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Abstract: The safety of workers in modular construction remains a concern due to the dynamic haz-
ardous work environments and unawareness of the potential proximity of equipment. To avoid
potential contact collisions and to provide a safe workplace, workers’ trajectory prediction is re-
quired. With recent technology advancements, the study in the area of trajectory prediction has
benefited from various data-driven approaches. However, existing data-driven approaches are
mostly limited to considering only the movement information of workers in the workplace, result-
ing in poor estimation accuracy. In this study, we propose an environment-aware worker trajectory
prediction framework based on long short-term memory (LSTM) network to not only take the indi-
vidual movement into account but also the surrounding information to fully exploit the context in
the modular construction facilities. By incorporating worker-to-worker interactions as well as
environment-to-worker interactions into our prediction model, a sequence of the worker’s future
positions can be predicted. Extensive numerical tests on synthetic as well as modular construction
datasets show the improved prediction performance of the proposed approach in comparison to
several state-of-the-art alternatives. This study offers a systematic and flexible framework to incor-
porate rich contextual information into the prediction model in modular construction. The observa-
tion of how to integrate construction data analytics into a single framework could be inspiring for
further future research to support robust construction safety practices.

Keywords: safe workplace; trajectory prediction; interactions; long short-term memory; modular
construction; data-driven approaches

1. Introduction

By building the infrastructure and production facilities, construction contributes to a
considerable proportion of the national socio-economic development, offering tons of em-
ployment opportunities for worldwide people [1]. In recent years, modular construction
has become popular because it shifts numerous building activities to factories with off-
site, manufacturing-style operations. Modular construction is usually remarked as a safer
workplace than traditional construction sites, where the latter reported 2.7 million nonfa-
tal injuries and illnesses in 2020 [2]. However, indoor modular construction has its own
challenges in terms of safety risks due to its compact working environment [3]. First, mod-
ular construction facilities are often very crowded and full of different safety hazards. This
leads to increased risks of contact collisions and even life-threatening accidents. In addi-
tion, due to the limited working space, the frequent interaction between workers and haz-
ards becomes a factor that cannot be ignored [4].
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Among various factors that directly and indirectly contribute to fatalities and injuries
in modular construction, contact collision, resulting from the proximity of construction
resources (i.e., workers, equipment, and materials), is one of the most apparent aspects
[5,6]. Due to a lack of proper object coordination and solid planning,the congested
modular construction gives rise to potential hazardous contact collisions and even life-
threatening scenarios. Figure 1 illustrates the potential hazard in a modular construction
facility. In this context, it is critical to monitor the worker's position in a timely manner and
provide a warning to the involved workers before any potential stuck-by accident occurs.

Figure 1. Potential hazard in a modular construction facility. The board in the red bounding box is
guided in the direction of the red arrow, while the worker in the green bounding box is moving in the
direction of the green arrow. Life-threatening contact collision may occur when the worker in the red
bounding box is focusing on their allocated task and fails to recognize the proximity of the moving roof.

Recently, motivated by the remarkable performance of artificial intelligence across
diverseapplication domains [7-14], more and more works have focused on developing
data-driven neural network (NN) solutions to predict workers’ position. Existing work
makes an effort to obtain accurate predictions by considering the goal intent of workers,
body joint angles, social relations, social rules, and norms in the fields of construction and
computer vision. Although it has achieved great success, these approaches are not well
suited for predicting the entity trajectory in a complicated modular construction facility
as they lack adequate exploitation of environment information.

Aiming at accurately predicting the position of workers in modular factories, this
paper provides a trajectory prediction method to incorporate prior knowledge of the en-
vironment into the prediction.

Specifically, an environment-aware trajectory prediction framework for modular
construction workers by explicitly considering workers’ movements as well as the sur-
rounding contextual information is proposed. Every worker movement is represented by
an LSTM model with a novel pooling layer that captures the spatial relationship with
nearby workers (e.g., the relative distance), as well as the environment entities (e.g., the
relative distance and/or direction) between the worker and surrounding objects that
spread all over the facilities. In this study, we only consider the scenario where the object
is stationary with no moving parts. Therefore, the spatial position of the stationary objects
used in the pooling layer is regarded as prior information. To the best of our knowledge,
it is the first time to involve the environment-to-worker interactions, including the dis-
tance between worker and obstacle, as well as the directional relationship between work-
ers and obstacles in the traditional LSTM model. Our modified LSTM model is
referred to as the environment-aware distance direction (EA-DD) worker trajectory pre-
diction model. Different from the previous works [15,16], our proposed EA-DD model
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offers a systematic and flexible framework to incorporate general environment infor-
mation into the traditional trajectory prediction model in modular construction facilities.
Leveraging the proposed EA-DD worker trajectory prediction model, an accurate fore-
casting of construction resources’ future positions can be provided. It can aid in designing
and developing a proximity warning system by releasing an alert when the workers are
approaching danger zones. By reducing the number and severity of accidents in modular
construction facilities, the system will contribute to significant productivity improvement.
The main contributions can be summarized as follows:

(1) Anovel formulation of trajectory prediction algorithms is developed in modular con-
struction facilities to fully exploit workplace contextual information, including not
only worker-to-worker interactions but also environment-to-worker interactions;

(2) Every worker path is modeled through an LSTM network with a novel pooling that
captures the interactions among workers as well as the relative distance and/or di-
rection with the surrounding static objects;

(3) A systematic and flexible framework is offered to incorporate general environment
information into the traditional trajectory prediction model in modular construction
facilities.

Paper outline. Regarding the remainder of the paper, Section 2 first formulates the
worker trajectory prediction problem in modular construction, followed by our proposed
environment-aware solution in detail. Section 3 shows the numerical results of different
trajectory prediction models using both synthetic and real modular manufacturing facility
data. Discussions of the proposed model can be found in Section 4. Sections 5 and 6 pro-
vide the conclusion and possible future directions for this research.

Notation. Lower (upper)-case boldface letters denote column vectors (matrices), and nor-
mal letters represent scalars. Calligraphic letters are reserved for sets. Notation [Ix|l is the -
norm of x. Operator ® represents Hadamard product, which is the element-wise multiplica-
tion of matrices of the same size denoted by 4 ® B . The sigmoid function is denoted by S

, while ¢ represents the rectified linear unit (ReLU) function.

2. Related Work

In this section, a thorough literature review on trajectory prediction is conducted, and
the limitations are outlined. To obtain a reliable prediction of different subjects for various
applications, considerable research efforts have been devoted [15-21]. Based on the mod-
eling approaches, we can divide the related studies into three categories, i.e., Bayesian
models, probabilistic planning, and data-driven approaches; see Table 1 for a summary. The
foundation of the Bayesian model is online Bayes filters, including the Kalman filter. For
example, an extended Kalman filter algorithm was proposed to update the internal state
of a pedestrian in [22]. This algorithm iterated between the prediction step and
update step, where the former computed the current internal states using its previous
states and the latter updated the current states with observations. A dynamic Bayesian
network was employed in [23] to predict whether a pedestrian would go and pass a road
in front of a car. However, most Bayesian models require hand-crafted states, which hin-
der their applications in complicated systems. Regarding entities as intelligent agents,
probabilistic planning methods [24-27] can model the problem into a Markov decision
process, find the optimal solution by maximizing a reward function, and ultimately
achieve the goal. The difficulty of using probabilistic planning methods to predict motion
in a real scenario lies in explicitly defining an appropriate reward function that fits a
specific problem, such as the path prediction task.
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Table 1. Categories of trajectory prediction approaches.

Category Method Input Reference
B ;
ayestan Kalman filter Coordinate, velocity [22]
models
Dynamic Bayesian Coordinate, head orienta-
. . [23,28]
network tion, distance to road
Probabi'listic Markov model Coordina.te ar.ld moving [24,29]
planning direction
Envi t-
Markov decision process nV1ronme'n awate [25,26,30]
coordinate
Data-driven Convolutional neural net- Coordinate [31]
methods work
I inf
nverse rem‘orcement Coordinate, goal [32-34]
learning
Recurrent neural Video [35]
network
. oh
Social-LSTM Coordmate{ neighbor [15]
coordinate
dinat ighb
Encoder-decoder LSTM Coor. fnate, NELghbor [17]
coordinate, group, goal
Social generative Coordinate, neighbor
. . [36,37]
adversarial network coordinate

In recent years, data-driven methods have also shown great potential in several chal-
lenging trajectory tracking and prediction tasks [20,38]. Storing the two-dimensional co-
ordinates of a pedestrian into three-dimensional sparse data and then encoding the data
through convolution and pooling layers of a convolutional neural network (CNN), the
pedestrian walking behavior in crowded scenes could be predicted in [31]. To overcome
the difficulty of reward designing, an inverse reinforcement learning method was intro-
duced to vision-based trajectory prediction [30,32-34], where estimated rewards are
employed to reproduce the optimal behavior sequences. On the other hand, the long
short-term memory (LSTM) network is particularly well suited for modeling temporal
dependency among sequential features. Several studies thus used the LSTM network
to handle path prediction problems. For instance,an LSTM was introduced for pre-
dicting self-driving vehicle trajectories in [39] to offer safe and efficient driving on public
roads. Considering surrounding neighbors” influence, a social-LSTM was proposed in [15]
with a novel pooling layer to capture the interactions among different pedestrians and there-
fore avoid collisions. This work was further extended in [36], entailing generative adversarial
networks to learn the social interactions that could influence the path of pedestrians. In the
construction domain, worker trajectory was predicted through an encoder-decoder LSTM ar-
chitecture considering neighbor and the goal information in [17]. A hybrid learning model
integrating convolution neural networks and LSTM was proposed in [40] to detect construc-
tion workers” unsafe behaviors.

