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Deep learning platform architecture for monitoring image-
based real-time construction site equipment and worker
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ABSTRACT: Recently, starting with smart construction research, interest in technology that automates construction site management using
artificial intelligence technology is increasing. In order to automate construction site management, it is necessary to recognize objects such
as construction equipment or workers, and automatically analyze the relationship between them. For example, if the relationship between
workers and construction equipment at a construction site can be known, various use cases of site management such as work productivity,
equipment operation status monitoring, and safety management can be implemented. This study derives a real-time object detection
platform architecture that is required when performing construction site management using deep learning technology, which has recently
been increasingly used. To this end, deep learning models that support real-time object detection are investigated and analyzed. Based on
this, a deep learning model development process required for real-time construction site object detection is defined. Based on the defined
process, a prototype that learns and detects construction site objects is developed, and then platform development considerations and

architecture are derived from the results.
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Figure 2. YOLO model architecture(Conv = Convolution Net)
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Figure 10. Platform architecture
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Table 3. Architecture component role definition

No Component Con.5|de Role
ration
1 | Service C1 Service business logic
2 | Dashboard C1 Dashboard for service information
idenfication and management
3 | Service Lifecycle C1 Management component for service
Management definition, execution, deletion
4 | REST APl server C2,C5, REST API for communication with
Cé Deep learning data
5 | Database C1 Database to manage service data
6 | Deep Learning Model | C3,C5 Standard data exchange module to input
Standard Exchange and output data with service which supports
JSON, XML, VOC, COCQ format etc.

7 | Evaluation matrix C3 Deep learning model evaluation
matrix management module
8 | Labeling Tools C3 Labeling tools for defining labels
9 | Train dataset C3 Train dataset to build deep learning
model
10 | Predicted dataset C3 Predicted dataset for evaluating deep
learning model
11 | Deep Learning Model | C4 Trained deep learning model
12 | GPU Docker Image C4,C7 GPU Docker for supporting GPU
hardware
13 | Docker Container C7 Docker container to support and
manage various deep learning
models
14 | Deep Learning C2,C3 Deep learning model lifecycle
Model Lifecycle management to support model load,
Management save
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