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 A B S T R A C T

As the demand grows within the construction industry for processes that are not only faster but also safer and 
more efficient, offsite construction has emerged as a solution, though it brings new safety risks due to the close 
interaction between workers, machinery, and moving obstacles. Predicting the future trajectories of workers 
and taking into account social and environmental factors is a crucial step for developing collision-avoidance 
systems to mitigate such risks. Traditional methods often struggle to adapt to the dynamic and unpredictable 
nature of construction environments. Many rely on simplified assumptions or require hand-crafted features, 
limiting their ability to respond to complex interactions between workers and moving obstacles. While recent 
data-driven methods have improved the modeling of temporal patterns, they still face challenges in capturing 
long-term behavior and accounting for the spatial and social context crucial to collision risk assessment. 
To address these limitations, this paper proposes a comprehensive framework integrating YOLOv10n and 
DeepSORT for precise detection and tracking, alongside two novel trajectory prediction models: TrajGATFormer 
and TrajGATFormer-Obstacle. YOLOv10n serves as the backbone for object detection, reliably identifying 
workers and obstacles in diverse construction scenes, while DeepSORT efficiently tracks each detected entity 
over time, assigning unique IDs to maintain continuity across frames. The two predictive models leverage 
a transformer encoder–decoder architecture with Graph Attention Networks (GAT) to capture both temporal 
dependencies and spatial interactions. TrajGATFormer focuses on predicting worker trajectories, achieving an 
average displacement error (ADE) of 1.25 m and a final displacement error (FDE) of 2.35 m over a 4.8-second 
prediction horizon. TrajGATFormer-Obstacle extends this framework to handle both worker and obstacle 
predictions, achieving even higher accuracy, with an ADE of 1.03 m and an FDE of 2.06 m. Comparative 
analysis showed that both models outperformed traditional methods, reducing ADE and FDE by up to 35% 
and 38%, respectively. These models can serve as the backbone for constructing collision-avoidance alarm 
systems that can be installed at offsite construction facilities.
1. Introduction

The construction industry is considered as one of the major drivers 
of the global economy in the coming few years. According to a report 
by Oxford Economics, the global construction industry is projected to 
grow by 42% this decade, reaching 15.2 trillion USD compared to 
10.7 trillion USD in the previous decade [1]. Furthermore, total global 
spending on construction accounted for 13% of global GDP in 2020 and 
is projected to rise to 13.5% by 2030 [1]. Although the construction 
sector contributes significantly to economic growth, it is also one of 
the most hazardous industries. In 2020 alone, the construction industry 
in the United States was responsible for 1034 fatal injuries and more 
than 70,000 non-fatal injuries [2]. Between 2011 and 2021, more than 
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10,000 construction workers were killed on the job due to exposure 
to various hazardous situations, including (1) falls to lower levels, 
(2) being struck by objects, (3) electrocution, (4) caught-in/between 
incidents, and (5) other hazards [2]. According to OSHA, falls to lower 
levels, being struck by objects, electrocution, and caught-in/between 
incidents are classified as ‘‘Focus Four Hazards’’, whereas all other 
hazards are classified as ‘‘Non-Focus Four Hazards’’ [3]. Focus Four 
hazards are the primary cause of fatal injuries, accounting for up to 
65.5% of all fatal incidents, which corresponds to approximately 6900 
deaths. Similarly, from 2011 to 2020, Focus Four injuries accounted for 
over 40.4% of non-fatal injuries, totaling more than 315,000 incidents. 
Struck-by accidents accounted for more than 17% of fatal injuries, 
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accounting for 1700 injuries, and more than 20% non-fatal injuries, 
accounting for more than 167,000 injuries.

As a result, off-site construction emerges as a possible approach 
to improve worker safety. Off-site construction provides a faster, safer 
and more controlled working environment with improved quality con-
trol practices, and is less harmful to the environment compared to 
traditional on-site construction [4–7]. According to the Mackenzie 
report, off-site construction can reduce construction time by 50% and 
reduce cost in some projects by 20% [8]. However, off-site construc-
tion facilities are dynamic environments in which workers operate 
in congested areas and in close proximity to construction equipment 
such as lifting cranes and robotic machines, which can lead to unsafe 
situations [9]. Furthermore, the lack of positional awareness among 
workers when operating construction machinery can be attributed to 
abrupt movements and rotations of the machinery, obscured sight lines, 
and the noisy working environment [9]. Therefore, to mitigate such 
risks, the prediction of the worker’s trajectory, which can be defined as 
the prediction of future positions based on their previous observations 
and social and environmental interactions [10], plays a crucial role 
in providing essential information for the development of a struck-by 
alarm system that alerts workers when a potential hazard situation can 
occur [11,12].

Recent advances in trajectory prediction have introduced various 
approaches that range from traditional statistical models to sophis-
ticated machine learning techniques [10]. Traditional methods, like 
Kalman Filters (KF) [13], and Hidden Markov Models (HMMs) [14], 
rely on predefined assumptions and historical data, which often limit 
their adaptability in highly dynamic and unpredictable settings like 
construction sites [10]. More recently, data-driven approaches, such as 
Long Short-Term Memory (LSTM) networks [15], have become popular 
for their ability to capture temporal patterns in sequential data. LSTMs 
have shown promise in predicting worker movement by leveraging 
historical and contextual information, they still struggle in complex 
environments that require accurate long-term predictions [16].

Transformer models have gained attention for trajectory prediction 
due to their inherent capability to capture complex dependencies across 
long time-frames, without the limitations of traditional recurrent mod-
els [17,18]. While their initial success was demonstrated in natural 
language processing, their versatility has made them popular in vari-
ous domains, including trajectory prediction [19]. Additionally, Graph 
Attention Networks (GATs) have been applied to model spatial rela-
tionships between entities [20], making them well-suited for dynamic 
environments where interactions between workers and machinery are 
crucial. Combining transformers with GATs offers a comprehensive 
approach to trajectory prediction by accounting for both temporal and 
spatial interactions.

In this paper, we propose a trajectory prediction framework that 
includes two distinct models. The first model is designed specifically 
for predicting worker trajectories, while the second model extends this 
capability by incorporating both workers and moving obstacles. The 
framework begins by detecting and tracking objects using a surveillance 
camera, followed by preprocessing the acquired data. Each model 
employs a hybrid approach that combines Transformer networks and 
GATs. By leveraging the strengths of both architectures, the models 
effectively capture the spatial and temporal complexities of dynamic 
environments, ensuring more accurate trajectory predictions.

