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Image Captioning in Chinese for Construction Activity Scene 

Understanding Using a Pre-trained Cross-modal Language Model 

Yuexiong DING, Xiaowei LUO* 

Department of Architecture and Civil Engineering, City University of Hong Kong, Hong Kong, China 

xiaowluo@cityu.edu.hk 

Abstract. With the popularity of surveillance cameras, many vision-based artificial intelligence (AI) 

agents have been applied to construction projects, significantly improving management efficiency 

and workers' productivity. However, only a few works study scene understanding because it is one 

of the most challenging topics of intelligent monitoring. Besides, as a big construction country, 

China lacks corresponding AI research based on Chinese in the construction field, which seriously 

hinders the further development of China's construction industry. Therefore, this paper proposes a 

Vision-based BERT (V-BERT) model for construction activity scene understanding. A Chinese 

caption dataset named Images of Jobsite Daily Activity and Chinese Captions (IJDACC) is created 

to verify V-BERT's performance. Some data augmentation operations are then used to enlarge the 

training set further. Two evaluation systems are established to evaluate V-BERT's comprehensive 

performance. The experimental results show the V-BERT achieves state-of-the-art performance in 

the construction area with an average performance improvement of 171.20%. 

1. Introduction

With the popularity of surveillance cameras in construction sites, a large number of vision-

based Artificial Intelligence (AI) agents have been applied to construction projects. The 

captured visual information can be used to evaluate workers' safety status (Kim et al., 2016) 

and recognize workers' activities and working conditions (Luo et al., 2018), significantly 

improving management efficiency the workers' productivity. However, most existing vision-

based researches focus only on the part of the image content. Thus, scene understanding, a 

comprehensive understanding of the captured image content, is worth more exploration. On the 

other hand, it is well-known that China is a big construction country. As the "Global 

Construction 2030" report goes, China will become one of the leading countries driving the 

development of the global construction market by 2030 (Robinson, 2015). However, there are 

fewer AI-related studies based on Chinese in the construction area, hindering the further 

intelligence of China's construction industry. 

Therefore, in view of the urgent development needs of China's construction industry, a cross-

modal language model named the vision-based BERT model (V-BERT) is proposed for scene 

understanding. To verify the proposed model's effectiveness, this study creates a new Chinese 

image caption dataset containing everyday construction activity scenes and regulated 

description sentences. Some data augmentation techniques are then utilized to enlarge the 

training set for building a better model. Finally, some experiments are conducted, following 

results showing the state-of-the-art performance in the area of construction. The following 

article is structured as follows: Section 2 introduces the related work of the existing vision-

based techniques in the construction domain. Section 3 describes the proposed methods. Section 

4 conducts the experiments and presents the results. Section 5 and Section 6 provide discussion 

and conclusions. 

2. Literature review 

In general, the existing vision-based AI models in the construction field can be divided into 

object recognition, pose estimation, activity identification, and scene understanding according 

to different uses.  
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Object recognition commonly involving object detection and object tracking. For example, Q. 

Fang et al. (2018) utilized the Faster R-CNN model to detect whether the workers wore helmets. 

Roberts and Golparvar-Fard (2019) applied a Tubelets Convolutional Neural Network (CNN) 

to track the trajectory of the earthmoving equipment such as excavators and dump trucks. 

However, these object recognition models only identify some of the targets in the activity scene 

content.  

Pose estimation mainly involves the posture recognition of workers and equipment. For 

example, Zhang et al. (2018) utilize the ergonomic posture recognition (EPR) technique based 

on three-dimensional skeleton motion captured by the ordinary camera to recognize workers' 

postures, while Luo et al. (2020) proposed an ensemble model (HG-CPN) for full-body poses 

estimation of on-site equipment to avoid potential hazards or casualties. However, pose 

estimation only focuses on describing the detected objects' current state, ignoring their 

relationship.  

Activity identification aims to detect and tag the relationship between the detected objects based 

on recognizing objects' postures. For example, Luo et al. (2018) proposed a two-streams (spatial 

and temporal) CNN model to identify workers' activities with an accuracy of 80.5%. 