3. Method

In real-world working scenarios, workers in modular construction can mitigate po-
tential risks by incorporating observations of the surrounding environment as well as pre-
diction of behaviors of other co-workers and adapting their own actions accordingly. Due
to limited attention and obstructed sight, workers are prone to errors, and a single chance
of failure to notice could lead to disastrous consequences. Therefore, we try to offload this
task to an automated environment-aware system that can predict the trajectories of work-
ers in the modular construction, and alerts and warnings could be issued correspondingly.
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3.1. Problem Formulation

Modular construction facilities, although arranging operational tasks in a controlled
environment, still include dynamic and complex environments that require lots of lifting
and moving all over the place. This increases the risk of contact collisions and even life-
threatening accidents. The trajectory prediction problem can be mathematically formu-
lated as follows: considering a modular construction video clip of N workers (x{,y{) is
used to represent the position of worker i € {1,2,... N} at time . Given the historical posi-
tions of workers {(xf, y£)};Z "% from time 1 to Ty, the goal is to predict the trajectories
of workers over time T,ps + 1 to Tpreq-

3.2. Environment-Aware Trajectory Prediction

To predict workers’ paths in future several time instants, every worker’s coordinate
data are fed into an LSTM network. As a particular implementation of a recurrent neural
network (RNN), the LSTM network is a prudent choice for time-series data. LSTM net-
work has demonstrated remarkable performance in many sequential problems, such as
machine language translation, acoustic modeling, and activity recognition [41]. When
dealing with time-series problems, traditional RNNs (see Figure 2) suffer from difficulty
in handling long-term dependencies. As a variation of RNN, the LSTM network can avoid
this long-term dependency problem by regulating the flow of information with internal
mechanisms; see Figure 3 for an illustration of the LSTM structure. As shown in Figure 3,
the cell state in the LSTM is for keeping the information unchanged; the input gate con-
tributes new information to be stored in the memory, the forget gate decides the forget
degree of the internal state, and the output gate computes output from previous states.
These gates can learn what information in the input sequence is useful to keep or throw
away. Upon these learnable gates designs, the LSTM network can manage the internal
memory state when dealing with long time series and pass the relevant information
through the long-term dependency to make predictions [42].

tanh

Figure 2. Internal structure of an RNN.
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Figure 3. Internal structure of an LSTM.

Letting x| = (x/, y;) be the location of the i-th worker at time instant ¢, the input
¢ . ¢ ¢ . . . . .
s; canbe obtained by s; = ¢(x;,W ), where W _ is the input weight matrix. At time

t, each feature is fed into its corresponding LSTM cell, and the cell state is updated through
the following equations:

i'=S(W;s!+b,+W,h"" +b,) 1)
f'=S(W,s;+b, +W, h'"+b,) )
g' = tanh(W,_s; +b, +W, h"" +b, ) ©)
o' =S(W,s!+b, +W, h'""'+b, ) (4)
¢ =f'®c"+i'®g (5)

h' =0’ ®tanh(c") (6)

where W,b are the corresponding weight and bias for each gate, and f, f' ,and o rep-

resent input gate, forget gate, and output gate, respectively; ¢’ is the cell state, and g

collects all information to the cell state. For simplicity, let 8 collect all the weights and
bias; that is,

0:=[W._b. W b

0o i? hi®> ™ hi

W,..b, . Wb

io?

vvif > bif >

Who > bho ]

Wb, ,W,_,b,, )

hg > io?®

After proper training, the LSTM gates could learn what information to forget and
what to keep and pass on to the next level, making the retention of the message in a long
sequence possible.

The prediction of worker i’s position at time ¢ + 1 is modeled as a bivariate Gauss-
ian distribution N(uf*',o/**, pf*!) parameterized by the mean uf*!, standard deviation
of*!, and correlation coefficient pf*!. Instead of predicting the positions directly, the pa-
rameters are estimated as the output of the LSTM network by applying a linear transfor-

mation W, to the output hidden state h!:

t+1

[ﬂi ’O-it+1’pit+1] = Wohg' (8)

Consequently, the loss function can be chosen as the negative log-likelihood [15]:
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T

pred

L(W,.0,W)== " log(P(x,y lu.cl,p)). )

t=T,,,+1

obs

As a powerful tool for modeling time-dependent data, this LSTM network provides
a suitable prediction for the trajectories of workers. However, the environment of modular
construction is dynamic and complicated, and multiple aspects can influence the path of
workers. This LSTM algorithm fails to capture the rich interactions among workers and
their surroundings [20]. To address this issue, we propose environment-aware trajectory
prediction algorithms to incorporate context information in the model.

