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Abstract: Construction accidents are a major contributor to occupational fatalities. To tackle this
issue, improved monitoring for hazard elimination is crucial. By introducing a deep-learning image
captioning system, we identified hazards via closed-circuit television in construction sites. By
leveraging Inception-v3 for feature extraction and the gated recurrent unit for caption generation,
real-time hazard monitoring was enabled. Bilingual evaluation understudy scores were determined
for continuous and effective hazard detection, helping construction managers enhance safety.
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1. Introduction

Construction accidents are a major cause of occupational fatalities worldwide [1–3].
The most effective way to prevent accidents is to eliminate hazards [4]. However, current
methods depend on manual inspections by limited safety personnel and are ineffective for
real-time monitoring. An alternative to this method is the use of closed-circuit television
(CCTV) monitoring [5]. Hazard identification from CCTV images is manually conducted
by supervisors, which is impractical for continuous operation [6]. Thus, we explored
an AI-based image-captioning approach using a deep learning model with an attention
mechanism. It utilizes a pre-trained Inception-v3 network [7] for feature extraction and
a gated recurrent unit (GRU) [8] for caption generation. Preliminary tests using bilingual
evaluation (BLEU) scores [9] showed promising results regarding the model’s effectiveness
for captioning hazard images.

2. Literature Review
2.1. Hazard Identification in Construction

A “hazard” is defined as a dangerous condition potentially causing injury, property
damage, or environmental impact [10]. According to Heinrich’s Domino Theory, accidents
can be prevented by removing underlying factors [11]. Traditional identification of hazard
images adopts process hazard analysis (PHA) to identify possible hazardous scenarios [12].
However, this method is ineffective in dynamic construction sites where safety measures
can be temporarily compromised.

Safety personnel use regular patrols and CCTV to monitor real-time hazards. Ad-
ditionally, computer vision technologies have been employed to identify hazards [13].
Despite technological advancements, the use of CCTV for real-time hazard detection has
been underexplored. Using CCTV effectively, existing safety equipment can be utilized to
ensure continuous surveillance to reduce accident risks on construction sites [5].
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2.2. Image Caption and Applications

Image captions are generated as descriptive sentences for images using various tech-
niques [14]: (1) template-based methods, which use syntactic parse trees from datasets;
(2) image search-based methods, comparing target images against dataset images; (3) deep
learning-based methods, utilizing neural networks for multimodal transformations to
convert images into text [15]. Recently, deep learning methods have been widely chosen
for use over MS COCO image caption generation due to its inherent challenges [16]. The
architecture for these models is the encoder–decoder framework, integrating a convolu-
tional neural network (CNN) for image extraction and a recurrent neural network (RNN)
for sentence generation [15]. Examples of deep learning-based models include the neural
image caption (NIC) model [16], mask RCNN + LSTM with attention mechanisms [17],
self-critical sequence training [18], and transformer [19].

Image captioning has shown success in various fields [15–19] but is relatively new
in construction engineering. Liu et al. [20] and Wang et al. [17] applied it to describe
construction scenes and extract semantic information from images and videos, respectively.
Although promising, their results are simple descriptions with limited semantic detail,
and thus, are inadequate for complex hazardous construction scenarios. This limitation
highlights the importance of the current study.

3. Method

We employed a conventional architecture that combines an Inception v3 deep CNN
encoder to extract image features and a GRU recurrent network decoder to generate
hazard descriptions. The input images were sourced from CCTV cameras widely used on
construction sites.

3.1. Feature Extraction

The proposed model’s feature extraction process adopts a pre-trained Inception v3
network, implemented via a MATLAB 2023 program, as detailed in Figure 1. Initially, the
model gathers information on the network’s input size, constructs a layer graph of the
architecture, and removes the classification layers. In the second phase, it introduces a new
image input layer matching the original network’s dimensions and sets the output size to
[8 8 2048], defining the feature maps’ dimensions and depth. Finally, the model creates a
deep learning network based on Inception v3, specifically adapted for feature extraction
by omitting the final classification layers, enhancing its suitability for high-level feature
extraction across various computer vision tasks.
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Figure 1. Procedure of proposed method. 

3.2. Caption Generation 
The process of generating image captions is implemented through a MATLAB pro-

gram with the following functionalities (Figure 1). The program sets the model’s parame-
ters, such as word embedding dimension (256) and the number of hidden units (512), and 
then initializes encoder and decoder components, including fully connected layers, word 
embeddings, GRU weights, and attention mechanism weights. Next, it defines two critical 
functions: one for processing image data through fully connected layers and rectified lin-
ear unit (ReLU) activation, and another for generating predictions and attention weights 
for captioning. The program then sets training parameters and determines the number of 
epochs, the mini-batch size, and options for visualizing progress, followed by executing a 
custom training loop that includes data shuffling, preprocessing, loss calculation, gradient 
computing, and parameter updating via the Adam optimizer. The loop continues through 
the designated number of epochs, with data shuffling and mini-batch processing occur-
ring during each epoch. 

3.3. Performance Evaluation 
Four key metrics are commonly used to evaluate natural language processing (NLP) 

tasks [17]: (1) BLEU, which measures the precision of n-grams in the generated caption 
and the reference caption; (2) ROUGE, assessing the overlap of n-grams between gener-
ated and reference captions; (3) CIDEr, calculating similarity with the reference caption 
by considering consensus across multiple references; (4) SPICE, evaluating captions by 
parsing them into semantic propositions and comparing these with reference captions. 
Each metric has specific strengths and weaknesses. 