Considering the importance of workers' safety, Ding et al. (2018) developed a deep hybrid 

learning model integrating CNN and long short-term memory (LSTM) to recognize workers' 

unsafe behaviors automatically. Though activity identification successfully finds out the 

relationship between the detected objects, it is still limited for describing the whole scene since 

the activity is just one of the essential scene elements. 

Scene understanding requires recognizing objects in the images and identifying various detailed 

information such as the attributes and states of the objects, the relative positions, and 

relationships between the objects. According to this functional definition, object, pose, and 

behavior recognition are only part of scene understanding, indicating it is more challenging 

than the tasks above. With the development of image caption technologies, an efficient way for 

scene understanding has gradually been explored. For example, Liu et al. (2020) proposed a 

CNN-LSTM-based English image captioning model to manifest construction activity scenes. 

Nevertheless, it cannot be used for non-English contexts. Besides, based on traditional deep 

neural networks, Liu's model has several limitations, such as large data demand.  

Developed from the Transformer(Vaswani et al., 2017), the BERT (Bidirectional Encoder 

Representations from Transformers) takes the place of RNN in NLP tasks and has achieved the 

best performance in many NLP tasks (Devlin et al., 2018). BERT is a pre-training model trained 

on a large corpus, which allows training a better model with fewer data. In addition, BERT 

utilizes self-attention and position encoding methods to capture the temporal features, which 

utterly free from the effects of long-term dependence. Therefore, BERT has great potential in 

image caption task, being worth exploring. 

3. Methodology 

Figure 1 shows the structure of the V-BERT model. Cross-modal means the model can not only 

capture visual information from the images but also learn the expression logic from the existing 

Chinese captions. Specifically, the proposed V-BERT model utilizes a deep CNN to extract 

visual features and initializes the language model with a pre-trained Chinese BERT model to 

generate the image captions. The visual components are involved in computing at each Vision-

based Conditional Layer Normalization (VCLN) of BERT. After fine-tuning on a small Chinese 

captions dataset related to the construction activity scenes, the proposed model can generate a 

fluent and logical Chinese sentence according to the visual information and expression ability 

the model has captured and learned.  
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Figure 1 The structure of V-BERT. 𝑁 is the max length of the input sequence 

3.1 Vision-based conditional layer normalization (VCLN) 

Intuitively, BERT is created to solve the NLP tasks, which means it can not easily handle the 

visual information. How to make the BERT can deal with the visual features becomes a crucial 

problem in this research. To address this problem, therefore, a Vision-based Conditional Layer 

Normalization (VCLN) technique is adopted.  

Layer normalization (LN) used in the original BERT model was proposed by (Ba et al., 2016) 

mainly to solve the batch size problem of batch normalization (BN). Similar to BN, the LN can 

be formalized by equations (1), (2), (3). Where 𝐚𝑙 is the activation output of  𝑙𝑡ℎ layer, 𝜇𝑙 and 

𝜎𝑙 denote the mean and variance of the  𝑙𝑡ℎ layer, 𝑁𝑙 denotes the number of hidden units in 𝑙𝑡ℎ 

layer, and 𝐡𝑙 represents the output of 𝑙𝑡ℎ LN. 𝐠𝑙 and 𝐛𝑙 are defined as the trainable gain and 

bias parameters of the same dimension as 𝐡𝑙. 𝜖 is a very tiny value avoiding dividing by zero 

and ⨀ is the element-wise product. 

 
𝜇𝑙 =

1

𝑁𝑙
∑ 𝑎𝑖

𝑙
𝑁𝑙

𝑖=1
 (1) 

 

𝜎𝑙 = √
1

𝑁𝑙
∑ (𝑎𝑖

𝑙 − 𝜇𝑙)
2𝑁𝑙

=1
 (2) 

 
𝐡𝑙 =

𝐚𝑙 − 𝜇𝑙

√(𝜎𝑙)2 + 𝜖
⨀𝐠𝑙 + 𝐛𝑙 (3) 