The paper is organized as follows: Section 2 reviews the literature 
and methods used for trajectory prediction. Section 3 introduces the 
proposed framework, proposed model architectures, and the implemen-
tation details. Section 4 discusses the datasets used. Section 5 presents 
the results of the proposed models along with different trajectory 
prediction methods. Section 6 provides a conclusion, and Section 7 
presents limitations of the proposed framework and suggests future 
direction.
2 
2. Related work

With the rapid development in the fields of computer vision and 
autonomous vehicles, trajectory prediction emerges as one of the fun-
damental challenges that need to be solved and studied [12]. There are 
two approaches to solving the problem of trajectory prediction.

The first approach is the knowledge-based approach [10], which is 
referred to by multiple names in the literature, for example physics-
based [21], expert-based [22], reasoning-based [23], or traditional 
approach [24]. In this approach, models need predefined rules or 
functions by humans that try to interpret or represent the physical, 
social, and physiological information of the target [10]. For exam-
ple, Constant-Velocity method, is considered as one of the simplest 
yet effective models for trajectory prediction [25]. This method as-
sumes that motion of vehicles/pedestrians continues without taking 
into consideration any other factors such as social interactions. Kalman 
Filtering (KF) [13] which was introduced in 1960, can be used to 
introduce uncertainty information to kinematic models [26]. For ex-
ample, Elnagar [27], proposed an algorithm to predict the trajectories 
of moving obstacles combining the KF and the constant acceleration 
model. However, one of the main disadvantages of these methods 
is the assumption of constant motion, which results in poor perfor-
mance when considering long term predictions (> 2𝑠) [26]. Hidden 
Markov Models (HMMs) are recognized as probabilistic models used 
for the analysis of sequential data [14]. These models operate under 
the assumption that the data follows a Markov process with states 
that are not directly observable. A model proposed by Ye et al. [28], 
used HMMs with two layers of hidden states for vehicle trajectory 
prediction. The authors used statistical methods to determine the HMM 
parameters. In the prediction phase, the authors introduced the Viterbi 
algorithm to solve the decoding of HMM and find the optimal sequence 
of hidden states. The social force model (SFM) proposed by Helbing 
and Molnar [29], was one of the pioneering works to model pedestrian 
interaction and inspired many researches to build on this concept. This 
approach describes that the movement of pedestrians is based on a 
social force that drives them to perform certain actions, in this case 
their movement.

The second approach is the data-driven approach, also known as 
supervised deep learning methods [10]. This approach is widely used 
in fields such as self-driving cars, robotics, and pedestrian trajectory 
prediction [10]. Unlike the knowledge-based approach, this method 
does not require manual definition of human behavior. Instead, it offers 
more flexible models capable of adapting to complex scenarios, al-
though it relies on large amounts of data for training [10]. An example 
of data-driven approach is Convolution Neural Networks (CNNs), which 
is a famous method used in computer vision problems such as image 
classification [30]. A model proposed by Nikhil and Morris [31], where 
they used a CNN-based model to predict the trajectories of pedestrians. 
They used a fully connected layer to embed the trajectories, followed 
by multiple layers of CNN that are used to extract the temporal infor-
mation. A fully connected layer was added to the end of the model 
architecture that takes the features from the CNN layers to generate 
future trajectories. However, this model did not consider social and 
spatial information for its prediction. To overcome this issue LSTM 
methods are introduced, which was used by many researchers in the 
application of trajectory prediction [10]. One of the pioneers in this 
field is the Social-LSTM model that was proposed by Alahi et al. [32]. 
The main break throw in his proposed method was the introduction of a 
social pooling layer that takes into account the influence of the nearby 
pedestrians. With the success of Social-LSTM, LSTM gained popularity 
among researchers to use it to solve trajectory prediction. Graph Neural 
Networks (GNNs) on the other hand have been used in various appli-
cations, such as road traffic prediction [33,34], text classification [35], 
and in machine translation [17,36,37]. In the domain of trajectory 
prediction, Social BiGAT which was proposed by Kosaraju et al. [38], 
Incorporated Graph Attention Networks (GATs) to enhance the ability 
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Table 1
A summary of trajectory prediction categories and their corresponding methods.
 Category Method Input Reference 
 
Knowledge-Based

Constant-Velocity Past trajectories [25]  
 Kalman filter Past trajectories and velocity [27]  
 Hidden Markov Models Vehicle past trajectories [28]  
 Social Force Model Past and neighbor trajectories [29]  
 
Data-driven

Convolutional Neural Networks Displacement volume [31]  
 Recurrent Neural Networks Past and neighbor trajectories [32]  
 Graph Neural Networks Past trajectories and scene information [38]  
 Transformer Networks Past trajectories [19]  
of the model to capture the social interactions between pedestrians, 
while the main model architecture uses GAN. However, their limita-
tion lies in the inability to capture temporal dependencies, which are 
essential for predicting movement over time [20]. Since Transformer 
Networks are capable of capturing long-range dependencies in sequen-
tial problems [18], it was utilized as a possible alternative. One of the 
pioneering works that introduced transformer networks to pedestrian 
trajectory prediction was the trajectory transformer (TF) by Giuliari 
et al. [19]. They used the same transformer encoder–decoder [17], 
which can predict future trajectories of multiple pedestrians at once 
and reported promising results compared to other trajectory predic-
tion models. However, their approach models each pedestrian without 
considering any social or scene interactions.

There are several studies that proposed trajectory predication meth-
ods in the construction industry. For example, a model was presented 
by Zhu et al. [39] that was designed to predict workers and moving 
equipment trajectories based on inputs from two video cameras. This 
model was designed by utilizing Kalman filters and relies on past tra-
jectories without taking into account other important information, such 
as the influence of other entities on each other. Wang et al. [40] used 
a deep region-based convolutional neural network (R-CNN) to detect 
and classify workers and construction equipment and then designed a 
CNN-based model for the prediction of the trajectory of these objects. 
Later, Cai et al. [12] proposed context-augmented LSTM model that 
predicts workers trajectories in dynamic construction sites by integrat-
ing individual movement with contextual information. However, one 
of the drawbacks that faced this model that they considered the final 
destination as a prior knowledge. Another models proposed by Yang 
et al. [11], proposed an environment-aware worker trajectory predic-
tion model in a modular construction site, using LSTM, and it takes 
into account the following: (1) worker movement, (2) worker-to-worker 
and (3) environment-to-worker interactions. However, these models 
did not consider the influence of dynamic obstacles but considered 
the use of stationary obstacles as a fixed coordinates. Recent studies 
have increasingly explored deep learning–based trajectory prediction 
tailored to construction environments. Notably, Heravi et al. [41] pro-
posed an activity-aware deep learning framework for 3D human motion 
trajectory prediction in construction settings, where worker activities 
are explicitly incorporated to enhance prediction accuracy. Their work 
demonstrates that integrating contextual and semantic information, 
such as task type and motion intent, can significantly improve motion 
forecasting performance in complex construction scenarios. From a 
site-context perspective, Duan et al. [42] proposed a risk-driven, block-
based worker trajectory prediction approach that quantifies safety risk 
across site blocks and trains a Transformer–LSTM model to predict the 
worker’s next block. In addition, Bao, Bu, and Rui [43] introduced 
a computer vision–based approach to recognize the spatial relevance 
between engineering vehicles and workers for monitoring struck-by 
accidents, supporting proactive safety monitoring in dynamic construc-
tion environments. See Table  1 for a summary of some of the trajectory 
prediction methods.
3 
3. Proposed framework

