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Abstract

Construction had the most fatal occupational injuries out of all industries due to the high
number of annual accidents. There are many solutions to ensure workers’ safety and limit these
accidents, one of which is to ensure the appropriate use of appropriate personal protective
equipment (PPE) specified in safety regulations. However, the monitoring of PPE use that is
mainly based on manual inspection is time consuming and ineffective. This paper proposed a
new framework to automatically monitor whether workers are fully equipped with the required
PPE. The method based on YOLO algorithm to detect in real-time protective equipment in
images. Along with that, we have built a data set of 4400 images of 6 types of common
protective equipment at the site for training and system evaluation. Several experiments have
been conducted and the results emphasize that the system has demonstrated the ability to
detect PPE with high precision and recall in real-time.

Index terms
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1. Introduction

Construction has been identified as one of the most dangerous job sectors. In Vietnam,
according to the Report of Ministry of labour-invalids, and social affairs in 2017, there
were 8956 occupational accidents nationwide, causing 9173 victims, of which 5.4%
of cases involved not wearing personal protection equipment [1]. Several onsite safety
regulations have been established to ensure the construction workers’ safety. In the
safety regulations, the appropriate use of appropriate personal protective equipment
(PPE) is clearly specified and the contractors must ensure that the regulations are
enforced through monitoring process. The monitoring of the use of PPE is normally
conducted in two areas: the site entry and the onsite construction field. Nowadays, most
of construction fields conduct the monitoring of PPE using manually by inspectors. This
work is tedious, time consuming and ineffective due to the high number of workers to
monitor in the field.
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Recently, several technologies have been proposed to enhance the construction safety.
Among the proposed solutions, computer vision has been widely used [2], [3], [4].
However, most of recent works focus on detecting the use of hardhat on the onsite
construction field. Besides hardhat, others equipment such as glove, shoes need to be
detected in order to ensure the worker safety. Moreover, the monitoring of PPE using
has to be conducted not only on the construction field but also at site entry.

The contribution of the paper is two-fold. First, we propose a deep learning-based
method for detecting six important PPE for workers at site entry. Second, we integrate
the proposed method in a fully automated system for monitoring in real time the use of
PPE. Additionally, an image dataset of 6 PPE has been collected and carefully annotated.
This dataset will be made available for research community.

2. Related works

The enhancement of onsite construction safety has been increasingly received atten-
tions of researchers and industrial practitioners. The proposed solutions can be divided
into two group: non computer vision based and computer vision based technique.

The work of Kelm et al. [5] falls into the first group. The authors designed an
RFID-based portal to check whether the workers’ personal protective equipment (PPE)
complied with the corresponding specifications. Dong et al. [6] use real time location
system (RTLS) and virtual construction are developed for worker’s location tracking to
decide whether the worker should wear helmet and give a warning, while the silicone
single-point sensor is designed to show whether the PPE is used properly for further
behavior assessment. However, these methods are limited in their respective ways. For
example, the worker’s identification card only indicates that the distance between the
worker and PPE is close and the loss of sensors may be a consideration when applying.

Concerning computer vision based techniques, taking into account the important role
of hardhat, several works have been done for hardhat detection. Rubaiyat, et al. [7]
incorporate a Histogram of Oriented Gradient (HOG) with Circle Hough Transform
(CHT) to obtain the features of workers and hardhats. Du et al. [8] combines face
detection and hardhat detection based on color information. In recent years, Deep Learn-
ing has developed extremely fast based on huge amount of training data and improved
computing capabilities of computers. The results for the problem of classification or
detection of objects are increasingly improved. The most recent advanced algorithms
in the object detection field can be mentioned as Faster Region-based Convolutional
Neural Networks (Faster R-CNN) [9], You Only Look Once (YOLO) [10], Single Shot
Multibox Detector (SSD) [11]. Fang et al. applied the Faster R-CNN algorithm to detect
the absence of hardhats and discovering non-certified work [12], [13]. The proposed
method has been evaluated on different situations and shown its performance. However,
most of the current works focus on detecting the use of hardhat on the construction
site. Besides hardhat, others equipment have to be detected. Moreover, to make sure
that the workers use properly PPE, the present of PPE should be checked at entry point
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Fig. 1. The proposed system for real time PPE detection at entry point of the construction field.

of the construction field.