To make the BERT model be able to process the visual information, the vision-related 

components are involved in the calculation of LN, which is inspired by conditional batch 

normalization (CBN) that implements the combination of language features in the process of 

image feature extraction. The VCLN can be represented by equations (4), (5), (6). Where MLP 

is the multi-layer perceptron neural network, and 𝑓𝑖𝑚𝑔 represents the visual features. Since 𝐠𝑙 

and 𝐛𝑙  were the trainable parameters in the pre-trained BERT model, it can not be directly 

replaced by ∆𝐠𝑙 and ∆𝐛𝑙 or the knowledge contained in 𝐠𝑙 and 𝐛𝑙 that the BERT model has 

learned in the pre-training phase would be lost. Therefore, ∆𝐠𝑙 and ∆𝐛𝑙 are respectively added 
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to 𝐠𝑙 and 𝐛𝑙 as a small increment, which makes the original BERT model able to process and 

generate language under the constraints of the visual information. 

 
{
∆𝐠𝑙 = MLP𝐠

𝑙(𝑓𝑖𝑚𝑔)

∆𝐛𝑙 = MLP𝐛
𝑙(𝑓𝑖𝑚𝑔)

 (4) 

 
{
𝐠𝑛𝑒𝑤
𝑙 = 𝐠𝑙 + ∆𝐠𝑙

𝐛𝑛𝑒𝑤
𝑙 = 𝐛𝑙 + ∆𝐛𝑙

 (5) 

 
𝐡𝑛𝑒𝑤
𝑙 =

𝐚𝑙 − 𝜇𝑙

√(𝜎𝑙)2 + 𝜖
⨀𝐠𝑛𝑒𝑤

𝑙 + 𝐛𝑛𝑒𝑤
𝑙  (6) 

3.2 Model training and prediction 

The first step of model training is to generate the training samples. As shown in the upper part 

of Figure 2, a sentence is first mapped word by word to an integer token sequence through the 

vocabulary dictionary. The Start ID and End ID are then inserted into the head and the tail of 

the token series, respectively. To make sure the model be able to handle all the samples, the 

mapped token sequences finally need to be padded with zero to the fixed-length 𝑁.  

After obtaining an output token sequence, the loss is calculated using the token series T[2:𝑁] 
and T̂[1: 𝑁 − 1] of input and output, as shown in the bottom part of  Figure 2. This is not only 

because the first token of the input sequence is a meaningless beginning flag but also can make 

sure the model be able to forecast the first meaningful token when the input sequence only has 

the start token. Note that the output series has no start token but has the end token, and the 

padding tokens are excluded when computing the loss.  

Figure 3 demonstrates how to predict a sentence according to a given image. At the beginning 

of the prediction, the model needs to infer the first meaningful token according to the learned 

knowledge and the input visual features when the input sequence has only the start token and 

then continues to predict the next single token in turn based on the previous predictions. The 

Beam Search is used in this stage as the inference method to generate the best sub-sentence 

according to the predicted token at each step. In practice, the output values of the Softmax layer 

are commonly used as the score for tokens in each step,  and the cumulative sum of each token 

score is the final score of the sub-sentence. Stop inferring when the End ID appears in a sub-

sentence with the best-score or the length of all sub-sentences reaching the max length. 

 
Figure 2 Sample generation and model training. 
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Figure 3 Beam search prediction using V-BERT. Though token T̂𝑡−1 in step 𝑡 may be different, to 

simplify the drawing, the superscript of token T̂𝑡−1 is not shown in the figure after step 1 

4. Experiments 

4.1 Data collection and preprocessing 

To carry out the experiments and validate the proposed model, the authors have created a private 

dataset named Images of Jobsite Daily Activity and Chinese Captions (IJDACC). In detail, we 

have collected about 1227 job site daily activity images. The source of the images was diverse. 

Some were collected directly from the jobsite, some were obtained from the internet, and some 

were from Liu's research (Liu et al., 2020). Thanks to Liu's generous sharing. Similar to the MS 

COCO caption dataset (Chen et al., 2015), each image has at least five Chinese descriptive 

sentences. All the sentences were given by different people through Internet crowd-sourcing to 

obtain diversified image captions. The annotators were required to read the description rule 

document carefully to ensure they were trained to give the appropriate Chinese sentences.  

