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Abstract. The perception of construction activities is crucial for intelligent
construction and management. Visual data acquired through surveillance
cameras on construction sites is rich in information but faces challenges such as
low information density, complex analysis, and high storage demands.
Construction sites are complex environments with cluttered and dynamic visual
backgrounds, involving various objects and interactions that complicate
intelligent construction understanding. This study deployed a video collection
system at a public building construction site in Shanghai to capture standard
floor construction activities. By using object detection and re-identification
techniques, workers and key construction elements were tracked. The study
utilized spatiotemporal attention mechanisms for video feature extraction and
combined objects trajectories with category information to reason the
relationships between workers and on-site objects, forming subject-relationship-
object triplets that describe construction processes. The established visual
relationship reasoning models and dataset have proven effective, with accuracy
exceeding 90% on the test set. Although lighting and occlusion issues on-site
can affect results and the current study does not fully cover the entire
construction process, the acquired data can support intelligent construction
process simulation, efficiency analysis, construction plan optimization, and
progress prediction, demonstrating significant application potential.
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1 Introduction

Visual data contains the richest information on construction sites, with relatively low
acquisition difficulty and cost [1]. With the widespread application of surveillance
cameras on construction sites, a large amount of visual data recording the construction
process has been obtained. However, visual data has relatively low information
density, complex analysis processes, consumes significant storage space, is not
conducive to transmission, and is difficult to retrieve and use. Additionally, the
construction site is a highly complex environment. On one hand, its visual
background is cluttered and constantly changing; on the other hand, the construction
processes involve various types of objects with complex interactions. On a
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construction workface, there may be dozens of construction subjects and objects
simultaneously engaged in various processes, posing great challenges for intelligent
construction understanding. The acquisition of construction activities information
plays a very important role in intelligent construction management and serves as the
information foundation. For the digital twin of a construction site, obtaining state
information of physical entities through visual algorithms is also of great significance
[2]. Mapping physical entities in a virtual environment requires a comprehensive
information foundation, and acquiring data during the construction process is an
important supplement to this. Moreover, unlike traditional sensors, visual signals can
be obtained without additional interference with the construction site, minimizing
disruption to construction activities. Therefore, understanding how to acquire
construction behavior information from visual data is of great importance.

2 Background and Related Works

The detection of construction activities through visual information remains a research
hotspot. Traditional computer vision algorithms and deep learning-based computer
vision algorithms are widely applied in this field. For example, Konstantinou et al. [3]
tracked and predicted worker activities using traditional computer vision methods and
support vector machines. Luo et al. [4] assessed the behavior of construction workers
during the construction process based on Convolutional Neural Networks (CNN),
focusing primarily on the rebar processing stage. For construction videos, Luo et al.
[5] implemented worker behavior recognition on multi-frame images of construction
sites using two-stream convolutional networks. These behaviors include basic walking,
resting, and the installation of templates and rebar. This method was also applied in
the concrete pouring process to further obtain efficiency information during
construction [6]. Besides deep visual features based on CNN, the relationships
between worker groups were also used to optimize prediction results [7]. Panahi et al.
[8] also proposed a worker behavior recognition model based on ResNet-50. However,
many issues remain unresolved in the above studies. Firstly, some research only uses
static images as the basis for construction activity recognition. Obviously, images lack
continuous behavior information over time, which may lead to misjudgment or
omission, resulting in relatively low algorithm accuracy. Although some studies
process videos, they still treat frames as independent images rather than considering
them as continuous sequences. Secondly, current research mainly targets the behavior
of workers, without involving the objects of these behaviors. The lack of this
information makes it impossible to comprehensively describe the construction process.

Compared to a single image, videos offer a continuous stream of data over time,
providing a comprehensive depiction of the construction process for construction
personnel. This continuous temporal data not only presents the complete construction
process but also provides temporal information and motion vector information, in
addition to spatial features, resulting in a more thorough description of construction
behavior. This significantly increases the amount of information contained in videos
compared to single images, allowing for effective differentiation of behaviors that
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difficult to discern in a single image. To fully exploit the information provided by
videos, it is necessary to achieve a temporal-spatial understanding of visual features.
This requires models to capture not only the features of individual frames but also the
temporal-spatial characteristics to understand the correlations within and between
frames. Particularly for complex construction sites, combining temporal-spatial
feature analysis is crucial for analyzing construction videos.