3. Proposed framework

3.1. Overview

Currently, monitoring the use of personal protective equipment is still done manually.
It is costly and inaccurate because a large number of workers need to be checked over
a period of time. In response to these restrictions, the overall objective of this paper is
to propose a novel solution to address the unresolved problem of reliably identifying
workers who comply with safety regulations at the entry point of the construction field.
The proposed system is illustrated in Fig. 1. For this, we design a road segment of 3
meter. In the road segment, a Radio Frequency Identification (RFID), infrared sensor
(IR) and camera are installed. The working scenario is described as follows: Each
worker/employee will go through the designed road segment to check whether the worker
access into the construction site with all kinds of required protective equipment. When
the worker comes to the right position, the identify of the worker will be determined
thanks to RFID technique. Then the PPE detection module from images sequences will
be activated. It is worth to note that, the detecting of PPE can be done by using only one
sole image. However, in order to increase the reliability of the system, PPE detection will
be performed on an image sequence by using majority voting technique from detection
results of every image in the sequence. Therefore, we place an infrared sensor (IR) in the
road segment. Only images captured during the period from the worker passed RFID
position to IR position are used for making decision. Finally, the monitoring results
are sent and saved on the database server. The proposed system consists of three main
module: worker identification, PPE detection and alerting. In the following section, we
describe in detail PPE detection module as it is the main contribution of our work. For
the remaining, we employ the embedded available modules.
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Fig. 2. Illustration of PPE detection based on YOLO network.

3.2. A deep learning-based PPE detection

YOLO network has been introduced by Joseph Remon’s team [10] for object detection.
The first version of YOLO is named YOLO v1. Different from two-stage methods, the
core idea behind this fast detector is a single convolutional network consisting of con-
volutional layers followed by 2 fully connected layers. A single neural network predicts
bounding boxes and class probabilities directly from full images in one evaluation.
For this, YOLO network divides the image into an S × S grid. For each grid cell, it
predicts B bounding boxes, their confidence score and C class probabilities as illustrated
in Fig. 2. The design of YOLO enables end-to-end training and real-time speeds while
maintaining high average precision but still has limitations when detecting the small
objects appeared in groups. Therefore, YOLO v2 is introduced [14]. YOLO v2 has
significant improvements in both accuracy and speed.

The YOLOv2 framework uses a custom network based on the VGG-16 architecture,
which is called Darknet-19. Similar to the VGG models it uses mostly 3 × 3 filters
and double the number of channels after every pooling step.In addition, it uses Network
in Network (NIN) and batch normalization to stabilize training, speed up convergence,
and regularize the model. Its structure is detailed on the layer type, input, output, filter
number, filter size (including stride), as shown in Table 1. The filter number of final
convolutional layer is calculated according to the number of classes required as eq. 1.

Filter = (classes+ 5) ∗ anchor; (1)

Since the number of classes is 6 and the number of anchors is 5, we have 55 filters
in the last layer. With the training process, we finetune YOLO from the pre-trained
model on Imagenet for PPE detection. For this fine-tuning, we train with weight decay
of 0.0005, momentum of 0.9, learning rate of 10−3 and we also use data augmentation
including random crops, rotations, and hue, saturation, and exposure shifts. Besides, we
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Table 1. Network architecture YOLOv2