The content of the image description includes the type and count of the worker and the related 

activities, worker-related or construction-related objects (such as helmet, reflective vest, gloves, 

safety belt, trolley, etc.) and the corresponding color and count. Table 1 shows some examples 

of the image descriptions for the major types of activities, including Bricking, Rebar Work, 

Transporting, Plastering, Scaffolding, Concreting, and Other activities without workers or can 

not be clearly identified. To save space, here, we only show a sample picture of the main types 

of work and some descriptive sentences. Different types of keywords in a sentence are masked 

with different colors for a more intuitive demonstration, and the color legend is at the bottom 

of Table 1. 

Table 1 Some examples of image captions in IJDACC 

Activity Image Example Chinese Image Description English Translation 

Bricking  

（砌筑） 

 

 一个穿着白色衣服戴着白色手套和橙红

色安全帽的砌筑工在室外用红色小砖块

砌墙。 

 一名砌筑工人穿着白色短袖戴着白色手

套和橙色安全帽正在室外用红色小砖头

砌砖墙。 

 A bricklayer, dressed in 

white clothes, white 

gloves and an orange-

red safety helmet, was 

building walls with 

small red bricks 

outside. 

Rebar Work  

（绑钢筋） 

 

 一个戴着黄色安全帽和红白色手套穿着

橙色反光衣的钢筋工人在绑柱子的钢

筋。 

 一个穿着橙色反光背心戴红白色手套和

黄色安全帽的钢筋工在绑钢筋。 

 A steelworker in a 

yellow helmet, red and 

white gloves and an 

orange reflective vest 

tied the steel bars of the 

post. 



 

6 

 

Transporting  

（搬运） 

 

 一个穿着绿色反光背心的搬运工人在推

着一辆装满混凝土的独轮小推车。 

 一名穿着绿色荧光安全马甲的搬运工人

正用一辆独轮手推车运输渣土。 

 A porter wearing a 

green reflective vest is 

pushing a wheelbarrow 

full of concrete. 

Plastering  

（抹灰） 

 

 一个戴着橙红色安全帽穿着白色衣服的

抹灰工在给墙抹水泥砂浆。 

 一名戴红色安全帽的抹灰工人正在给墙

上水泥砂浆。 

 A plasterer in an 

orange-red safety 

helmet and white 

clothes is plastering the 

wall with cement 

mortar. 

Scaffolding  

（搭建架子） 

 

 两名系着安全带戴着黄色安全帽穿红色

工作服的架子工人正在高处架设铁架。 

 两个穿着安全背带和红色制服戴着黄色

安全帽和手套的架子工在搭建脚手架。 

  

 Two scaffolders in 

seatbelts, red uniforms, 

yellow helmets and 

gloves are building 

scaffolding. 

Concreting  

（混凝土浇筑） 

 

 一群戴着手套和黄色安全帽的混凝土工

在楼层顶部浇筑混凝土。 

 多名戴着黄色安全帽和手套的混凝土工

人正在钢筋网上浇筑混凝土。 

A group of concrete 

workers in gloves and 

yellow helmets poured 

concrete at the top of the 

floor. 

Others 

 

 一台黄色的挖掘机正在开挖地面。 

 一台黄色挖掘机正在开挖土方。 

A yellow excavator is 

digging the ground 

 

Table 2 Data summary before and after data augmentation 

Activity 

Original  Augmented  

Image Sentence Image Sentence 

Total Train Val Test Total Train Train Train 

Bricking 382 261 61 60 1910 1305 2088 10440 

Rebar Work 350 239 55 56 1750 1195 1912 9560 

Transporting 168 119 25 24 840 595 952 4760 

Plastering 58 41 9 8 290 205 984 4920 

Scaffolding 57 38 10 9 285 190 912 4560 

Concreting 42 28 7 7 210 140 896 4480 

Others 170 125 23 22 850 625 1000 5000 

Sum  1227 851 190 186 6135 4255 8744 43720 

After collecting the dataset, we checked all the sentences manually to correct the text errors like 

omissions, repetitions, and typos, then divided the images and their corresponding descriptions 

into the training set, validation set, and testing set by 70%, 15%, 15%, respectively. The 

stratified random sampling method was used when splitting the dataset to ensure that different 

categories of images are distributed proportionally in the training, verification, and testing set. 

