-
tions in activity recognition.

Robustness to Missing Nodes: Fig. 10 demonstrates the model’s su-
perior performance when one key node is missing, compared with other 
models, confirming that RFGCN handles partial data robustly-an essen-
tial capability in real-world applications. 

5.5.  Practical considerations: computational efficiency

To assess the practical feasibility of deploying RFGCN in real-time 
construction environments, we analysed its computational efficiency. 
The model contains approximately 3.15 million trainable parameters, 
and a typical forward pass involving a graph of 31 nodes and 55 edges 
requires  51.1 million floating point operations (FLOPs) (based on input 
is a non-missing graph size, with 3 frames). As YOLOv8 is not the focus 
of our contribution, we have not included a detailed discussion of it in 
this section.

As shown in Table 2, RFGCN achieves a favorable trade-off be-
tween parameter size and inference cost compared to pure GAT and 
GraphSAGE-LSTM architectures. Despite using a residual fusion strat-
egy, RFGCN maintains a low parameter count (5.78M) and a mod-
est inference load (51.3M FLOPs), making it computationally efficient 
for real-time deployment. For the object detection phase, we employ 
YOLOv8m, which has a computational cost, approximately 25.9M pa-
rameters and 78.9 billion FLOPs per image, but remains one of the most 
optimised models for high-accuracy small object detection. Overall, the 
combined pipeline remains viable for real-time performance, especially 
when deployed on modern GPUs or edge devices capable of parallel 
processing of graph and image inference.
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Fig. 11. A comparison of the network structure of our proposed model with different graph residual terms.

5.6.  Performance on real-world datasets

This section presents the performance of the proposed framework on 
datasets from real construction scenarios. These datasets were collected 
from videos on YouTube. The dataset for the YOLOv8 model includes 
265 manually labeled images sampled from these videos. Data augmen-
tation was then applied through horizontal and vertical flips, as well as 
brightness adjustments ranging within ±25%. This resulted in a dataset 
comprising a total of 795 images. In each image, there is at least one 
excavator and up to 4 dumpers. The specific models of excavators and 
dumpers are not fixed. The ratio of the training set to the testing set is 
8:2. Roboflow was used as the image annotation tool, and the output is in 
the COCO format. Before resizing to 1 × 3 × 1920 × 1080, the original size 
of the images was 1 × 3 × 3840 × 2160. To demonstrate the result of the 
first step, the outputs of YOLOv8 on some testing images are presented 
in Fig. 12. Compared to the mini-construction dataset, the machinery 
in the real construction scenarios occupies a larger portion of the full 
image. However, the challenge of object recognition remains due to the 
varying appearances of the same type of machinery in complicated en-
vironment. For example, the topmost ‘boom-arm’ of the excavator in the 
first column of the third row is not recognised, and only one point on 
the tail of the excavator in the third column of the second row is recog-
nized. Therefore, the flexibility to tackle missing node in the proposed 
solution is especially important and helpful for read world data.

In the next step, we used the same process to generate a dataset 
of graphs using the trained YOLOv8 model. The dataset consists of 
3 videos, each containing 330 image sequences, totaling 990 frames. 
These 990 frames are grouped into graphs, with each graph consisting 

of three consecutive frames (𝑇 = 3). For each video, 328 graphs can be 
generated using a sliding windows with a window size of three consec-
utive frames, resulting in a total of 884 graphs. The ratio of the training 
set to the testing set is 8:2. The actions are categorised into five cate-
gories: idling, digging, lifting, swinging, and loading. Fig. 13 represents 
the normalised confusion matrix of the proposed model when applied 
to the testing dataset from real construction scenarios. Overall, the ac-
curacy for each class was above 90%, which demonstrates the effective-
ness of the proposed solution for real world data.

5.7.  Performance evaluation on public datasets

The proposed solution aims to excel not only in activity recogni-
tion based on spatial-temporal information but also spatial information 
only. To validate this hypnosis, we conducted a test using the proposed 
method on four well-known datasets. They consist of two social net-
work datasets (IMDB-M and IMDB-B) and two bioinformatics datasets 
(MUTAG and PTC), which are commonly used for evaluating graph clas-
sification algorithms. There are no node features in both social network 
datasets. Therefore, we followed the approach proposed by Niepert et al. 
(2016); Zhang et al. (2018), setting the node degrees as the features. De-
tailed descriptions of each dataset are provided below.

• The MUTAG (Kersting et al., 2016) dataset consists of 88 chemi-
cal compounds, each of which is represented as a graph where ver-
tices correspond to atoms and edges indicate the chemical bonds 
between them. Originally designed to assess the mutagenic effects 

Fig. 12. The visualisation of the object detection output on the testing dataset from real construction scenarios.
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Table 3 
Comparison of classification accuracy (%) with state-of-the-art methods.
    Model IMDB-B IMDB-M MUTAG PTC 
  GCN (Kipf & Welling, 2017) 73.30±5.29 51.20±5.13 87.20±5.11 ± 
  GAT (Veličković et al., 2018) 70.50±2.30 47.80±3.10 89.40±6.10 66.70±5.10 
  DGCNN (Zhang et al., 2018) 70.03±0.86 47.83±0.85 85.83±1.66 58.59±2.47 
  GraphSAGE (Hamilton et al., 2017) 72.40±3.60 49.90±5.00 79.80±13.9 ± 
  GIN-0 (Xu et al., 2019) 75.10±5.10 52.30±2.80 89.40±5.60 64.60±7.00 
  U2GNN (Nguyen et al., 2022) 77.04±3.45 53.60±3.53 89.97±3.65 69.63±3.60 
  CIN++ (Giusti et al., 2023) ± ± 94.4±3.7 ± 
  GIUNet (Amouzad et al., 2024) 79.0 52.6 94.7 85.7 
  ESA (Buterez et al., 2024) 96.9±1.3 48.7±1.1 ± ± 
  Ours 71.05±2.15 56.50±2.00 94.47±1.90 69.57±2.10 
Note: Standard deviation for GIUNet is not available.