Worker-to-worker interactions: Many tasks in construction cannot be accomplished
by a single worker and often require the collaboration of two or more. Therefore, worker-
to-worker interactions are the primary factors to be considered while making trajectory
predictions. To take such interactions into consideration, a pooling layer connecting neigh-
boring LSTM cells is added to each worker’s LSTM network, explicitly incorporating other
workers’ states into the estimation of the position of the worker of interest. A worker of interest
may have a varying number of neighbors over time. Hence, it is critical to handle different
numbers of neighbors consistently in the model. To this end, a local grid of predefined size is
constructed around the worker of interest. Each grid cell is responsible for aggregating the
state information of workers inside this cell. As a result, only a fixed number of states needs to
be computed in order to obtain predictions of the successive positions. This idea is manifested
in two popular variants of grid-based LSTM networks, namely, social-LSTM (S-LSTM) and
LSTM with occupancy map pooling (O-LSTM).

Given the position history of all the neighbors of the worker i as {(x, yj.)}/.ENi ,

where N ; represents the collection of neighbors around the worker i, the occupancy

map pooling can be calculated by

t _ Y I
O[(msn)—zlmn[xj Xis Y il (10)
=
where 1 [a,b] is an indicator function taking the value of 1if (@,D) isin the (71,7)

mn

cell of the gird and 0 otherwise. The occupancy map O is then embedded into a vector.
ei)i = ¢(Of s Weo)

which is concatenated with the input §' toform the aggregated input s; = [s' e ].The

future positions of the worker i can be estimated by feeding input s; into the LSTM
model (1)—(6). Leveraging the position information of neighbors, the O-LSTM model can
make predictions and avoid immediate collisions.

The O-LSTM model only considers the relative positions of neighbors and completely
ignores their state information, which can be critical to the accurate prediction of future
actions. The S-LSTM was designed with this idea in mind and found a way to combine
the states into its own estimation, resulting in better prediction accuracy. The way S-LSTM
incorporates states of neighbors is similar to that of O-LSTM with the corresponding hid-
den state.

t N t t ot t t-1
Hi(m,n,.)—ZImn[xj—xl_,yj—yl.]hj . (1)
jeN
Similarly, these social pooling results H ! are then fed into a ReLU network to ob-
tain the embedding vector e;, = #(H/, W, ), which again is used to obtain the aggre-

gated input vector s: . The predictions of the worker i’s trajectory can be obtained by up-
dating the LSTM model using Equations (1)—(6).
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The grid-based models consider neighbors using a grid constructed around the pri-
mary worker, thus transforming the varying number of neighboring workers into a fixed
number of cells.

Environment-to-worker interactions: Worker-to-worker interaction is a suitable pre-
dictor of future action because workers’ behaviors are collision avoidance oriented. How-
ever, there is another factor that is not captured in worker-to-worker interactions, that is,
the interaction between workers and static objects located along the path. In the presence
of such obstacles, workers will naturally take a detour path to avoid a collision. Thus, the
environment-to-worker interactions are equally important and should be factored in
when making predictions. In this context, the present study focuses on environment-to-
worker interactions by investigating collision avoidance with the presence of static obsta-
cles, while our proposed framework can also account for other types of static objects, in-
cluding walls, fixed equipment, and so on.

As obstacles are static and spread all over the facilities, the spatial coordinates of
these obstacles can be regarded as known prior information. A straightforward way to
consider obstacle information in the current problem formulation is to extend the grid cell
information in Equation (10) or (11). Typically, modular construction facilities are usually
congested with various obstacles. Modeling environment-to-worker interactions of all ob-
stacles (even at far distances) can lead to the model learning spurious correlations. Thus,
we propose to consider only the closest obstacles. Specifically, considering top-K static
obstacles around the workeri, (x, ,y, ) isdenoted as the position of the obstacle, k € K

. The Euclidean distance between worker i and obstacle k is defined as

di(k)=\J(x = x, ) + (¥ -3, ). (12)

The embedding vector of the distance model e’ ~can be obtained by

e, =$(d;, W,).

In addition to distance, the directional relationship between obstacles and the work-
ers also plays an important role in predicting future movements. For instance, a specific
obstacle has much less influence on a worker’s path when the worker deviates from it.