To build a better model, some data augmentation operations were adopted to enlarge the 

training set.  Unlike image classification, image captioning in this study needs to see the whole 

area of the image. Hence, any operation that impairs image quality and integrity did not use 

during augmenting. In practice, we adopted different combinations of flip (original, vertical and 

horizontal) and rotating (0°, 90°, 180°, and 270°) and obtained seven new different images 

finally by removing the repeated ones. The descriptive sentences of the augmented images were 

directly copied from the original images. After this operation, the number of images and 

sentences was eight times than before. A simple copy operation was then used to enlarge the 
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image of Plastering, Scaffolding, and Concreting to the nearly same quantity level of the 

Transporting's, which can not only balance the training set to a great extent but also avoid a 

significant offset of the predicted distribution. Note that data augmentation only applied to the 

training set. After enlargement, the total number of training images increased from 851 to 8744, 

and the sentences rose from 4255 to 43720, as shown in Table 2.  

4.2 Evaluation metrics 

In order to comprehensively evaluate the performance of the proposed V-BERT model, two 

evaluation systems were utilized to reflect the accuracy of the generated text and the generated 

key elements, respectively. 

Evaluation system for text generation. The first one is the text generation evaluation system, 

which aims to evaluate the accuracy, fluency, and naturalness of the generated text. Some 

famous metrics in this system are BLEU, ROUGE-L, METEOR, CIDEr-D, and SPICE. The 

first step in text generation evaluation is to cut the predicted and reference sentences into meta-

units. There are two segmentation methods for Chinese sentences, as shown in Figure 4. The 

traditional way is the single Chinese character segmentation(SCCS) that considers every single 

Chinese character as a meta-unit. Another method is Chinese word segmentation (CWS). The 

meta-unit in CWS is a meaningful Chinese word that includes multi-Chinese characters. For 

CWS, there are many excellent tools, such as Jieba (https://github.com/fxsjy/jieba) and Pkuseg 

(https://github.com/lancopku/PKUSeg-python), which were also adopted in this paper. 

 

Figure 4 Different segmentation methods 

Evaluation system for key-elements generation. Another one is the evaluation system for 

generated components, which designs to evaluate the key elements' accuracy in the generated 

sentences.  The standard metrics in this system are Precision, Recall, and F-Score. The formulas 

of these three metrics are shown in Figure 5 (a). When 𝛽 = 1, F-Score becomes the F1 score, 

which was adopted in this paper. Figure 5 (b) shows an example of calculating TP, FN, FP, and 

TN when the key element is "rebar worker". 

 

 
                                         (a) 

 
 

 

                                      (b) 

Figure 5 (a) Calculation of Precision, Recall, and F-score. (b) Calculation of TP, FN, FP, and TN of 

rebar worker 

https://github.com/fxsjy/jieba
https://github.com/lancopku/PKUSeg-python
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4.3 V-BERT modeling 

We utilized the deep CNN model Resnet152 (He et al., 2016) trained on ImageNet to extract 

the image features and initial the language model with a pre-trained Chinese BERT model 

Chinese_wwm_ext_L-12_H-768_A-12 (https://github.com/ymcui/Chinese-BERT-wwm), 

which was an advanced edition of Google's Chinese BERT model. The Adam algorithm was 

chosen to be the optimizer, and the learning rate was set to 1.0E-5. The batch size was equal to 

32, and the early stopping strategy was also adopted to prevent over-fitting.  

As shown in Table 3, four different types of segmentation methods: SCCS, Jieba_HMM, 

jieba_noHMM, and Pkuseg, were utilized to divide the meta-units. HMM indicates whether to 

use Hidden Markov Model. According to the results, all the metric values of method SCCS 

except M  were obviously higher than the values of three other methods. However, the metrics 

values of the three other methods were relatively stable. It might reveal that the performance 

would be overestimated when only using the SCCS method. Thus, the authors adopted the Avg 

value as the final performance in Chinese text generation, which may be more prudent than 

using any other single method.  