Fig. 13. The confusion matrix of testing image sequences from real construction 
scenarios using the proposed method, where 𝑇 = 3.

of these compounds, the dataset have two class: mutagenic and non-
mutagenic.

• The IMDB (Yanardag & Vishwanathan, 2015) dataset includes two 
datasets: IMDB-B and IMDB-M. They serve as a benchmark for two-
class and multi-class graph classification tasks, respectively. Each 
dataset includes approximately 1000 graphs and 1500 graphs re-
spectively. Each graph in this dataset represents an ego-network 
of an actor or actress, with nodes representing the actors or ac-
tresses themselves. The edges between nodes are indicative of co-
appearances in movies. Each graph is derived from a pre-specified 
genre of movies. The graphs in the IMDB-B dataset are derived from 
the Action and Romance genres. The IMDB-M dataset is categorised 
into three distinct classes: Action, Comedy, and Drama. Node fea-
tures in this dataset may vary and include attributes such as actor 
popularity or average movie rating. Edge features, although not con-
sistent across all versions, generally represent the co-appearance of 
actors in the same movie.

• The Predictive Toxicology Challenge (PTC) (Toivonen et al., 2003) 
dataset is designed for binary graph classification and consists of 344 
graphs. Each graph represents a chemical compound, with nodes rep-
resenting atoms and edges denoting chemical bonds between them. 
The dataset is bifurcated into two classes: Carcinogenic and Non-
carcinogenic. Node features commonly include atom type, atomic 
number, and other relevant chemical properties. Similarly, edge fea-
tures often include the type of chemical bonds (single, double, or 
triple).

Table 3 presents the classification results of the proposed method 
along with seven state-of-the-art methods for the four selected public 

datasets. The proposed method achieved an accuracy of 56.50% ± 2.00

% for the IMDB-M dataset, outperforming all other methods. Simi-
larly, for the MUTAG dataset, our method attained an accuracy of 
94.47% ± 1.90%, matching or surpassing the best reported performances 
such as those achieved by GIUNet (94.7%) and U2GNN (89.97%). For 
the PTC dataset, our method achieved an accuracy of 69.57% ± 2.10%, 
which is very close to the top accuracy of 69.63% ± 3.60% reported by 
U2GNN. The performance on the IMDB-M dataset was also competi-
tive, achieving the highest accuracy among all tested methods. These 
results indicate that the proposed method has superior performance 
in graph-based classification tasks, demonstrating robustness across di-
verse datasets with varying graph structures.

6.  Conclusion

To address the challenge of the classification of excavator-involved 
activities, especially when the target parts are occluded or hard to de-
tect, this paper reports a robust Residual Fusion Graph Convolution Net-
work (RFGCN) based framework for inferring earth-moving activities 
from machinery keypoints extracted from videos. First, we introduced 
a Yolov8-based model to extract the location and type of machinery 
keypoints. To handle information on keypoint relationships within the 
same machinery or across machines at different times, we introduced the 
Residual Fusion Graph Convolution Network (RFGCN) model, which fo-
cuses on processing and aggregating keypoint attributes of action parts 
and the relationships between them. With such a robust model, spatial-
temporal information hidden in the keypoints can be learned, which 
enhances the accuracy of graph classification. Another key feature of 
this approach is that this approach is capable of effectively handling 
missing nodes or edges.

The main research findings include:
• The proposed RFGCN model effectively predicts the activity class of 
target machinery, even when nodes or edges are missing;

• An architecture with mixed graph convolution layers is a more ap-
propriate choice than one with a single type layer for this specific 
application;

• The inclusion of nodes and relationships with cooperating machinery 
can significantly improve classification accuracy;

• Effective utilisation of both spatial and temporal information in the 
architecture can significantly enhance the performance of activity 
classification.

It is important to note that the proposed solution has certain limita-
tions. As a computer vision-based method, it still heavily relies on high-
quality video data even it has a high robustness against missing data. A 
potential solution for future studies could involve the integration of data 
from other types of sensors. Furthermore, the current approach may not 
adequately adapt to new or previously unseen construction scenarios 
without retraining or fine-tuning. To enhance the model’s adaptability, 
future work could explore transfer learning or meta-learning strategies, 
which would allow the model to generalise more efficiently to new tasks 
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with minimal data requirements. Lastly, while the proposed method 
demonstrates robustness against partial data occlusion, it may still en-
counter challenges when faced with servere occlusions or very sparse 
data.

The precise classification of excavator actions promotes automation 
and digitisation within the construction sector. These advancements 
are crucial as they help establish safer, more efficient, and sustain-
able construction processes. By establishing a symbiotic relationship be-
tween the physical tasks of excavators and their digital counterparts, 
this research contributes to the foundation for intelligent construction
ecosystems.
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