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Abstract

Introduction

On construction sites, workers are exposed to a wide
range of hazards. To limit the risk and prevent severe work accidents, the use of PPE (Personal Protective Equipment), such as hard hat or harness, has been
adopted by the industry. Monitoring the use of PPE is
an inherently difficult task since its protective effectiveness depends on whether it’s conformally worn. The advent of deep learning, and in particular object detection,
in recent years has enabled the rise of discriminative
and all-purpose PPE detectors. However, those methods
most of time solely focus on detecting the equipment
only. This paper presents an approach which associates
object detection and human pose estimation to deduce
whether the equipment is properly worn.
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According to the Occupational Safety and Health Administration (OSHA), in the USA, the construction industry suffered from 1008 worker fatalities, which represent 21.1 %
of the fatalities in private industries. The two main causes
of death were falls and being struck by object, respectively
causing 338 and 112 deaths (OSHA, 2018). While controlling and trying to contain hazards at their origins is the best
way to protect employees, this can only be done to an extent.
In this context and to alleviate the risk of accidents, regulations and safety legislation have been adopted. Notably,
regarding the use of personal protective equipment (PPE).
Such equipment comes in various shapes and forms to protect against a wide range of hazards. Often including items
related to physical, noise or chemical protections. However,
only 64% of workers wear the required equipment at all time
(Farooqui et al., 2009), either by negligence or because it is
inconvenient to wear.
The conventional approach to that issue is to supervise the
employees and sanction them if they are not wearing their
mandatory equipment. However, continuous and widespread
supervision in inherently tricky and unrealistic in practice.
With the advent of deep learning and computer vision, automatic and real-life equipment detectors have been developed. Using the video feed from a camera, they are able to
quickly identify if the equipment is present. However, most
of approaches so far focus on the detection of the equipment
only. That is only partially sufficient since it is also vital to
determine whether the equipment is properly worn.
This paper proposes an innovative method which combines object detection and human pose estimation. The goal
is not only to detect the equipment but also assert whether
it is conformally worn. At first, we will present the state-ofthe-art when it comes to equipment detection. This is followed by our contribution to the problem. Our proposed solution uses both pose estimation and object detection to detect the equipment. Details of our approach are provided for
the detection of hard hats, harnesses and shoes. The overall
performances and results of our solution are then presented.
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In the past few years, person and equipment detection on
construction sites has thoroughly been investigated using

A video showcasing the detection of various equipment
can be found at: https://youtu.be/F7_CswI3F1g
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Figure 1: Architecture of our approach. Each image is sent to an object detector (YOLOV3) and a pose estimator (OpenPose).
The results from both algorithms are combined to estimate whether the detected equipment detected are correctly worn.
computer vision approaches. Indicatively, worker detection
(Fang et al., 2018c), harness detection (Fang et al., 2018b)
and hard hats (Nath et al., 2020), (Fang et al., 2018a),
(Mneymneh et al., 2017), (Wu and Zhao, 2018).
To attain their objective, those methods use state-of-theart object detection algorithms such as Faster R-CNN (Ren
et al., 2015) or YOLO (Redmon et al., 2016). Those detectors return the name of each object detected and a rectangular region containing each object called a bounding box.
The main strength of those modern object detectors is that
they are able to make predictions in real-time. They are thus
suited for continuous monitoring of employees.
In most aforementioned approaches, the emphasis is put
on the detection of the equipment. However, the detection of
the equipment alone does not warrant safety. It is further required to assert whether it is properly worn and whether it is
suited for the task. To our knowledge, several solutions have
been proposed to check equipment is properly worn, but they
remain limited. For example, performing human detection
on top of the equipment detection (Fang et al., 2018b). However, this approach only checks whether a human is nearby
the equipment. It only asserts whether someone is likely to
wear the equipment but does not check whether the equipment is properly worn.
Regarding hard hat detection, a solution is to label the
head as part of the helmet (Wu et al., 2019). A hard hat is
therefore only detected if on top of someone’s head. This
solution works because the head has unique features which
make it easy to identify. This is much more difficult when
the area surrounding the equipment has more variability.
Finally, certain kinds of equipment need to be worn following strict rules as is typically the case for the harness
equipment. A harness is considered properly worn if one of

its buckle is located in the upper half of the torso. However,
determining the relative position of a buckle using object detection alone is a tremendously difficult task.
Another factor to take into account is that using other or
additional tools for a more robust decision-making unavoidably induces an additional computational overhead. As a
consequence, this could impact the efficiency of detection
and impede real-time estimation.

Methodologies
In order to detect whether an equipment is correctly worn
while maintaining real-time performance, we propose a
framework which combines object detection with human
pose estimation.