Therefore, we further leverage a directional vector q;(k) to capture this directional in-

formation of obstacle k relative to the worker i as

t t
1'_')("0,c yi_yok
t ’” t

yi _yok

(13)

i o,
. . . . t t _

The direction embedding vector is e, = ¢(q;, W,, ) . Our proposed EA-DD model
captures this obstacle distance and direction information relative to the worker. Concate-
nating worker-to-worker interactions vector e, as well as environment-to-worker in-
teractions vector e/, and e ‘qi , the new input s of the EA-DD model can be addressed
as

Uttt ol ool al 14
si=[s; e, e, ¢€,]. (14)

This new input s; is fed into the LSTM model (1) to obtain predictions of worker i
’s trajectory.
It should be noted that the loss function of worker i in (4) introduces new parame-

ters W,, W, and W, during back-propagation as
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Inputs

Tpred

L(W,, W, W, W, .0,W)=— 3" log(P(x,y lu,cl,p)). (5

t=T,

obs 1

The proposed EA-DD worker trajectory model is summarized in Figure 4.
The overall implementation process consists of two stages, namely offline training
and online inference. Specifically, in the offline training phase, the model is fed with the

=Fors of all the workers at time instants =1, ..., 1,,. and trained

observations {x',y'}

to output the forecasting. In the online inference process, the observations of all workers
{Xt,yt}t=1:n”: are fed into the trained model, and near-future forecasting
At ~t

{x ,y }' " can be obtained by considering worker-to-worker interactions as well

as environment-to-worker interactions.

Main process

_—— e e = ———

Observation sequences
*  Worker position (x/ ;)
Neighbor position (x/ y/)

Neighbor hidden states &/

*  Obstacle position (x,;, v

'/ \I Sl s e e e o Criteria
4 A
! g _ ! : Concatenation !
| & L |
L8 e | EA-DD [s/, e, e, €, ] . displacement
L2 o il oo eom)
< —— i 1 * Final
: 8. 1 ! ,' displacement
] . M cccccccaeeeeeea 7 error (FDE)
~ —/
,f -------------------------------- \\
/ \

Outputs [ Future worker position prediction ]

Figure 4. Overview of our EA-DD worker trajectory prediction model. The model takes as input
the primary worker’s position, neighbor's position, neighbor's hidden states, and obstacles’ position.
By embedding individual movement-related vectors as well as the environment information vec-
tors, the EA-DD model generates its output in the future position of the primary worker. The pre-
diction performance is evaluated by ADE and FDE.

4. Results

In this section, the implementation details and two evaluation metrics are first de-
scribed. Then, extensive experiments on both a synthetic dataset and a real modular con-
struction facility dataset are implemented to demonstrate the effectiveness of our pro-
posed EA-DD worker trajectory prediction method.

4.1. Implementation Details

The proposed EA-DD trajectory prediction model was trained by Pytorch [43] on an
NVIDIA RTX A5000 GPU. To reduce over-fitting, two techniques were adopted, which
are data augmentation and early stopping. Data augmentation was used to ensure the
model’s fit to predict future positions, while early stopping can terminate the training
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process when the total loss on the validation set cannot go down after certain epochs and
save the model, which can provide the smallest loss. Both the synthetic dataset and real
modular manufacturing facility dataset are split into a training set (70%) for model train-
ing, a validation set (20%) for early stopping and hyper-parameter selection, and a testing
set (10%) for performance assessment of the prediction model. The network was trained
with the Adam optimizer [44], with a learning rate of 1 x 10 and a batch size of 8. In the
experiments, different combinations of the above hyperparameters, as well as the number
of hidden units, were used, and the optimal ones that resulted in the highest accuracy in
the validation set were selected.

We consider 3.6 s observations and make 4.8 s predictions, which align with relevant
studies on trajectory prediction in both construction and other domains [15,16]. With the
frame rate setting as 0.4, we use the past 9 frames to predict 12 future frames. The dimen-
sion of the embedding vector for the worker velocity is 64, while the dimension of the
interaction vector is 256. We use a 16 x 16 grid to capture the neighbors. We choose K=2,
meaning the top 2 obstacles are considered around workers. The spatial coordinates of
those obstacles are known as prior information. To assess the performance of the proposed
EA-DD model, we have simulated three trajectory prediction policies as baselines, namely
the LSTM model, the O-LSTM model [15], and the S-LSTM model [15]. Notice that the
solution based only on LSTM does not consider any kind of interaction while predicting
the worker trajectory. On the other hand, O-LSTM and S-LSTM are able to consider
worker-to-worker interactions in the forecasting. In order to not only investigate how work-
ers influence each other, we then extend the S-LSTM model with our environment-to-worker
pooling in our previous work [45] to become the EA-Distance model, which considers the dis-
tance of obstacles relative to workers, and the EA-Direction model, which considers the direc-
tion information. These two models are also tested here for a comprehensive comparison.