Layer Filters Size Input Output

Convolutional 32 3x3/1 416x416x3 416x416x32
Maxpool 2x2/2 416x416x32 208x208x32
Convolutional 64 3x3/1 208x208x32 208x208x64
Maxpool 2x2/2 208x208x64 104x104x64
Convolutional 128 3x3/1 104x104x64 104x104x128
Convolutional 64 1x1/1 104x104x128 104x104x64
Convolutional 128 3x3/1 104x104x64 104x104x128
Maxpool 2x2/2 104x104x128 52x52x128
Convolutional 265 3x3/1 52x52x128 52x52x256
Convolutional 128 1x1/1 52x52x256 52x52x128
Convolutional 256 3x3/1 52x52x128 52x52x256
Maxpool 2x2/2 52x52x256 26x26x256
Convolutional 512 3x3/1 26x26x256 26x26x512
Convolutional 256 1x1/1 26x26x512 26x26x256
Convolutional 512 3x3/1 26x26x256 26x26x512
Convolutional 256 1x1/1 26x26x512 26x26x256
Convolutional 512 3x3/1 26x26x256 26x26x512
Maxpool 2x2/2 26x26x512 13x13x512
Convolutional 1024 3x3/1 13x13x512 13x13x1024
Convolutional 512 1x1/1 13x13x1024 13x13x512
Convolutional 1024 3x3/1 13x13x512 13x13x1024
Convolutional 512 1x1/1 13x13x1024 13x13x512
Convolutional 1024 3x3/1 13x13x512 13x13x1024
Convolutional 1024 3x3/1 13x13x1024 13x13x1024
Convolutional 1024 3x3/1 13x13x1024 13x13x1024
Route 16
Convolutional 64 1x1/1 26x26x512 26x26x64
Reorg /2 26x26x64 13x13x256
Route 27 24
Convolutional 1024 3x3/1 13x13x1280 13x13x1024
Convolutional 55 1x1/1 13x13x1024 13x13x55

use Multi-Scale Training for each of 10 batches with image dimension size to improve
network accuracy with a variety of input dimensions [14].

The dimension of the last layer is 13x13x55. Each cell consists of 4 parameters for
bounding box, 1 objectness point and 6 probability classes. Since there are 5 anchor, the
number of parameters for each grid is 55. The structure of an output cell as illustrated
in Fig. 3. From the output of the last layer, several bounding boxes can be generated for
the same object. To filter out these bounding boxes, we use Non-maximum suppression
and threshold. After that, we get the coordinates of bounding boxes with their highest
probability class without duplicating the bounding boxes of the same object. These
bounding boxes will be compared with those of ground-truth to compute the model’s
accuracy.

In our work, we propose to use YOLO for detecting 6 main PPE at entry point
of the construction field (see Fig. 4). The use of YOLO has two main advantages in
comparison with state of the art methods proposed for PPE detecting. Firstly, YOLO
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Fig. 3. Structure of one output cell

Fig. 4. Six types of PPE: hardhat, shirt, gloves, belt, pant, shoes.

is very fast. It can obtain the frame rate of 67fps at 416 × 416 resolution on a GPU-
supported work station. Secondly, YOLO sees the entire image during training and test
time. This is different from region proposal-based methods which only consider features
within the bounding boxes. For that reason, YOLO has less than half the number of
background errors than Fast R-CNN [15]. We finetune YOLO from the pre-trained
model on Imagenet for PPE detection.

It is important to note that the PPE detection can be done by using any image captured
when the worker comes into the monitoring zone. However, to increase the reliability
of the system, we determine the detection results from an image sequence based on the
detection result of each image through voting technique. For this, a series of images
during 2s are collected and processed. The number of frames is from 12 to 20 depending
on the speed of the person. For each class, the ratio between the number of frames where
the interested class is detected and the total of frames. If the ratio is equal or less than
0.5, the system will confirm the detection of the class.

An example is illustrated in Fig. 5. The green frames corresponds to the images that
are detected correctly while the red frames are images with incorrect detection (e.g. miss
detection of gloves and shoes). Thanks to voting technique, correct detection decision
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Fig. 5. Illustration of the voting technique used for PPE detection. The green frame corresponds to the
images that are detected correctly while the red frames are images with incorrect detection (miss

detection of gloves and shoes).

can be made in some cases even with false alarm and miss detection at some images
in the sequence.

4. Experimental results

4.1. Dataset

There is no off-the-shelf PPE dataset available and because the standards of personal
protective equipment for construction site workers are clearly defined according to the
nature of the works, we selected 6 types of typical protective equipment of workers in
the construction site to create a data set for training and evaluation as illustrated in Fig.
4. The dataset is collected outdoors by IP camera and collected over several days at
different times so it has different lighting condition. The image acquisition camera is
placed 3 meters high, the lenght of the road segment is from 3 to 4 meters. The images
are captured at a rate of 10 FPS (frames per second).