In this study, we used BLEU to evaluate the accuracy of hazard information extrac-
tion and the linguistic quality of the captions in images. We chose BLEU because it effec-
tively evaluates the presence of key terms crucial for describing hazardous scenarios. 
These descriptions involve key terms including objects (e.g., workers, vehicles, materials), 
the accident medium (e.g., scaffolding, openness), and location (e.g., top floor, roof). BLEU 
is outlined in Equation (1), as follows: 
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3.2. Caption Generation

The process of generating image captions is implemented through a MATLAB program
with the following functionalities (Figure 1). The program sets the model’s parameters,
such as word embedding dimension (256) and the number of hidden units (512), and
then initializes encoder and decoder components, including fully connected layers, word
embeddings, GRU weights, and attention mechanism weights. Next, it defines two critical
functions: one for processing image data through fully connected layers and rectified linear
unit (ReLU) activation, and another for generating predictions and attention weights for
captioning. The program then sets training parameters and determines the number of
epochs, the mini-batch size, and options for visualizing progress, followed by executing a
custom training loop that includes data shuffling, preprocessing, loss calculation, gradient
computing, and parameter updating via the Adam optimizer. The loop continues through
the designated number of epochs, with data shuffling and mini-batch processing occurring
during each epoch.

3.3. Performance Evaluation

Four key metrics are commonly used to evaluate natural language processing (NLP)
tasks [17]: (1) BLEU, which measures the precision of n-grams in the generated caption
and the reference caption; (2) ROUGE, assessing the overlap of n-grams between generated
and reference captions; (3) CIDEr, calculating similarity with the reference caption by
considering consensus across multiple references; (4) SPICE, evaluating captions by parsing
them into semantic propositions and comparing these with reference captions. Each metric
has specific strengths and weaknesses.

In this study, we used BLEU to evaluate the accuracy of hazard information extraction
and the linguistic quality of the captions in images. We chose BLEU because it effectively
evaluates the presence of key terms crucial for describing hazardous scenarios. These
descriptions involve key terms including objects (e.g., workers, vehicles, materials), the
accident medium (e.g., scaffolding, openness), and location (e.g., top floor, roof). BLEU is
outlined in Equation (1), as follows:

BLUE = BP · exp(
N

∑
n=1

wnlog pn) (1)

where n denotes the n-gram, wn denotes the weight of the n-gram, BP denotes the short
sentence penalty factor (brevity penalty), and pn denotes the coverage of the n-gram.

4. Preliminary Testing Results

To assess the hazard image caption method, the research team gathered CCTV videos
from Chaoyang University of Technology (CYUT) and created a dataset of images and
captions using their construction hazard description system (CHDS) [5]. The Matlab® Deep
Learning Toolbox’s “Image Captioning Using Attention” program was employed to train
and test the method on these datasets.

4.1. Image Caption Dataset Generation

Figure 2 illustrates the construction of hazard image caption datasets. The process
starts with the caption from an image from a CCTV video, which is then inputted into the
construction hazard description system (CHDS) for captioning. Within CHDS, a domain
expert marks hazard scenarios with a yellow square frame, identifying and classifying
associated objects such as workers and formwork to determine the hazard type. The system
generates a caption describing the hazard. In total, we have captioned 1138 hazard images,
encompassing 1544 site objects. For each hazard image, we generated four synonymous
captions using ChatGPT, resulting in a total of 5690 captions for the 1138 hazard images.
These datasets were employed to train the image caption program.
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4.2. System Training

The “Image Captioning Using Attention” program from the Matlab® Deep Learning
Toolbox® was used to test the proposed method. In the testing experiment, model parame-
ters were initialized with 512 hidden units and a word embedding dimension of 256. The
fully connected network’s weights were initialized using the Glorot initializer. The output
size was matched with the decoder’s embedding dimension (256), and the input size was
aligned with the “mixed10” layer’s 2048 output channels from the pre-trained Inception-v3
network. The mini-batch size was set at 128, with a maximum of 30 epochs, and other
parameters are detailed in Table 1.

Table 1. Parameters of captions.

Initial Learn Rate Mini Batch L2 Regularization Optimizer

0.0001 30 0.01 rmsprop

The hardware for the training experiment includes (1) CPU: Intel Xeon E5-2620v4 @
2.10 GHz, (2) RAM: 40 GB at 2400 MHz, (3) Operating System (OS): Microsoft Windows
10, and (4) GPU: NVIDIA Quadro P2000 (5 GB). The training process lasted over 21.5 h,
encompassing 30 epochs, and culminated in a final BLEU score of 0.3851. This BLEU score
suggests a moderately feasible outcome.

4.3. System Testing

The trained image caption model was evaluated using site hazard images. The caption
generation process of the program is illustrated in Figure 3. The initial step involves
the identification of site objects, including workers and formwork. Subsequently, the
program detects the associated hazard scenario within the image, marked by the yellow-
dot square area. Finally, it proceeds to generate a caption, word by word, to describe the
hazard scenario.

Figure 4 shows a test result of a site image, where a worker standing beside a mobile
crane, without protective barriers, is at risk of being struck.
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5. Conclusions

We explored the generation of image captioning for the construction industry. The ap-
proach involved a traditional encoder–decoder architecture, where an Inception-v3 model
was utilized for image feature extraction, while a GRU recurrent network was used for
caption generation. The method was tested on a dataset comprising 1138 hazard images,
1544 site objects, and 5690 captions, resulting in a moderate BLEU score of 0.3851. While
the results are promising, limitations exist. Firstly, the performance of the pre-trained
Inception-v3 model for object recognition needs refinement. Despite an improvement from
an initial accuracy of 74.4 to 92.53%, enhancement is still demanded. Additionally, it is
essential to enhance the caption generation accuracy of the GRU model, which necessitates
a more extensive image caption dataset surpassing the current 5690 captions. Further-
more, the feature extraction capability of the encoder requires enhancement to increase
its performance.
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