4.2. Evaluation Metrics

To evaluate the performance of the proposed trajectory prediction framework per-
formance, we use the two most common metrics, which are average displacement error
(ADE) and final displacement error (FDE) [15,46—48]. ADE is the mean square error overall
predicted positions of the path and the ground-truth path as follows:

Tored

Z > G -Gyl

i=1 (=T, +1 (16)

ADE = —
NX(T red obs 1)

where N is the number of workers, (x/,7/) and (x],y;) are the predicted coordinate

of worker i at time instant ¢ and the ground-truth coordinate of worker i at time in-
stant 7, respectively. ADE is the MSE over all positions of predicted trajectories and the
actual ones. It is the measure to show how close the prediction and actual trajectories are.
Therefore, ADE is important to ensure the overall accuracy of the prediction.

FDE is the distance between the predicted final destination and the ground truth one as

Z” (.X Tprea , yl p)ed (xiTpr'ed , yiTpr'fd)

N

FDE is the MSE over the final actual position and the final predicted position. It is the
measure to show the accuracy in predicting a worker’s final location and is important to
detect potential collisions.

ADE and FDE essentially measure the accuracy of the overall predicted path and the
accuracy of the predicted final location, which are critical to avoid potential collisions in
modular construction.

|
FDE = . {17)
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4.3. Synthetic Experiments

We first verify our proposed model on a synthetic dataset. The dataset is generated
according to a collision avoidance approach called optimal reciprocal collision avoidance
(ORCA) [49], which offers sufficient conditions for multiple independent agents making
collision-free movements in a common workspace without communication with each
other. In  this synthetic = dataset which is available on  github
https://github.com/Rachelmy/EA-DD (accessed on 10, Aug. 2022)), a total of 1000 scenes
were generated for five workers as well as two obstacles. The trajectories reflect various
worker-to-worker interactions as well as environment-to-worker interactions, including
(i) crossing each other, (ii) worker collision avoidance, (iii) obstacle collision avoidance,
and (iv) dispersing; see Figure 5 for example scenarios. The vertices of two obstacles are
(-1,-2), (1,-2),(1,2), (-1, 2), and (3, -3.5), (3.5, -3.5), (3.5, -3), (3, -3), respectively. Regard-
ing the center position as the position of an obstacle, we obtain the spatial coordinates of
two obstacles, ie., (x,;,¥,)=(0,0) and (%92, ¥,2) = (3.25,—3.25); see Figure 6 for the

illustration of the synthetically generated samples and obstacles.

4 - —

— -

~~
o
~

(b) (c) (d)

Figure 5. Example scenarios. Dotted lines indicate the path of worker in the future time slots, and

arrows are the directions. (a)Crossing each other; (b) worker collision avoidance; (c) obstacle colli-
sion avoidance; (d) dispersing.

y[m]

-3

-4

—— primary
X start

—e— primary
X start
® end
W obstacle

® end
W obstacle

y[m]

-2

-3 -2

Figure 6. [llustration of the synthetically generated samples and obstacles.

Table 2 summarizes the ADE and FDE results for the different models on the test
dataset. Evidently, by incorporating worker-to-worker interactions and environment-to-



Buildings 2023, 13, 1502

12 of 19

worker interactions into the prediction model, three environment-aware models can attain
smaller errors compared with the one that does not consider worker-to-worker interac-
tions and/or environment-to-worker interactions. Furthermore, the EA-DD model fully
exploiting the environment information on the job site can achieve the most competitive
performance relative to the alternatives. Noticing FDEs are higher than ADEs, the reason
is that forecasting a worker’s position at a far time instant is more challenging than the
close one given the same observations. Figure 7 depicts the qualitative results of the pro-
posed schemes in comparison to alternatives. Curves show that the prediction trajectories
of our proposed scheme are close to the ground truth. It should be noted that the running
time of EA-DD is longer than other methods due to the complex nature of the method.
Further studies will be conducted to improve the execution efficiency of EA-DD.

Table 2. Prediction performance of different models on a synthetic dataset.
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Figure 7. Two example scenes of the worker trajectory predicted by LSTM (blue line), Occupancy-
LSTM (orange line), Social-LSTM (green line), EA-Distance (red line), and EA-Direction (purple
line), EA-DD (brown line) models on a synthetic dataset. The black line represents the ground
truth, which is the worker’s actual trajectory, while the red zones indicate static obstacles on the job
site. Workers navigate their trajectories according to different prediction models to avoid potential
collisions with each other as well as obstacles.
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4.4. Modular Construction Experiments

The second experiment validates the performance of different models on a real mod-
ular manufacturing facility dataset from a leading off-site construction facility located in
Edmonton, Canada. We use a video of the construction facility as the data source, and it
provides rich environmental information. Leveraging the temporal continuity property of
the construction video, different frames were randomly selected in each video clip, gen-
erating training examples. Figure 8 gives two sample scenes of the video. The pixel coor-
dinates of workers and obstacles were manually annotated over the whole frame, and a
complete inspection ensured the validity of the annotations. As a result, we obtain an an-
notated real dataset consisting of 13 moving workers and 2 static obstacles in a total of
1826 scenes. The models are trained by synthetic data with the same static obstacle posi-
tions and then tested on this real construction dataset.