We also evaluated the performance in key element generation. According to the results shown 

in Table 4, the average F1 score of all categories was higher than 0.5, and the average F1 score 

of the Workers, Activities, and Objects was greater than 0.7. 

4.4 Comparison experiments 

To make a direct comparison, the authors trained a new V-BERT model based on the dataset 

used in model E#3 developed by (Liu et al., 2020). Since the dataset was based on English, 

Google's pre-trained English BERT (Uncased_l-12_h-768_a-12) was adopted to initialize the 

V-BERT model, which was named V-BERT_EN in Table 5. The evaluation results showed 

that all the metric values of the V-BERT_EN model were obviously higher than E#3's, 

indicating that the text generation performance of the V-BERT_EN model was significantly 

better than the E#3 model.  

The trained V-BERT_EN model was then used to repeated Liu's another experiment to test key 

elements generation performance. The results are shown in Table 6. The performance 

improvement percentage of each category was calculated to show the enhancement. Except 

Object I, the V-BERT_EN's performance in key elements generation of other categories were 

considerably better than Liu's model, especially in Object II and Relationships, which got the 

great improvement percentage of 432.2% and 380.83%, respectively; and finally achieved an 

incredible mean improvement percentage of 171.20%. 

To sum up, after analyzing two comparative experiments, it is reasonable to conclude that the 

proposed V-BERT model achieves state-of-the-art performance in the field of construction. 

Table 3 Text generation performance of the V-BERT model in different segmentation methods with 

Beam Size = 5 

Segment Type B_1 B_2 B_3 B _4 M R_L Cr-D S 

SCCS 0.8105 0.7460 0.6913 0.6422 0.4168 0.7294 1.8197 0.6394 

Jieba_HMM 0.7494 0.6472 0.5651 0.4949 0.4168 0.6517 1.3749 0.4859 

Jieba_noHMM 0.7794 0.6820 0.6033 0.5352 0.4168 0.6836 1.5107 0.5363 

Pkuseg 0.7741 0.6738 0.5953 0.5266 0.4168 0.6700 1.3167 0.5169 

Avg 0.7783 0.6873 0.6137 0.5497 0.4168 0.6837 1.5055 0.5447 

*B, M, R_L, Cr-D, S, and T denote BLEU, METEOR, ROUGE_L, CIDEr-D, SPICE, and forecasting time (the 

same below). 

Table 4 Key elements generation performance of the V-BERT model 

Categories Components TP TP+FP TP+FN P R F1 F1_Avg 

https://github.com/ymcui/Chinese-BERT-wwm
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Workers 

Bricklayer 59 72 60 0.8194 0.9833 0.8939 

0.7858 

Rebar worker 43 52 56 0.8269 0.7679 0.7963 

Mover 18 20 24 0.9000 0.7500 0.8182 

Plasterer 9 11 9 0.8182 1.0000 0.9000 

Scaffolder 8 16 9 0.5000 0.8889 0.6400 

Concreter 5 8 7 0.6250 0.7143 0.6667 

Activities 

Bricking 59 72 60 0.8194 0.9833 0.8939 

0.7742 

Rebar work 40 49 53 0.8163 0.7547 0.7843 

Transporting 18 20 24 0.9000 0.7500 0.8182 

Plastering 8 10 9 0.8000 0.8889 0.8421 

Scaffolding 8 16 9 0.5000 0.8889 0.6400 

Concreting 5 8 7 0.6250 0.7143 0.6667 

Objects 

Helmet 158 170 162 0.9294 0.9753 0.9518 

0.7242 

Reflective vest 40 48 63 0.8333 0.6349 0.7207 

Gloves 72 97 99 0.7423 0.7273 0.7347 

Safety belt 2 3 8 0.6667 0.2500 0.3636 

Trolley 17 19 21 0.8947 0.8095 0.8500 

Colors 

H-Red 11 16 32 0.6875 0.3438 0.4583 

0.5359 

H-Yellow 85 111 106 0.7658 0.8019 0.7834 

H-Orange 5 19 11 0.2632 0.4545 0.3333 

H-White 8 13 13 0.6154 0.6154 0.6154 

RV-Green 5 6 24 0.8333 0.2083 0.3333 

RV-Orange 28 42 39 0.6667 0.7179 0.6914 

Counts 

W-One 96 112 123 0.8571 0.7805 0.8170 

0.6148 W-Two 16 36 44 0.4444 0.3636 0.4000 

W-Multi 16 32 19 0.5000 0.8421 0.6275 

*H-Red, RV-Green, W-One, W-Multi denote red helmet, green reflective vest, one worker, more than four workers. 