Object detection
Ever since the introduction of Regional convolutional network networks (R-CNN) (Girshick et al., 2014), object detection has been a very active field. Faster, more accurate and
easier to use detectors are nowadays made publicly available
on a regular basis.
For the purpose of the proposed work, several state-ofthe-arts works were studied or tested. Most notably, anchorfree single stage detector such as CornerNet (Law and Deng,
2018), CenterNet (Duan et al., 2019) or MatrixNets (Rashwan et al., 2020). They were later abandoned either because
they were deemed too difficult to use or did not exhibit satisfactory performance.
On the other hand, YOLO (Redmon et al., 2016) and its
later versions YOLO9000 (Redmon and Farhadi, 2017) and
YOLOV3 (Redmon and Farhadi, 2018) stood out as particularly easy to use and also highly accurate. Two configurations stood out in early testing phases. Glenn Jocher’s
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custom YOLOV3 configuration with hyperparameter optimization greatly improved precision compared to the other
regular YOLOV3 configurations (Jocher, 2018). Alexey
Bochkovskiy’s tiny YOLOV3 proposal which adds path aggregation networks (Liu et al., 2018). This configuration was
several orders of magnitude faster then the other YOLOV3
implementations while remaining as accurate (Bochkovskiy,
2016a).

Human pose estimation
Pose estimation is a subfield of computer vision. As the
name entails, its purpose is to extract the pose of humans
in images or videos. For each individual in a picture, pose
estimation algorithms extract the positions of multiple body
joints organized into a kinematic chain.
To perform pose estimation, we used the state-of-the-art
OpenPose (Cao et al., 2018) library. Compared to other pose
estimation algorithms, OpenPose has the advantage of being open-source and provides real-time estimation even with
multiple persons in an image. For each person in an image,
OpenPose’s COCO25 model return the 2D position of 25
limbs from different parts of the body.

Figure 2: Hard hat correctly worn on the left (green), incorrectly worn on the right (blue).

Figure 3: Shoes correctly worn on the left ( green), incorrectly worn on the right (blue).

Framework’s structure
Harness and buckle detection

In our architecture, object detection and pose estimation
are performed by respectively using the state-of-the-art
YOLOV3 and OpenPose. The former is used to localize various personal protective equipment in an image, the latter to
localize the body limbs. The architecture of our framework
is depicted in figure 1.
Protective equipment when correctly worn are near certain body parts. By comparing the position of an equipment
and the nearest most relevant body parts, it would be possible to deduce whether it is properly worn. Depending on the
equipment in question, several methods could be potentially
used.
In this paper, we propose two methods which can be notably used for the detection of hard hats, work shoes and
harnesses. The first method is to check where the results
of object detection and human pose estimation overlap. The
second is to define logical conditions which need to be verified.

Some types of equipment either do not overlap with joints or
the assessment of correct use goes beyond relative position
estimation. This is the case with harnesses. An harness is
considered properly worn if one of its buckle is located in
the upper side of the torso.
OpenPose provides 6 key points on the torso: The neck;
left and right shoulders; left, mid and right hip. Checking
whether the buckle is closer to neck than the middle hip
would be enough. However, the detection of every body limb
is not guaranteed.
The proposed approach is to assert the validity of three
conditions: (a) The buckle is closer to the neck than the middle hip; (b) The buckle is closer to the left shoulder than the
right hip; (c) The buckle is closer to the right shoulder than
the left hip.
A buckle is considered conformally worn if the majority
of these tests are positive. An example of harness and buckle
detection is provided in figure 4.

Overlapping
YOLOV3 returns for each detected object a bounding box.
A possible approach is to check how many and which body
parts are found in each box. This provides an overview of the
relative position of each object with respect to one’s posture.
OpenPose returns the positions of several limbs located
on the head and on the feet. In this paper, this approach was
used for the detection of hard hats and shoes.
An object is considered properly worn a sufficient number of relevant body limbs are located within the object’s
bounding box. Results of hard hats and shoes detection can
be found in figure 2 and 3 respectively.
This solution is only suitable if the equipment in question
can overlap with limbs which can be obtained from pose
estimation.

Learning
Dataset
In order to train YOLOV3 to detect the equipment, a rich
and well-balanced dataset of hard hats, shoes, and harnesses
images is required. Unfortunately, a recurring problem with
PPE detection is that no off-the-shelf dataset is available
(Fang et al., 2020). A total of 1479 images of people wearing PPE were taken. Those images were taken from various
conditions such as outside and inside; at close and far range;
with different lightning conditions.
Additionally, 2870 images of PPE were further extracted
from online videos. The purpose of those images were to obtain a wider range of PPE other than the one at our disposal.
3

Configuration
Tiny YOLOV3 + PAN
YOLOV3

Metric
Precision
Recall
IOU
Precision
Recall
IOU

Helmet
85%
99%
67%
88%
98%
73%

Harness
97%
95%
75%
93%
96%
76%

Buckle
91%
92%
69%
91%
89%
70%

Shoes
91%
80%
67%
95%
84%
73%

Table 1: Object detection: Comparison between Tiny YOLOV3 and YOLOV3.
Configuration
Tiny YOLOV3