Figure 8. Two example scenes in real construction video.

When constructing a real dataset, the challenge is obtaining the actual point locations
of workers and static elements of the workplaces from the construction video. The video
is obtained by a perspective view, where we can only obtain the entity positions in an
image in terms of pixels. To transfer the image positions to real-world coordinates, we
need to find the homography matrix by four manually selected points on the ground with
estimated measurements. Upon this homography matrix, the positions of workers and
static obstacles are extracted. Specifically, extracting the object’s actual point locations en-
tails the following three steps.

(Step 1) Estimate the homography matrix.

Before getting an estimate of the homography matrix, we need first to undistort the
image using estimated camera parameters, which are obtained from camera calibration.
Next, we obtain the image (pixel) coordinates by detecting a pattern, such as a chessboard.
In this construction data, we use the four corners of the trailer as the pattern. The real
measurements of the trailer’s corner are estimated based on prior information. Then, we
obtain the corresponding real-world coordinates of the pattern by selecting a proper co-
ordination system. Finally, the estimate of the homography matrix can be conducted by
using four coordinate pairs of the trailer’s corner from the image and the real world.

(Step 2) Obtain pixel coordinates in the video.

The object’s pixel coordination can be obtained in two ways: (i) manually annotate objects
frame by frame, and (ii) use object detection and object tracking methods to automatically ob-
tain the pixel coordinates of the target objects. The obtained object coordination should be
grouped to form trajectories, either manually or automatically, via object tracking.

(Step 3) Obtain real-world coordinates using the homography matrix.
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Finally, the actual locations of workers and static elements can be obtained by apply-
ing the homography matrix (obtained from Step 1) to the corresponding pixel coordinates
(obtained from Step 2).

Table 3 provides the performance evaluation of different models. Again, the result
indicates that the incorporation of environment information in trajectory prediction leads
to lower ADE and FDE values. Figure 9 illustrates four example scenes from a bird-eye
view, where the worker’s trajectory is influenced by other workers and/or static obstacles,
such as trailers. Figure 9a shows the trajectory prediction performance of the interested
worker without being influenced by neighbors and static elements. The same worker’s
trajectory influenced by a neighbor is depicted in Figure 9b. The LSTM, which does not
consider worker-to-worker interactions, fails to predict the correct trajectory. Similarly, in
Figure 9c, the prediction of another worker’s trajectory validates that the LSTM algorithm
cannot avoid collisions. Figure 9d demonstrates the trajectory prediction performance of
a worker proceeding into an obstacle. The O-LSTM, which does not model environment-
to-worker interactions, cannot stop the collision with the obstacle. In summary, our envi-
ronment-aware prediction model fully exploits the existing interactions in the scene, lead-
ing to better performance in collision avoidance.

Table 3. Prediction performance of different models on a real construction dataset.
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Figure 9. Prediction performance of different models in a bird’s-eye view on construction dataset. (a)
trajectory prediction performance of the interested worker without being influenced by neighbors
and static elements, (b) worker’s trajectory influenced by a neighbor, (c) the prediction of another
worker’s trajectory, (d) trajectory prediction performance of a worker proceeding into an obstacle.

5. Discussion

To develop a long-term trajectory prediction model for modular construction facili-
ties, two important hyperparameters, including prediction length and observation length,
need to be carefully tuned. To check the system performance on different combinations of
the prediction and observation length, we conducted an experiment on a synthetic dataset.
Specifically, to achieve the prediction model capable of predicting 4.8 s, the observation
length is changed from 2.4 s to 6 s. Therefore, a total of seven different tuning scenarios
were established and applied in training. Table 4 summarizes the ADE and FDE of our
EA-DD model with different hyperparameters of observation length and prediction
length. Results show that a longer observation length does not necessarily provide higher
accuracy in the performance. This might be because the earlier observations have more
noise and less relevancy than the later ones, which can lead to a negative impact on the
performance.

Table 4. Prediction performance.

Number Observation (s)  Prediction (s) ADE (meter) FDE (meter)
1 2.8 4.8 0.35 0.93
2 3.2 4.8 0.26 0.72
3 3.6 4.8 0.22 0.50
4 44 4.8 0.23 0.52
5 4.8 4.8 0.30 0.68

It is also interesting to compare the performance of the EA-DD model and the S-
LSTM (and O-LSTM) model. The reason that our proposed EA-DD performs superior to
the S-LSTM is mainly due to the complex nature of workplace movements as well as the
noisy measurements. The design of social pooling in S-LSTM (and O-LSTM) is not capable
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of learning the important notion of preventing collisions since the model is trained to just
minimize ADE/FDE without avoiding any possible collisions. On the contrary, by focus-
ing explicitly on the collision of any static objects, our proposed EA-DD model obtain
enough domain knowledge of the environment while designing the interaction encoder.
In practice, there is a trade-off between complexity and compute efficiency. The design of
environment-to-worker interactions hampers compute efficiency as we incorporate rich
contextual information in our model. However, safer forecasting can be achieved as the
objective of the model, including collision avoidance. Improving computational efficiency
without losing any contextual information will be an interesting and meaningful direction
in our future research.