Table 5 Performance comparison in text generation 

Model B_1 B _4 M R_L Cr-D S 

E#3 0.680 0.491 / 0.616 1.605 0.354 

V-BERT_EN 0.8312 0.7387 0.5083 0.8281 4.0314 0.4894 

Table 6 Key elements generation performance comparison 

 Object TP TP+FP TP+FN F1 F1_Avg 
F1 of 

E#3 
Improvement (%) 

Object I Worker/man 79 79 80 0.9937 0.9937 0.9937 0.0000 

Object II 

Cart(s) 15 15 15 1.0000 

0.9899 0.1860 432.2038 Brick(s) 32 34 32 0.9697 

Bar(s) 31 31 31 1.0000 

Object III 

Helmet 51 52 68 0.8500 

0.8472 0.7070 19.8334 Reflctive  

vest(s) 
19 19 26 0.8444 

Relationships 

Lay(ing)/ 

Build(ing) 
26 27 27 0.9630 

0.9136 0.1900 380.8317 Tie(Tying) 30 30 30 1.0000 

Pull(ing)/ 

Push(ing) 
7 7 11 0.7778 

Attributes 
H-Yellow 24 26 39 0.7385 

0.8471 0.6880 23.1260 
W-One 54 55 58 0.9558 

Mean / / / / / / / 171.1990 

5. Discussion 

By understanding the image content, the proposed V-BERT model can be applied to several 

aspects to facilitate the development of Intelligent Jobsite.  
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First of all, the V-BERT model can be used to assess worker's safety status by analyzing the 

presence or absence of specific keywords in the generated image captions such as helmet, 

reflective vest, gloves, safety belt, etc. As shown in Figure 6 (a), After matching the keywords, 

the condition of the worker can be got (he is bricking outdoor, wearing a helmet and gloves). 

Then the corresponding pre-defined rules under this condition are used to evaluate worker's 

safety status and finally output the assessment result. Similarly, by matching the keywords 

related to work activities, it is easy to identify ongoing activities in the image. Therefore, the 

V-BERT model can be used for automatic progress monitoring or construction process 

monitoring.  

Moreover, with the development of smart construction sites, a large number of images would 

be produced every day by many visual sensors. It would be another challenge to store and 

retrieve such a large-scale image dataset efficiently. Fortunately, the image captions output 

from the V-BERT model can also be used to generate tags as images index, as shown in Figure 

6 (b), which can significantly reduce the stress of image storage and retrieval.  

Last but not least, since Google has publicly released a multilingual BERT model, it is also 

significant that this study provides some inspiration (such as the V-BERT framework) for those 

countries that do not speak English to quickly develop the text generation models based on their 

national language using a small dataset. 

 

Figure 6 Examples of possible application prospects of the V-BERT model. M and O denote 

mandatory and optional, respectively. 

6. Conclusion 

This study proposed a V-BERT model for job site scene understanding. An IJDACC dataset 

was created, and some data augmentation operations were adopted to enlarge the training set. 

The experimental results show that the proposed V-BERT model achieves state-of-the-art 

performance in the construction area with an average performance improvement of 171.20%.  
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The limitation of this study mainly lies in the amount of data, the diversity of sentences, and 

the accuracy of some critical elements like Colors and Counts. In the future, continue to enlarge 

the IJDACC dataset is one of the crucial steps. Besides, developing some augmentation 

methods for descriptive sentences is also a desirable research direction. Finally, it is also worth 

exploring some different methods of extracting visual features or combining visual features 

with the BERT model. 
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