The proposed framework, illustrated in Fig.  1, includes four primary 
components: (1) Object Detection & Tracking, (2) Data Pre-processing, 
(3) Model Development, and (4) Model Evaluation. Firstly, in the 
Object Detection & Tracking phase, the YOLOv10n model is used to 
detect both workers and obstacle in the scene. Using the results from 
the YOLOv10n model, a DeepSORT algorithm is used to track workers 
and obstacle. In this study, the term ‘‘obstacle’’ is used from the worker-
trajectory modeling perspective to denote a dynamic non-worker entity 
that influences worker trajectories, and the moving panel is used as 
one example of such an obstacle in the experiments. Secondly, data 
pre-processing steps are implemented in order to modify the data to 
match the input format of the proposed model. Thirdly, the model 
development is introduced with the two proposed models. Fourthly, 
the model is evaluated using specific metrics. Each component will be 
explained in detail in the following sections.

3.1. Object detection and tracking

To automate the detection and tracking of workers and obstacle, 
the YOLOv10n model was trained on a real-world construction dataset. 
YOLOv10n is an object detection algorithm that was published by [44]. 
This model is commonly used in object detection applications as it 
provides a real-time, efficient, and accurate object detection [44]. 
YOLOv10 has many model types based on its size. In this paper, we used 
YOLOv10n, which is a smaller model with about 2.3 million param-
eters. In addition to using YOLOv10n, the DeepSORT algorithm [45] 
was utilized to add another parameter to the dataset, which is the 
tracking ID. DeepSORT uses a pre-trained feature extractor that was 
originally trained on large-scale pedestrian re-identification datasets. 
In this study, the model was used without retraining, and the results 
were checked manually to verify the outputs. This will help to prepare 
the data to match the input format.

3.2. Data pre-processing

In this step, the acquired data from step one is transformed into the 
following format:

[Frame number, Class, ID, 𝑝𝑜𝑠𝑥, 𝑝𝑜𝑠𝑦]
Where Frame number represent the current frame number, Class rep-
resents the class of the detected object (i.e. Worker or Obstacle), ID 
represents the ID of the current tracked object, 𝑝𝑜𝑠𝑥 represents the x-
coordinates for the tracked object, and 𝑝𝑜𝑠𝑦 represents the y-coordinates 
for the tracked object. The output from YOLOv10n (for object detec-
tion) and DeepSORT (for object tracking) provides object positions in 
terms of pixel coordinates in the image. However, for applications that 
require spatial reasoning or real-world measurements, it is crucial to 
convert these pixel coordinates to real-world coordinates.

The conversion from pixel coordinates to real-world coordinates 
is achieved by estimating a homography matrix using four known 
reference points in the scene. In this study, these reference points 
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Fig. 1. Overview of the proposed framework.
correspond to known real-world coordinates of panel corners within the 
facility, along with their associated pixel coordinates in the image. This 
approach assumes a planar workspace and a fixed camera viewpoint, 
which is representative of controlled off-site construction environments 
where workstations are typically flat and camera installations remain 
static. Prior to deployment, camera calibration can be performed using 
standard procedures, such as checkerboard-based calibration, to ensure 
accurate homography estimation [46]. The function cv2.getPerspec-
tiveTransform() in OpenCV is used to compute the homography matrix. 
Once the homography matrix is obtained, the pixel coordinates can be 
mapped to their corresponding real-world positions.

3.3. Model development

Inspired by the work of [18], the proposed model utilizes the 
transformer encoder–decoder architecture. The main components of 
transformer models include the Encoder, Decoder, Attention Mechanism,
Multi-head Attention, and Positional Encoding.

The primary function of the encoder is to encode the source inputs 
into representations that can later be decoded into meaningful target 
sequences. The encoder consists of 𝑁 identical layers (commonly 𝑁 =
6), each of which includes two main components: Multi-head Attention
and Fully Connected Feed-Forward Network (FFN). These components are 
connected by residual connections, which add the input of each layer to 
its output, helping to stabilize the training [17]. Layer normalization is 
then applied to the output of each sub-layer to ensure smooth gradient 
flow.

The decoder generates the target sequence by utilizing the repre-
sentations produced by the encoder. Its structure is similar to that 
of the encoder but includes an additional attention module. The first 
attention module processes the encoded information from the encoder, 
while the second attention module applies masking to the output 
embeddings, ensuring that the model attends only to previous tokens in 
the sequence. This masking helps preserve the autoregressive property 
of sequence generation, where the model generates one token at a time 
based on the preceding context.

In the attention modules, the attention mechanism is used to help 
the model focus on relevant parts of the input sequence. The attention 
scores are computed based on query (Q), key (K), and value (V) matrices 
using Eq.  (11). 

Attention(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾𝑇
√

)

𝑉 (1)

𝑑𝑘

4 
Here, 𝑑𝑘 represents the dimension of the key vector. The softmax 
function ensures that the attention scores are normalized into a prob-
ability distribution, allowing the model to weigh different parts of the 
input sequence appropriately.

To further enhance the model’s ability to focus on various aspects 
of the input, transformers employ multi-head attention, where multiple 
attention mechanisms run in parallel. Each head attends to different 
subspaces of the input, allowing the model to capture various aspects 
of the input sequence. The outputs from all attention heads are con-
catenated and passed through a linear transformation to integrate the 
information.

Since transformers do not have an inherent mechanism to process 
sequential order, positional encoding is added to the input embeddings 
to encode the position of each token in the sequence. The positional 
encoding function is defined by Eqs.  (2) and (3). 

𝑃𝐸(𝑝𝑜𝑠,2𝑖) = sin

(

𝑝𝑜𝑠

10000
2𝑖
𝑑

)

(2)

𝑃𝐸(𝑝𝑜𝑠,2𝑖+1) = cos

(

𝑝𝑜𝑠

10000
2𝑖+1
𝑑

)

(3)

Where 𝑝𝑜𝑠 is the position of the token in the sequence, 𝑖 is the di-
mension index, and 𝑑 is the model dimension. This encoding ensures 
that each token’s position is uniquely represented in the model’s input 
embeddings, allowing the transformer to incorporate the sequential 
nature of the data.