After collecting full images of models, we label each object on images from our
dataset with the annotation tool Yolo-mark [16]. This work included marking bounding
boxes of objects and generating annotation files that contain coordinates and box size
parameters along with the label type.

The dataset is collected with 17 subjects resulting in 4400 images with 20500 object
instances of 6 personal protective equipments. The dataset is divided into 3 main parts:
training set, validation set and testing set. The traing set consists of 2700 images
(equivalent to about 61% of the dataset) of 14 different subjects. The validation set
contains 200 images (about 5% of the dataset). The remaining images are used for
testing. The testing set, which includes 1500 images (34% of the dataset). In addition,
the number of each type of PPE in parts of the dataset is shown in Table 2.

To cover all situations, we collect 4 types of images: images with all of 6 PPE (1900
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Table 2. Number of images for each object in the dataset

Hardhat Shirt Glove Belt Pant Shoe Total

Training 1500 1500 2900 1500 1500 2900 11800
Validation 200 200 400 200 200 400 1600
Testing 900 900 1800 900 900 1700 7100

Table 3. Definitions TP, FP and FN

Category Groundtruth Predicted

TP YES YES
FP NO YES
FN YES NO

images); images with 5 PPE (600 images, divided into 6 parts of 100 images, each image
lacks one PPE); images with only 1 PPE (600 images divided into 6 parts, each part
has 100 images for each type of equipment) and background images (images without
person or person without equipment) (700 images).

4.2. Evaluation measures

The metrics that we use to evaluate the model’s accuracy are Precision, Recall and
F1-score. Firstly, we have to define the meaning of TP (true positive), FP (false positive),
and FN (false negative) as illustrated in Table 3. True Positive results when an object
is correctly identified with IOU (Intersection over Union) between ground truth and
bounding box predicted to be greater than a threshold (in our case, this threshold is set
by 0.5). False Positive is the result of the wrong identity, which means that the wrong
class can be identified, or IOU < 0.5. False Negative is the result of miss identification,
meaning that the object appears but is not recognized.

Precision, Recall and F1-score are defined as follows:

Precision =
TP

TP + FP
;Recall =

TP

TP + FN
;F1 =

2 ∗ Precision ∗Recall

Precision+Recall
(2)

4.3. Experimental results

4.3.1. Evaluation of PPE detection in an image: To determine the number of iteration
for the network, we evaluate the network with different iterations by using validation
set. The obtained results are shown in Table 4 with network resolution being 416 ×
416 and threshold equal to 0.25. As is shown, training with a large number of iterations
gives better results on validation and allows to avoid over-fitting. Based on this results,
we use the weights after 8000 iterations.

The performance of the method on the testing dataset with three network resolutions
is shown in Tab. 5.
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Table 4. Evaluation results of the validation dataset

Iteration number

1000 2000 4000 6000 8000

Precision 0.61 0.9 0.95 0.96 0.97
Recall 0.76 0.92 0.97 0.98 0.99
F1 Score 0.68 0.91 0.96 0.97 0.98

Table 5. PPE detection with different network resolutions. The best results for each equipment are
in bold.

Network resolution Speed Category Hardhat Shirt Glove Belt Pant Shoe

320 × 320 8 Fps

FN 0 2 280 25 0 866
FP 2 59 26 21 43 88
TP 898 840 1494 854 957 746
Precision 0.99 0.93 0.98 0.97 0.95 0.89
Recall 1 0.99 0.83 0.97 1 0.46
F1 Score 0.99 0.96 0.89 0.97 0.97 0.6

416 × 416 6 Fps

FN 0 0 48 0 0 2
FP 0 0 20 24 1 0
TP 900 900 1739 899 899 1698
Precision 1 1 0.99 0.97 0.99 1
Recall 1 1 0.97 1 1 0.99
F1 Score 1 1 0.98 0.98 0.99 0.99