In the absence of proper site coordination, the congested workspace can lead to po-
tentially hazardous and life-threatening situations. Therefore, to improve risk manage-
ment, in addition to a commitment to safety, supervision, and PPE, new measures that
can collect data in a timely manner and provide alerts to workers before a potential hazard
occurs will become an asset in the construction site. To this end, the proposed EA-DD
worker trajectory prediction model provides accurate forecasting of construction re-
sources’ future positions. It can aid in designing and developing a proximity warning sys-
tem by releasing an alert when the workers are approaching danger zones.

By incorporating contextual information and worker movement information into the
LSTM network, this work contributes to the body of knowledge by creating a novel envi-
ronment-aware deep learning method for worker trajectory prediction in modular con-
struction facilities. The proposed framework not only considers the spatial interactions
between the worker and the neighbors but also innovatively incorporates the relative dis-
tance and direction between the worker and static elements. The results of both the syn-
thetic data experiments as well as the real modular construction data experiments in this
paper show that integrating the above contextual information outperforms the pure posi-
tion-based prediction model. Based on accurate position forecasting, an early warning
when two entities are expected to get too close can be provided. Workers can then actively
plan a safe path to avoid collisions while ensuring smooth operations.

Although the proposed method provides an accurate and proactive prediction for
the worker’s future position, there remain a few limitations of the findings that deserve
more effort in future work. First, a large dataset is required for training LSTM models and
forecasting the future positions of various entities. However, the datasets used in the ex-
periment are relatively small due to the lack of publicly available datasets in modular
construction. To expand the capability of the dataset, more statistical tests need to be con-
ducted, which, therefore, further justify the performance of the model. More modular con-
struction videos carrying distinguishable movements of workers and interactions with
surrounding entities need to be collected and annotated as well. Second, in theory, there
should not be a limitation on the number of obstacles, workers, and the size of the envi-
ronment. The number of obstacles is chosen to align with our real dataset, where we have
two obstacles in the modular manufacturing facility. Studies on other numbers of obsta-
cles can be performed in the future when a more extensive dataset for modular construc-
tion facilities is available. Along with collecting a large dataset, exploring a more crowded
environment to train LSTM models and forecast the future positions of various entities is
deferred to our future research. Third, taking advantage of the public dataset in other do-
mains, such as crowds [48,50], transfer learning can be adopted to relieve the heavy bur-
den of manually annotating images in the modular construction video. Fourth, if the task
requires the entity to move back and forth, the workers may move in the opposite direc-
tion, where our proposed method has limited ability to make an accurate prediction. Add-
ing more information, such as destination, specific task, and group, may help improve the
performance in this situation. Another limitation of this study is that we only consider the
scenario where the object is static with no moving parts. The position of the obstacle is
simplified as prior knowledge to examine its influence on trajectory prediction. Develop-
ing a more general approach to incorporating the moving entities, including equipment
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and activities, in the prediction model will be an important direction in future research.
Finally, in addition to designing and developing a trajectory prediction framework that can
provide reliable forecasting results, a key question that also needs to be addressed in the con-
struction safety area is how to alert a worker of potential hazardous encounters in real-time to
avoid an accident effectively. To this end, a thoroughly proactive hazard detection system will
need further attention in future work.

6. Conclusions

Modular construction facilities are complex and information-intensive environments
that contain various static and dynamic entities, including workers, equipment, buildings,
and materials. This congested workplace increases the risk of contact collisions and even
life-threatening accidents. To prevent struck-by accidents and mitigate potential injuries,
accurate forecasting of construction resources’ future positions is critical in modern mod-
ular construction facilities. In this work, we have designed an environment-aware worker
trajectory prediction framework using a computer vision-based method. The proposed
prediction model exploits rich job-site contextual information as well as individual move-
ment information in the environment. Specifically, every worker path is modeled through
an LSTM network. We design a novel pooling method that captures the worker-to-worker
interactions as well as the environment-to-worker interactions. Numerical tests showcase
that by fully exploiting the environmental information, our proposed prediction model
can achieve competitive performance relative to several existing ones. This research pro-
vides a systematic and flexible framework to incorporate rich contextual information into
a trajectory prediction model to improve the current practice of worker path forecasting
in modular construction.
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