However, to better understand the relationships between workers, 
GAT [47], was implemented to model the social interactions between 
them. GAT is used on graph-based data, which uses self-attention to 
calculate the importance of each neighbor on the target node. GAT 
have two main components: (1) Nodes, and (2) Edges. where nodes 
can represent individual points in the data and the edges represent the 
relationship between the target node and its neighbor.

Now lets assume we have a graph 𝐺 = (𝑉 ,𝐸), where 𝑉 , 𝐸 repre-
sents the set of nodes (i.e. workers) and set of edges (i.e. Euclidean 
distance), respectively. Each node 𝑖 ∈ 𝑉  is associated with a feature 
vector ℎ̃𝑖 ∈ R𝐹 , where 𝐹  is the feature dimension. In this study, ℎ̃𝑖
represents the worker’s motion-state feature for node 𝑖, derived from 
the worker’s observed 2D trajectory coordinates (position information) 
after projection into the model feature space. The feature now are 
transformed into high level features, using linear transformation with 
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a learnable parameter matrix W, where 𝑊 ∈ R𝐹 ′×𝐹  and F’ is the new 
dimension after transformation see Eq.  (4). 
ℎ̃′𝑖 = 𝑊 ℎ̃𝑖, ℎ̃′𝑖 ∈ R𝐹 ′ (4)

The attention coefficient for the node pair (𝑖, 𝑗) at time step 𝑡 is 
computed using Eq.  (5). 

𝛼𝑡𝑖𝑗 =
exp(LeakyReLU(𝐚𝑇 [𝑊 𝐡𝑡𝑖 ∥ 𝑊 𝐡𝑡𝑗 ]))

∑

𝑘∈𝑖
exp(LeakyReLU(𝐚𝑇 [𝑊 𝐡𝑡𝑖 ∥ 𝑊 𝐡𝑡𝑘]))

(5)

Where 𝑎 ∈ R2𝐹 ′  is the weight vector of a single-layer feedforward 
neural network, ∥ denotes the concatenation operation, 𝑖 represents 
the neighbors of node 𝑖 on the graph, exp denotes the exponential 
function, and LeakyReLU is the Leaky Rectified Linear Unit activation 
function [48]. Finally, the output of a single GAT layer for a given node 
i at time t is defined by Eq.  (6). 

ℎ̂𝑖 = 𝜎
⎛

⎜

⎜

⎝

∑

𝑗∈𝑖

𝛼𝑖𝑗𝑊 ℎ̃′𝑗
⎞

⎟

⎟

⎠

(6)

Where 𝜎 represents a non-linear activation function and ℎ̃′𝑗 represents 
the transformed feature vector of node 𝑗.

In the form of trajectory prediction, for a given person or obstacle 
𝑖, we define the observed trajectory sequences as: 
𝑇obs = {𝑥(𝑖)𝑡 }0𝑡=−(𝑇obs−1) (7)

Where 𝑥(𝑖)𝑡 ∈ R2 represents the Cartesian coordinates (position) at time 
𝑡, and 𝑇obs is the number of observed time steps. Before feeding into the 
transformer, the 2D positions are projected into a higher-dimensional 
space 𝐷: 
𝑒(𝑖,𝑡)obs = 𝑥(𝑖)𝑡 𝑊𝑥 (8)

Where 𝑊𝑥 ∈ R2×𝐷 is a learned weight matrix, and 𝑒(𝑖,𝑡)obs ∈ R𝐷 is the 
transformed embedding of the observed position. Since Transformers 
do not have inherent order-awareness, a positional encoder is added to 
provide temporal context.

Each input embedding 𝑒(𝑖,𝑡)obs is timestamped as: 

𝜉(𝑖,𝑡)obs = 𝑃𝐸 + 𝑒(𝑖,𝑡)obs (9)

Where 𝑃𝐸 is the positional encoding vector of the same dimension 
𝐷. The positional encoding is defined in Eqs.  (2) and (3). Once the 
input embeddings are calculated for both workers and obstacles we 
get: 𝜉(𝑖,𝑡)worker,obs for worker input embeddings and 𝜉

(𝑖,𝑡)
obstacle,obs for obstacle 

input embeddings. Now for GAT model each agent 𝑖 at time 𝑡 has a 
corresponding node embedding 𝜉(𝑖,𝑡)worker,obs. The GAT computes a new 
representation for each node using self-attention over its neighbors. 
First, each node embedding is transformed using a learnable weight 
matrix using Eq.  (4). The importance of a neighboring node 𝑗 to node 
𝑖 is computed using Eq.  (5). The new node representation is computed 
as a weighted sum of its neighbors’ embeddings using Eq.  (6) and we 
get: 

ℎ̂𝑤𝑜𝑟𝑘𝑒𝑟,𝑖 = 𝜎
⎛

⎜

⎜

⎝

∑

𝑗∈𝑖

𝛼𝑖𝑗𝑊 ℎ̃′𝑗
⎞

⎟

⎟

⎠

(10)

Now for the input to the transformer encoder we have 𝜉(𝑖,𝑡)worker,obs as 
the input for the worker encoder. This input sequence is passed through 
𝐿 Transformer encoder layers. Within each layer, the self-attention 
mechanism computes queries (𝑄), (𝐾), and (𝑉 ) by multiplying the 
input sequence 𝜉(𝑖,𝑡)obs  with learned weight matrices 𝑊𝑄, 𝑊𝐾 , and 𝑊𝑉 , re-
spectively. The attention is computed using a scaled dot-product using 
Eq.  (1), and the results are weighted and aggregated through multi-
head attention. The attention output is normalized using a LayerNorm 
operation. The normalized output is then passed through a feedforward 
network, where it undergoes a non-linear transformation with ReLU 
activation. After processing, the layer output is again normalized. This 
5 
process is repeated through all layers of the encoder, resulting in the 
final encoded sequence. The final output of the Transformer worker 
encoder is denoted as ℎ̂(𝐿)worker,encoder, which represents motion dynamics 
learned solely from historical trajectory information. A similar process 
is applied to the obstacle encoder, resulting in ℎ̂(𝐿)obstacle,encoder. The final 
encoder output is shown in Eq.  (11). The addition of ℎ̂(𝐿)worker,encoder
and ℎ̂worker,𝑖 ensures that the same dimensions are used. The encoded 
sequence 𝐻encoded is passed as the input to the decoder. The decoder 
uses this encoded representation to generate the predicted future tra-
jectories. It is important to note that the proposed framework performs 
multi-agent trajectory prediction rather than single-agent prediction. 
At each inference step, the model jointly predicts future trajectories 
for all workers and moving obstacles present in the scene. Each agent 
(worker or obstacle) is treated as an independent entity with its own 
observed trajectory sequence, while interactions are captured through 
the GAT and shared latent representations. The decoder outputs a set 
of predicted trajectories simultaneously, enabling concurrent prediction 
of multiple workers and obstacles within a single forward pass. 