608 × 608 4 Fps

FN 0 0 3 0 0 82
FP 0 0 1 0 1 12
TP 900 900 1796 900 899 1606
Precision 1 1 0.99 1 0.99 0.99
Recall 1 1 0.99 1 1 0.95
F1 Score 1 1 0.99 1 0.99 0.97

According to Table 5, the model gives quite good results with the network resolution
is 416 × 416 and 608 × 608 (F1-score over 97%). With 320 × 320 network resolution,
the missing rate on gloves and shoes is still high. It can be seen that increasing the
resolution of the network gives better results in small objects such as gloves and shoes.
However, the computation is also increased. This leads to reduce the system speed. After
careful testing and consideration, we chose the network resolution of 416 × 416 as a
trade-off between the accuracy and speed.

4.3.2. Evaluation of whole system: To evaluate the whole system, we prepare 4
scenarios. In each scenario, we are interested in different PPEs that is listed in Tab. 6.
In this evaluation, the chosen network resolution is 416 × 416. For each scenario, we
perform 5 tests and evaluate the accuracy that is the ratio between the correct recognized
test and the total number of tests. One test is considered as correct recognized test if all
interested PPE are correctly detected. As shown in Tab. 6, thanks to voting technique
and the robustness of PPE detection, the system produced the correct results even some
PPEs are omitted or incorrectly detected in some frames.
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Table 6. Detection results of the proposed system.

Types of equipment Number of tests Number of false alarm Accuracy

Hardhat, shirt, belt, pant, shoe 5 0 100%
Hardhat, shirt, pant, shoe 5 0 100%
Shirt, glove,belt , pant, shoe 5 0 100%
Hardhat, pant, shoe 5 0 100%

5. Conclusions and Future works

Construction activities are dangerous and very risky. Work safety management in
construction despite being concerned, still leaves many occupational accidents. From
the practical needs and the urgent requirements laid down at the construction sites, we
have developed a PPE detection and identification system to replace manual inspection
and monitoring, and allow management and retrieval of data. Along with that is to build
a database of images of 6 types of common protective equipment at construction sites.
This database along with labeling information can be used for the research community.
The results of detection and identification on the test dataset show that the model gives
good results in both accuracy and miss rate with network resolutions 416 × 416 and 608
× 608. The system works well and is relatively stable. For future work, we hope to use
other techniques to compare and improve performance. In addition, we will expand the
data set with other equipment with different conditions like weather, light, background.
Also, further code optimization to improve speed will be implemented in the future.
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MỘT PHƯƠNG PHÁP PHÁT HIỆN
CÁC THIẾT BỊ BẢO HỘ CÁ NHÂN TRONG

THỜI GIAN THỰC DỰA TRÊN KỸ THUẬT HỌC SÂU
Tóm tắt

Xây dựng được đánh giá là một ngành có tỉ lệ tai nạn cao trong các ngành công nghiệp.
Nhằm hạn chế các tai nạn, nhiều giải pháp đã được đưa ra trong đó việc sử dụng đầy đủ các
thiết bị bảo hộ cá nhân theo các quy định an toàn lao động. Tuy nhiên, hiện tại việc giám
sát sử dụng thiết bị bảo hộ cá nhân thường được thực hiện một cách thủ công do đó tốn thời
gian và không hiệu quả. Bài báo đề xuất một phương pháp cho phép giám sát tự động việc
sử dụng các thiết bị bảo vệ cá nhân của công nhân khi đi vào các công trường. Phương pháp
được đề xuất dựa trên giải thuật YOLO cho phép phát hiện các thiết bị bảo vệ cá nhân trong
thời gian thực. Cùng với đó, chúng tôi đã xây dựng một bộ dữ liệu gồm 4400 hình ảnh của
6 loại thiết bị bảo hộ cá nhân thường được yêu cầu tại các công trường để đào tạo và đánh
giá hệ thống. Các kết quả thí nghiệm cho thấy phương pháp được xây dựng có khả năng phát
hiện các trang bị bảo hộ cá nhân trong thời gian thực với độ chính xác và độ truy hồi cao.
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