Metric
Precision
Recall
F1score
mAP@0.50
BFLOP
Training (10000 iterations)
Precision
Recall
F1score
mAP@0.50
BFLOP
Training (10000 iterations)

YOLOV3

Result
90%
90%
90%
95.44%
14.432
2 days
92%
90%
91%
96.2%
139.52
5 days

Table 2: Overall results
Dataset
Training

Test
Figure 4: Harness with two buckles, one at sternum level
(green) one too low (blue)

Source
Filmed
Internet
Data augmentation
Total
Total

Amount
1479
2870
4349
8698
779

Table 3: Training and test datasets.
configuration and 5 days for YOLOV3.
Both configurations were trained for 10 000 iterations
with a batch size of 64 images. Which corresponds to approximately 80 epochs. Early tests revealed that training
further had little impact on the precision and recall, consequently, no further training was pursued. Graphs showing
the evolution of precision and recall during training can be
found in figure. 5. For both configurations, F1-score is at
89% ±2% for the last 5000 iterations.

Those images were manually labeled using the Yolo-Mark
tool (Bochkovskiy, 2016b).
Moreover, data augmentation was performed on the images in the training dataset. Images were flipped horizontally. This effectively doubled the size of the training dataset.
A set of 779 additional images was taken for the test
dataset. The information are summarized in table. 3.

Hyperparameter optimization
As far as object detection is concerned, two configurations
were kept. The tiny YOLOV3 and PAN configuration and
the YOLOV3 with hyperparameter optimization. Two tables
comparing the best weights obtained from both implementations can be found in tables 1 and 2.
The hyperparameters chosen for the YOLOV3 configuration can be found in table 4. Compared to Glenn Jocher’s
recommended parameters, the saturation, exposure, hue and
jitter values were slightly increased. The higher those values
are, the more the system is resilient to size and light variations.
Training was performed on computer with a GTX1060
GPU. It took approximately 2 days for the tiny YOLOV3

Results
Object detection
The precision and recall obtained with both methods are
fairly similar, YOLOV3 having a slight advantage over the
tiny YOLOV3 and PAN implementation. It also has an
higher Intersection over Union (IOU). Which means it is
able to more accurately localize and evaluate the size of the
objects.
Nevertheless, the differences remain fairly small and
YOLO requires 10 times more floating pointer operations.
As such, the trade off between speed and precision with tiny
YOLOV3 is much higher.
4

Figure 5: Evolution of precision and recall during training.
Parameter
Classes
Width
Height
Momentum
Learning Rate
Decay
Saturation
Exposure
Hue
Angle
Jitter

Value
4
608
608
0.949
0.00261
0.0005
2.0
2.0
0.5
0.0
0.5

configurations show high recalls.
Configuration
tiny YOLOV3 + PAN
YOLOV3

Harness
91.3%
90.2%

Shoes
95.6%
94.4%

Table 6: Framework evaluation: Comparison between tiny
YOLOV3 and YOLOV3.

Discussion
The combination of human pose estimation and object detection enables the extraction of complex and robust information in images. Such information would be difficult to obtain with object detection alone. However, this comes at a
computing cost. Single-stage object detectors are renowned
for their top notch speed. The addition of a pose estimation
layer greatly reduces their efficiency.
In our experiments, object detection could be performed
at about 20fps on 1280x720 videos on a laptop equipped
with a Quadro M1000M GPU. Characteristically, performances dwindles to a mere 2fps with the addition of human
pose estimation.
Moreover, while object detection usually focuses on precision and recall, in this work, a very important factor is
also the IOU. Indeed, knowing the exact whereabouts of
an equipment is mandatory to assert whether its properly
equipped. A bounding box which is incorrectly positioned
or with a wrong size can heavily affect the decision.
A possible improvement would be to investigate instance
segmentation approaches such as Mask R-CNN (He et al.,
2017). Instead of rectangular bounding boxes, this would

Table 4: Selected hyperparameters for YOLOV3
Function
Object detection
OpenPose detection

Helmet
93.3%
95.8%

Time
0.05s to 0.24s
0.5s

Table 5: Time required to process an image using a laptop
with a Quadro M1000M GPU

Framework evaluation
Finally, we evaluated the performance of joint object detection and human pose estimation. For this experiment, 418
pictures of people properly wearing hard hats, harness and
shoes were picked up. The purpose of this test is to demonstrate the capacity of our implementation to assess the correctness of correctly worn equipment. A qualitative result is
provided in figure. 6. Both the YOLOV3 and tiny YOLOV3
5

Another objective is to adjust this paper and submit it at
the International Conference on Pattern Recognition 2020
(ICPR2020).

provide pixel-perfect localization of the objects. However,
instance segmentation approaches are on the slower side of
the object detectors and may not be appropriate for real-time
detection once combined with pose estimation.
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