𝐻encoded = Concat
(

ℎ̂(𝐿)worker,encoder + ℎ̂worker,𝑖, ℎ̂
(𝐿)
obstacle,encoder

)

(11)

3.3.1. TrajGATFormer model
TrajGATFormer is designed to process worker trajectory informa-

tion. It will take the output from Eq.  (10) and add it to the output 
from the worker encoder ℎ̂(𝐿)worker,encoder. The results will be used as an 
input to the decoder. Fig.  2, shows overview of TrajGATFormer model 
architecture.

3.3.2. TrajGATFormer-obstacle model
Since TrajGATFormer did not incorporate the effect of moving 

obstacles on the workers trajectory prediction. It only encoded the past 
trajectories of workers and ignored a critical object that they normally 
work in proximity with. Therefore, to enhance the model’s ability to 
represent real-world scenarios on construction sites, the proposed ap-
proach integrates information about moving obstacles, specifically floor 
or roof panels, into the trajectory prediction framework. The core of the 
model remains inspired by TrajGATFormer; however, a significant mod-
ification is made by introducing a dedicated encoder to process obstacle 
information. The worker encoder and obstacle encoder do not share 
parameters and are trained to learn entity-specific temporal represen-
tations. Interaction between workers and obstacles is modeled at the 
latent level by concatenating the encoded obstacle representations with 
the worker representations augmented by the GAT-based interaction 
features. Specifically, the final worker encoder output is combined with 
the GAT output and concatenated with the obstacle encoder output to 
form a shared latent representation 𝐻encoded, which is then provided 
to a single decoder. This design allows the model to preserve indepen-
dent feature extraction for workers and obstacles while enabling joint 
reasoning over their interactions during trajectory prediction. In the 
current architecture, the GAT is used to model worker-worker interac-
tions only, while obstacle trajectories are encoded separately and fused 
at the latent level. This design preserves entity-specific temporal feature 
learning and avoids a more complex heterogeneous graph formulation 
(with node/edge-type definitions and additional parameters), which 
was not adopted given the limited size of the available obstacle-motion 
data. Fig.  3, shows overview of TrajGATFormer-Obstacle worker model 
architecture.

3.4. Model evaluation

In this section, baseline models and the evaluation metrics are 
discussed.
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Fig. 2. Overview of our TrajGATFormer worker trajectory prediction model.
Fig. 3. Overview of our TrajGATFormer-Obstacle worker and obstacle trajectory prediction model.
3.4.1. Baseline models
In this paper different models were used to compare the perfor-

mance of our model. The first model is Social-LSTM which was pro-
posed by Alahi et al. [32]. The second model Social-GAN which was 
proposed Gupta et al. [49]. The third and forth models are EA-Distance 
and EA-Direction proposed by Yang et al. [11]. The proposed model 
is used for worker trajectory prediction in a modular construction 
site, using LSTM, and it takes into account the following: (1) worker 
movement, (2) worker-to-worker and (3) environment-to-worker inter-
actions. Using these models we can see whether TrajGATFormer is able 
to outperform them or not.

3.4.2. Evaluation metrics
The evaluation metrics used in this paper are: (1) Average Dis-

placement Error (ADE) and (2) final displacement error (FDE). ADE is 
defined as the mean square error between all the predicted trajectories 
and the corresponding ground-truths and can be calculated using Eq. 
(12). 

ADE =

∑𝑁
𝑖=1

∑𝑇pred
𝑡=𝑇obs+1

‖

‖

‖

(𝑥̂𝑡𝑖, 𝑦̂
𝑡
𝑖) − (𝑥𝑡𝑖, 𝑦

𝑡
𝑖)
‖

‖

‖ (12)

𝑁 × (𝑇pred − 𝑇obs − 1)
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Where 𝑁 represents the number of workers or obstacle, 𝑇pred denote 
the predicted coordinates of workers or obstacle 𝑖 at the time instant t, 
(𝑥̂𝑡𝑖, 𝑦̂

𝑡
𝑖) denotes the predicted coordinates, (𝑥𝑡𝑖, 𝑦𝑡𝑖) denote the correspond-

ing ground-truth coordinates, and ‖ ⋅ ‖ is the Euclidean distance. FDE 
can be defined as the mean square error between the last coordinates 
of the predicted trajectories and the corresponding ground-truth and 
can be calculated using Eq.  (13). The units of both ADE and FDE are 
in meters as they use real-world coordinates. 

FDE =

∑𝑁
𝑖=1

‖

‖

‖

‖

(

𝑥̂
(𝑇pred)
𝑖 , 𝑦̂

(𝑇pred)
𝑖

)

−
(

𝑥
(𝑇pred)
𝑖 , 𝑦

(𝑇pred)
𝑖

)

‖

‖

‖

‖

𝑁
(13)

ADE and FDE are used in this work because they are widely adopted 
standard metrics in trajectory prediction and enable fair comparison 
with prior studies. ADE measures the average error over the predic-
tion horizon, while FDE captures the final-position error, which is 
particularly relevant for safety-oriented forecasting. These two metrics 
have been extensively reported in prior work on pedestrian/agent 
trajectory prediction, including Social-LSTM [32], Social-GAN [49], 
Transformer-based trajectory models [19], and AgentFormer [50].
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Table 2
TrajGATFormer model parameters.
 Model parameter Value 
 Worker Encoder Layers 1  
 Decoder Layers 1  
 𝑑model 512  
 Attention Heads 8  
 Worker 𝑑𝑘 256  
 Dropout 0.1  

3.5. Implementation details

The implementation details of the proposed framework will be 
explained separately for Object detection and tracking, TrajGATFormer, 
and TrajGATFormer-Obstacle. However, the same hardware were used 
for training all of them. The hardware used for training is NVIDIA RTX 
3060 GPU with 12 GB of memory, an AMD Ryzen 9 5900 12-Core 
Processor at 3.00 GHz, and 32 GB of RAM. The datasets used were 
split into three subsets, with a split of 70%, 20%, and 10% for training, 
validation, and testing, respectively.