3 Research scope and design

To capture the description of construction activities during the construction process,
this study deployed a video collection system based on network cameras at a public
building construction site in Shanghai. An automatic pan-tilt-zoom camera was
installed beneath the cab of a tower crane to capture visual information of the
standard floor construction work area. This perspective covers the entire construction
work area, allowing for comprehensive capture of construction activities by workers
during standard floor construction. This gives it excellent optical properties, making it
suitable for the construction site, especially in the unique environment above the
tower crane. The collected data mainly includes construction activities such as layout
positioning, prefabricated component hoisting and installation, formwork installation,
rebar binding, pipeline laying, and concrete pouring. These key construction elements
include various storage areas on the work surface, prefabricated components and steel
components, specific construction areas, and construction equipment, totaling 18
categories. To achieve construction target detection, we annotated over 17k targets
from construction videos collected from more than four construction sites in Shanghai,
with multiple camera positions, and used these annotations to train object detection
and tracking models. The object detection method employed the two-stage approach
Mask-R-CNN, which has relatively higher accuracy, and the tracking method used re-
identification [9]. Our construction site obejct detection achieved a mAP of 0.89, and
during the tracking process, the ID F1 Score (IDF1) reached 0.85.

After completing continuous tracking of key elements on-site, corresponding video
clips are obtained. These video clips are all within 10 seconds in length, as the
minimum granularity for describing construction activities. The construction process
is described using the subject-relationship-object triplet. In this process, the
continuously tracked workers serve as the subjects of the construction process, while
the materials, components, or operated machinery serve as the objects. The
determination of the relationship between subjects and objects is obtained by a deep
learning model based on spatiotemporal attention mechanisms. We have developed an
annotation tool based on Python for video clips, which matches the construction
subjects and objects appearing within the same time period and is annotated manually.

Similar to the Visual Transformer (ViT) [10], the video clips of subjects and
objects are divided into fixed-size frame patches, and then these patches are flattened
to obtain video token sequences. On this basis, implicit features of construction visual
information are extracted using spatiotemporal attention mechanisms. In this process,
separated spatiotemporal attention is used as the spatiotemporal attention mechanism.
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Sparse attention mechanisms play a crucial role in processing video information based
on Transformers by significantly reducing the number of parameters and improving
computational efficiency [11]. In our model, as shown in Figure 1, time attention is
first computed for patches at the same position across all input frames, followed by
space attention calculation for all patches within the same frame. In this module, a
768dimensional class token is extracted as the feature of the video. Subsequently, the
relative positional relationships between subjects and objects are transformed into a
sequence of scale-invariant translation and log-space height/width shift, representing
the relative positional relationship sequence T as eq.l and eq.2 shows. For the
category information of construction targets, we use two one-hot encoded vectors of
length N to represent the categories of the subject and object targets, where N is the
number of construction target categories. Finally, by fusing the features, the reasoning
of the subject-object relationship is achieved, forming triplets that describe the
construction process. Figure 2 depicts the overall process of our method. Following
preprocessing, feature extraction, and rule-based matching, feature fusion is
ultimately achieved through linear concatenation of features, which is then utilized for
relationship reasoning and generate triplets. These triplets contain rich information
about the construction process, including the time, location, status, task, and
construction object of workers during operation.
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Fig. 1. Spatiotemporal Attention in transformer
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Fig. 2. Framework of relation reasoning

4 Experiments and Results

Our training set contains 1842 labeled data, which is split into a training set and a
testing set in a 2:1 ratio. The experimental environment is based on PyTorch 1.13.0,
utilizing two Nvidia 3090Ti 24GB GPUs for pre-training and testing. The training
parameters are shown in Table 1. During the model training process, learning rate
decay was applied, reducing the learning rate to 50% of its original value every 2000
steps. To validate the effectiveness of our model, we conducted ablation experiments
to explore the effectiveness of each module of the model. In the experiments, we
separately removed the classification feature fusion module and the spatial position
feature fusion module. The results showed a significant performance drop when these
modules were removed.

Table 1. Hyperparameters for training and model structure

Hyperparameters for training Value Hyperparameters Value
Optimizer adamw Transformer layers 12
Learning rate (LR) 1073 Transformer hidden size 768
LR warmup step 200 Transformer MLP size 3072
Weight decay 0.01 Transformer heads 12
Dropout rate 0.2 Input Size 224%224

Max step 8000 Input Frame 30
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Table 2. Result of the test

Tests Accuracy
Test 1: Our Method 92.94
Test 2: Remove category encoding module 89.88
Test 3: Use LSTM bounding box encoding 86.14
Test 4: Remove spatial relative position encoding 82.19

5 Conclusion

This study established a spatiotemporal attention feature extraction model and a
relationship inference model suitable for construction site videos based on the
aforementioned methods. Additionally, a visual relationship detection dataset for
construction sites was created. The effectiveness of the proposed model was validated
through ablation experiments. It is worth noting that factors such as occlusion and
lighting conditions at construction sites may affect the results. Experimental results
show that our method achieved an accuracy of over 90% on the test set,
demonstrating a great performance. By analyzing construction visual information, this
study established a mapping relationship from the visual modality to the relationship
graph, enabling the understanding and analysis of construction scenes. This provides
an effective source of information for the dynamic regulation, process optimization,
digital twins, and intelligent management of complex construction scenarios in the
future.
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