First, object detection for both workers and obstacles was performed 
using the YOLOv10n model. Manual annotation was conducted only to 
create ground-truth labels for detector training and was not required 
during inference. A total of 2163 frames were manually annotated and 
expanded to 9288 training samples through data augmentation tech-
niques, including brightness adjustment (−10% to +10%), horizontal 
flipping, and vertical flipping. This model was trained for 400 epochs, 
batch size of 4, image size of 640 pixels, and Adam optimizer.

Second, the TrajGATFormer worker trajectory prediction model. A 
summary of the model hyper-parameters is shown in Table  2. Regarding 
the 𝑑model, its value follows the proposed value in [17], which is 
512. However, for the Worker 𝑑𝑘 value is 256, as proposed in several 
papers [50].

The loss function used in the model is the L2 loss between the 
(𝑥pred, 𝑦pred) coordinates predicted by the model and the real (𝑥real, 𝑦real)
coordinates. Table  3 contains the optimizer parameters. The Adam 
optimizer was chosen for this model with 4000 warm-up steps for the 
learning rate; after that, it starts to decay. The learning rate equation 
used in the proposed model is as follows: 

Learning Rate = factor× 1
√

𝑑model
×min

(

1
√

step number
,
step number

warmup steps1.5
)

(14)

Similarly to what was proposed in [17], 𝛽1 and 𝛽2 are 0.9 and 0.98, 
respectively as values for the optimizer. The training of the models was 
done in 600 epochs and the batch size used is 4, as the GPU runs out 
of memory if the batch size is increased. A summary of TrajGATFormer 
and TrajGATFormer-Obstacle optimizer parameters is shown in Table 
3.

Transfer learning was investigated to see whether it improves the 
performance of the model or not. Two models were produced sharing 
the same model architecture and vary by training process. The first 
model was initially trained using the ETH dataset, in order to initialize 
the parameter weights, resulting in a base model. Then retrained using 
the construction dataset. The second model was trained using only 
the construction dataset without applying transfer learning. The first 
model will use the trained parameters of the base model to initialize 
its weights; no weight randomization is needed.

Third, the TrajGATFormer-Obstacle worker and obstacle trajectory 
prediction model. A summary of the model parameters used is shown 
in Table  4. The training of the models was done in 600 epochs, and the 
batch size used is 3 for workers and 1 for panels. For the observation 
and prediction window, it is commonly used in the literature to use an 
observation length of 8 frames and predict the future 12 frames.
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Table 3
Proposed models (TrajGATFormer and TrajGATFormer-Obstacle) optimizer 
parameters.
 Optimizer parameter Base model Proposed models 
 Optimizer Adam Adam  
 Initial Learning Rate 0 0  
 Learning Rate Warm-up Steps 4000 4000  
 Scaling Factor 1 1  
 𝛽1 0.9 0.9  
 𝛽2 0.98 0.98  
 𝜖 1 × 10−9 1 × 10−9  
 Batch Size 32 4  

Table 4
TrajGATFormer-Obstacle model parameters.
 Model parameter Value 
 Worker Encoder Layers 1  
 Panel Encoder Layers 1  
 Decoder Layers 1  
 𝑑model 512  
 Attention Heads 8  
 Worker 𝑑𝑘 256  
 Dropout 0.1  

4. Datasets

In this paper, two datasets namely ETH and construction datasets 
were used. Each dataset is split into three subsets, training, validation, 
and testing in an 80/10/10 split. The first dataset described in the 
following section will be used to train a base model to initialize the 
model weights. Then a new construction dataset is created to be used 
to fine-tune the base model using transfer learning.

4.1. ETH dataset

The name ‘‘ETH’’ was derived from ETH Zurich [51], this dataset 
contains two scenes in a birds eye view of RGB cameras that are usually 
used for surveillance purposes: (1) Eth; and (2) Hotel. ETH scene was 
taken from the top of the ETH main building and the annotation was 
done at 2.5 frames per second (fps), which means that one frame is 
annotated every 0.4 s. This part consists of a total of 365 different 
pedestrian trajectories. For Hotel, the scene was taken from the 4th 
floor of a hotel in Bahanhofstr in Zurich and the video was taken at 
a 25 fps but the annotation was done at 2.5 fps for consistency. The 
image resolution of both datasets is 640 × 640 pixels.

4.2. Construction dataset

The second dataset used in this paper is a real-world construction 
dataset. The scenes were taken from a surveillance camera inside an 
off-site construction facility in Edmonton, Alberta. The construction 
dataset was temporally downsampled to 2.5 fps during preprocessing 
to match the ETH dataset, resulting in a prediction setup of 8 observed 
frames and 12 predicted frames corresponding to a 4.8-second predic-
tion horizon. During training phases, the construction dataset is used, 
which contains two scenes from the same work station but working 
on different parts. In the first scene, 1907 frames were annotated with 
up to 3 workers and 1 moving obstacle. In the second scene, 409 
frames were annotated with up to 3 workers and 1 moving obstacle. 
The first scene was used to train and test TrajGATFormer, and the 
second scene is used in addition to the first scene to train and test 
TrajGATFormer-Obstacle. As the first scene was focused mainly on 
the workers’ movement in the factory, which is the focus of TrajGAT-
Former, and the second scene we tried to focus more on video portions 
where the obstacle is actually moving to add more data for the model 
to learn.
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Fig. 4. Statistical analysis of the construction dataset.
4.3. Statistical analysis

To better understand the proposed construction dataset, a statisti-
cal analysis of the recorded trajectories is presented. This analysis is 
performed on scene 1 from the construction dataset. To analyze the 
dataset two factors were considered: (1) Workers mean walking speed, 
and (2) workers stop fraction. The mean walking speed of a trajectory 
is calculated by averaging the speed between consecutive points. The 
speed between two consecutive points is given by the Euclidean dis-
tance between those points, multiplied by fps. For a trajectory with 𝑛
points, the mean speed can be calculated as follows:

𝑣mean = 1
𝑛 − 1

𝑛−1
∑

𝑖=1
‖𝐩𝑖+1 − 𝐩𝑖‖ ⋅ fps

Where 𝑣mean is the mean speed, 𝐩𝑖 is the position of the 𝑖th point in 
the trajectory, 𝑓rate is the frame rate (frames per second), ‖𝐩𝑖+1 −𝐩𝑖‖ is 
the Euclidean distance between consecutive points. The stop fraction is 
the proportion of the total time during which the speed is considered 
low and the worker is deemed as stopped. To categorize whether 
the person is stopped researches considered using thresholds as seen 
in [52], where the author used a threshold of 0.5 m/s for walking 
pedestrians. However, this might not be the case for walking workers 
in an offsite construction facility as they normally work in a set of 
working stations, which might reduce the overall walking speed and 
consonantly the stopping threshold. Therefore, we decided to use a bit 
lower threshold than pedestrians and used a threshold of 0.4 m/s. The 
stop fraction is calculated as:

Stop Fraction =
∑𝑛−1

𝑖=1 1(‖𝐩𝑖+1 − 𝐩𝑖‖ ⋅ fps < thresh)
𝑛 − 1

Wher:
- 1(⋅) is the indicator function that is 1 if the condition inside is true 

(speed is below the stop threshold), and 0 otherwise.
- thresh is the threshold speed below which the worker is considered 

to have stopped.
As we can see from Fig.  4, the workers mean walking speed is 

plotted on (a) and the workers stop fraction is plotted on (b). From this 
figure assuming a threshold of 0.4 m/s worker 1 and 2 are mostly not 
moving during the recorded period. While worker 3 has been actively 
walking with a mean walking speed of 0.93 m/s. This is shown in the 
stop fraction figure, where workers 1 and 2 are considered stopped for 
more than 70% of the time, while worker 3 is considered stopped for 
around 59% of the time. Despite these results, it actively mirrors the 
real-world scenario where the workers are spending most of their time 
working in the working station.
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5. Results and discussion

The results of the proposed TrajGATFormer and TrajGATFormer-
Obstacle worker and/or obstacle trajectory prediction models are pre-
sented in this section.

5.1. Object detection and tracking results

The detection model was able to achieve high detection results. The 
results are 99.39% for precision, 99.4% for recall, 93.7% for mean 
Average Precision (mAP), and 99.4% for mean Average Precision at 
50 (mAP50). For training, their are three training losses that was mon-
itored: (1) Box loss, (2) Class loss, and (3) DFL loss. Despite the high 
performance of the detection model, the model faces challenges when 
exposed to drastically different environment. There are some reasons 
that can justify this, as when applied to different working environment 
several factors change, such as lighting, recording equipment, camera 
location.

5.2. Training results of TrajGATFormer and TrajGATFormer-obstacle

The training results of TrajGATFormer with transfer learning show 
that the model in the early epoch exhibits an over-fitting signs; how-
ever, after letting the model train for more epochs the model per-
formance improved. The comparison between TrajGATFormer with 
transfer learning and without transfer learning is shown in Fig.  5. 
It can be seen from the figure that training with transfer learning 
starts with a lower training loss compared to TrajGATFormer trained 
without transfer learning. However, TrajGATFormer trained without 
transfer learning was able to converge very fast within a few epochs 
and followed the training loss of the other model. From this figure, we 
can see that the model with transfer learning resulted in overall lower 
training error.

In TrajGATFormer-Obstacle, transfer learning was applied to the 
worker encoder by reusing pretrained weights from TrajGATFormer. 
The obstacle encoder was trained from scratch, as it represents a 
newly introduced module with different input characteristics and no 
pretrained counterpart’’.

5.3. Performance evaluation of TrajGATFormer and TrajGATFormer-
obstacle

The performance of the proposed models is evaluated against the 
baseline methods using identical experimental settings. All models 
use the same detection, tracking, and preprocessing pipeline based 
on YOLOv10n and DeepSORT, ensuring consistent trajectory inputs 
across methods. The observation window is fixed at 8 frames, and the 
prediction horizon is 12 frames. Training is conducted for 600 epochs 



M. Alduais et al. Advanced Engineering Informatics 73 (2026) 104583 
Fig. 5. Training loss curves comparison between training with transfer learning and without for TrajGATFormer.
with a batch size of 4. This setup ensures that performance differences 
arise from the trajectory prediction models themselves rather than 
variations in data preprocessing.

Table  5, shows a summary of the worker trajectory results from all 
models. While Table  6, shows the trajectory predictions of the moving 
obstacle in our case a moving panel. The presented results showed that 
TrajGATFormer outperformed all baseline models with an improvement 
percentage range of approximately [27% – 31%] for ADE and a range 
of approximately [26% – 29%] for FDE. However, TrajGATFormer-
Obstacle results showed a significant improvement compared to base-
line models, up to more than 40% improvement in ADE and 38% in 
FDE compared to LSTM. In addition, when comparing TrajGATFormer-
Obstacle and TrajGATFormer, the results showed an improvement. 
TrajGATFormer-Obstacle has an ADE of 1.03, while TrajGATFormer has 
an ADE of 1.25. This represents an improvement of about 17.6% in 
TrajGATFormer-Obstacle, which means it is more accurate in predicting 
the overall trajectory. TrajGATFormer-Obstacle has an FDE of 2.06, 
compared to 2.35 for TrajGATFormer. This results in an improvement 
of around 12.34% in terms of the accuracy of the final prediction. 
To further assess the model’s capacity to generalize beyond the ex-
act training trajectories, we conducted additional experiments using 
trajectory-level data augmentation that introduce spatial perturbations, 
scaling, and rotation while preserving interaction structure. When re-
trained using the augmented dataset, the model achieved improved 
performance (ADE = 1.31, FDE = 1.40), demonstrating stable behavior 
and improved robustness under increased trajectory variability. The 
comparison between the original and augmented training results in-
dicates that the model does not collapse or degrade when exposed 
to distributional variation, suggesting that it does not rely on mem-
orization of specific scene geometry or motion patterns. Instead, the 
performance gains observed in both settings support the claim that 
the proposed framework learns transferable representations of motion 
and interaction. While broader validation on multi-site datasets would 
further strengthen empirical generalization claims, the consistency of 
performance improvements across both original and augmented train-
ing setups provides evidence that the proposed framework has the 
capacity to generalize and should be interpreted as a scalable proof 
of concept rather than a scene-specific solution. Despite the overall 
performance gains, Table  6 shows that obstacle trajectory prediction 
remains less accurate than worker prediction. This performance gap 
does not indicate a bias of the model toward worker trajectories, as 
worker and obstacle motions are encoded independently using two 
dedicated transformer encoders. As defined in Eq. (11), the obstacle 
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Table 5
Results for worker trajectories.
 Model name ADE FDE  
 LSTM 1.753 3.332 
 SGAN 1.767 3.343 
 EA-Distance 1.825 3.349 
 EA-Direction 1.734 3.201 
 TrajGATFormer 1.250 2.350 
 TrajGATFormer-Obstacle 1.030 2.060 

Table 6
Results for panel trajectories.
 Model name ADE FDE  
 TrajGATFormer-Obstacle 1.630 3.790 

encoder output ℎ̂(𝐿)obstacle,encoder is concatenated with the worker rep-
resentation to form the shared latent representation passed to the 
decoder, allowing joint prediction while preserving modality-specific 
features. The lower accuracy for panel prediction is primarily attributed 
to data-related factors rather than architectural limitations, including 
the smaller number of obstacle motion instances and the intermittent, 
stop–and–go movement patterns of panels compared to workers.

Fig.  6, compares the predicted trajectories between TrajGATFormer 
and TrajGATFormer-Obstacle. The predicted trajectories are shown 
for the same set of frames (i.e., they share the same frame for each 
trajectory prediction point). The results showed improvement for all 
workers. However, it showed that the TrajGATFormer-Obstacle results 
follow the general direction of the ground-truth but have shorter tra-
jectories. This can be seen in the trajectories of the worker on the 
left side. Fig.  7, shows a comparison between a prediction made by 
TrajGATFormer for a time stamp and the corresponding ground-truth 
trajectories for long trajectories with trajectories in the form of real-
world coordinates. The results demonstrate that the model effectively 
captures the general movement patterns of workers, even in instances 
of irregular motion, such as the worker on the left side. However, in 
some cases, the predicted trajectory lengths deviate from the ground-
truth. This discrepancy may stem from the dataset’s inherent structure. 
Unlike pedestrians, workers exhibit distinct movement patterns, often 
pausing for extended periods to complete tasks before proceeding to 
their next location.

Furthermore, Fig.  7 illustrates the actual trajectories of three work-
ers and one moving panel, along with their predicted trajectories and 
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Fig. 6. Comparison of single-sample trajectory prediction results produced by TrajGATFormer and TrajGATFormer-Obstacle.
their corresponding real-world coordinates. The overall performance of 
TrajGATFormer-Obstacle is better compared to TrajGATFormer. How-
ever, the model still suffers from long trajectories, as seen in Fig.  8. 
It is clear that the model can predict the direction of the movement 
accurately, but it cannot predict the full length of the ground truth, 
as shown in the trajectories of workers in the middle and right sides. 
In addition, the model still suffers from the sudden or sharp turns of 
the workers, as shown in the trajectory of the worker on the left side. 
For the panel trajectory, the model can slightly follow the length and 
direction of long step movements. However, the trajectories are much 
worse than those of the workers, as shown in Table  6. For panels, the 
poor performance can be explained by the limited annotated data that 
includes moving objects. However, when checking the performance 
of the models for short step movements, the models were able to 
accurately predict the direction and length of the trajectories as shown 
in Fig.  9. In addition, the trajectory of the worker in Fig.  10 shows 
that the ground truth trajectory has a sudden turn, which caused 
the poor performance of the predicted trajectory, even though in the 
10 
earlier steps, the predicted trajectories follow the ground truth until 
the sudden turn.

6. Conclusions

In conclusion, to mitigate hazards in offsite construction where 
workers operate in crowded environments with both static and dy-
namic obstacles, accurate trajectory prediction is essential for devel-
oping effective struck-by alarm systems. Traditional approaches have 
largely overlooked the dynamic nature of obstacles, limiting their 
ability to capture workers movements. In response, this paper proposes 
two trajectory prediction models, TrajGATFormer and TrajGATFormer-
Obstacle. The first part of the work focused on the development of 
TrajGATFormer, which demonstrated improved prediction of worker 
trajectories using transformer-based layers and GATs. This model ef-
fectively captured the temporal and spatial dependencies of worker 
movements, significantly reducing prediction errors compared to tradi-
tional models. TrajGATFormer achieved a reduction in ADE by 27.92% 
to 31.51% and FDE by 26.57% to 29.84% compared to models like 
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Fig. 7. Comparison between a TrajGATFormer prediction at a representative timestamp and the corresponding ground-truth long trajectories.
LSTM and SGAN. The second part extended the initial framework to 
include both workers and obstacles with TrajGATFormer-Obstacle. By 
incorporating an additional transformer encoder for obstacle tracking, 
this model further improved accuracy in predicting interactions be-
tween workers and dynamic objects. TrajGATFormer-Obstacle achieved 
a reduction in ADE by 17.6% and FDE by 12.34% compared to Traj-
GATFormer. While the model demonstrates significant improvements 
in handling short-term trajectories, performance declines for long tra-
jectories and abrupt movement changes, highlighting the need for more 
diverse training data and adaptive learning strategies. Future work 
should focus on addressing these challenges to further refine prediction 
accuracy and robustness in complex construction scenarios.

7. Limitations and future direction

This research, while successful in developing an advanced frame-
work for trajectory prediction, faced several limitations that provide 
11 
avenues for future improvement. First, the dataset used for model train-
ing was limited in both scope and diversity, particularly with regard 
to obstacles types, worker interactions, and the working environment. 
This constraint may impact the model’s performance when deployed 
in highly varied or complex scenarios, where prediction accuracy for 
rare or complex interactions is essential. Second, while the models 
performed exceptionally well in short-term trajectory prediction, their 
predictive accuracy decreases in long-term scenarios or when workers 
exhibit sudden, unpredictable changes in movement or prolonged inac-
tivity. Third, the framework relies on single-camera tracking, which is 
vulnerable to occlusions and ID switches in multi-worker scenes. Such 
issues were observed during experiments and may propagate errors into 
trajectory prediction.

To build on the advancements made in this research, several promis-
ing directions for future work are identified. First, expanding data 
collection efforts to cover a wider range of construction sites, obsta-
cle types (e.g., forklifts, cranes, handcarts), and interaction scenarios 
would significantly improve the adaptability of the model in different 
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Fig. 8. Comparison between a TrajGATFormer-Obstacles prediction at a representative timestamp and the corresponding ground-truth long trajectories.
environments, especially when dealing with unusual but high-risk inter-
actions. Second, implementing the framework on live construction sites 
would provide valuable practical insights and allow real-world test-
ing of the performance, robustness, and responsiveness of the model, 
particularly when faced with real-time constraints and hardware lim-
itations. Another important future direction is the integration of the 
trajectory prediction framework with safety-oriented risk assessment 
modules. In such extensions, predicted worker and obstacle trajectories 
could be combined with rule-based or learning-based mechanisms to 
generate collision warnings or safety alerts using metrics such as prox-
imity thresholds, time-to-collision, or probabilistic risk scores, enabling 
proactive safety interventions. In addition, the prediction model can be 
strengthened by incorporating construction-specific contextual inputs, 
such as distance-to-obstacle features, destination (goal) intent, and 
hazard-zone awareness, to produce trajectories that better reflect site 
constraints and safety-critical interactions. Furthermore, multi-modal 
prediction can be explored to generate multiple plausible future paths, 
which is particularly important when worker motion is inherently 
12 
ambiguous and several feasible routes exist around obstacles or hazard 
zones.
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Fig. 10. Predicted vs. ground-truth short trajectories for TrajGATFormer-Obstacles.
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