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Abstract

Existing safety helmet detection approaches rely on object identification methodology with high recognition speeds
to meet real-time exposure needs, but they can't identify small things with obstacles accurately. As a result, based on
the attention process, we offer a helmet detection method (AT-YOLO). Because of its speed and precision, the
YOLOv3 target identification method is frequently utilized in industry, however it does have certain drawbacks, such
as accuracy loss in unbalanced datasets. To improve the YOLOv3 target detection method and preprocess the data
set, the YOLOv3 target detection uses a Gaussian fuzzy data augmentation method. The YOLOv3 confidence level is
enhanced by 95 to 96 through efficient pre-processing without affecting the YOLOv3 detection speed. Due to
valuable feature fusion, the processed images give improvement in image localization, which is more in line with the
production constraint of recognition accuracy and speed.
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Introduction classification, object identification, image retrieval,

Intelligent monitoring has emerged as most picture inpainting, and many other applications. DL
important applications of computer vision in recent 1S currently used in the most cutting-edge detection
years. Object detection, as a hotspot of computer techniques. In the area of target detection, the use
vision, offers a plethora of possibilities for ©f DL has become commonplace. Regions with CNN
intelligent surveillance. In early research, classical features (R-CNN) [4] and its upgraded versions
features are mostly used in object detection Faster R-CNN [6] and Fast R-CNN [5] are examples
algorithms.  Traditional  picture recognition ©f algorithms. R-CNN [7] uses a DL model to
approaches, like the Gaussian mixture model [1], Temove image attributes and create region
can distinguish foreground from background. A proposals with a sliding window at start, but it has
hand-designed feature extractor, Histogram of @ lot of recurring calculations. Fast R-CNN uses the
Oriented Gradient(HOG) [2] is used by researchers SPP module to provide fixed-size output while
in the field of pedestrian detection to extract integrating the regression and classification of
contour information. After that, a classifier like boundingboxes into a network to diminishfrequent
support vector machine(SVM) [3] is utilized to calculations [8]. R-CNN inputs picture features into
recognise pedestrians based on the collected Region Proposal Networks (RPN) at a faster rate
attributes. The hand-designed feature extractor is [9].

complicated to utilize in actual application due to

its  defective  characteristics and  weak

generalization capabilities.

Deep Learning (DL) has a technological guarantee

thanks to the advancement of massively parallel

computer technology, and it also gives

valuablesolutions for data concealing, image
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The RPN be able to accept feature maps of several
size, object candidate box confidenceand output
coordinate information, and then categorize the
object candidate boxes. In two-stage object
detection model like Faster R-CNN, area
classification and selection should be done step by
step. With the advancement of deep learning,
factors such as the number of candidate boxes, the
difficulty of basic network, the difficulty of
classification, and regression sub-networks affect
two-stage detection algorithms and the quantity of
calculation continues to rise. In the algorithm,
YOLO skips the candidate box extraction stage and
instead uses an end-to-end deep convolutional
network to perform candidate box classification,
feature extraction, and regression.

Safety helmet wearing detection is an important
practical application in object identification that is
intimately tied to our production and daily lives. It
has been the subject of extensive research by a
number of academics. The authors in [10] retrieved
the features of helmet and worker from the image
and used a cascade to determine if the worker was
wearing a helmet. Based on pedestrian detection
results, Li et al. [11] used head positioning, colour
space transformation, and colour feature
recognition to recognise people wearing helmets.
To improve feature resolution in helmet detection,
Wu et al. [12] applied the upgraded YOLO-Dense
backbone. To detect wearing helmets, authors in
[13] employed Single Shot multi-box Detector
(SSD) [14]. However, current helmet detection
systems have drawbacks, like limited
generalisation capacity for multi-scene
detectionand low detection accuracy for small
items. The author in [15] employed the enhanced
Faster-RCNN technique to detect helmet wearing
after using the K-means++ clustering algorithm to
cluster the helmet’s size in the image.

However, the one-stage detector has a faster
detection speed among the present helmet-wearing
detection algorithms, but its detection accuracy for
dense and small targets is low, and its
generalisation capacity of diverse scenes is
pathetic. Due to the enormous computation amount
and sluggish detection speed of the two-stage
detector, it is impossible to congregate the real-
time necessities of helmet detection. To address the
aforementioned issues, we present an AT-YOLO
model for helmet identification.

Literature Review

"'rk0019@srmist.edu.in,

jitendrs@srmist.edu.in
The safety helmet has been utilised in many forms
of manufacturing sites as an effective protective
gear, but because audit and oversight are not in
position, accidents occur by not taking the helmet.
Thus, the recognition of detection of helmet
wearing is vital for security of workers' lives at the
production site. The target detection algorithm
[16], [17] is extensively utilized in helmet
detection. The R-CNN algorithm based on candidate
regions [18]-[21] requires the generation of
candidate regions first, followed by regression and
classification processes on the candidate regions;
the next is the SSD algorithm [17] and You Only
Look Once (YOLO) [23]-[26], which utilizes only
one CNN network to estimate the location and
category of different targets. YOLO achieves real-
time detection speed but not exactness when
compared to the R-CNN algorithm. Motorcyclists
wearing or not wearing helmets were also detected
using the faster R-CNN. Although the helmet
detection in [29], [30], and [31] uses deep learning,
the classic background subtraction is still utilised in
the motorbike identification step to retrieve the
foreground target, which will be very poor in a busy
scenario.

Authors in [32] proposed YOLOvZ2 [31] and YOLOv3
[23], [32] to increase the accurateness of YOLO
while keeping the speed benefit, particularly for the
recognition of small items. Silva et al. [33] extracted
picture characteristics using the Circle Hough
Transform (CHT) and HOG descriptors then
classified the target using a multilayer perceptron
machine. This technique functions well for single-
worn recognition, but ineffective for multi-worn
recognition and cannot be used on photos with
many people. Deep learning-based target
identification approaches have advanced
significantly in recent years, and they may be split
into two types: one and two-stage detection
algorithms with and without region suggestion,
respectively.

YOLOv2 [27] employs the Darknet-19 backbone
network, which is based on the VGG16 [28] model
design approach. The 3 3 convolution and 2 2
maximum pooling layers are mostly used in the
network. The feature map's height and breadth are
cut in half and its number of channels is doubled
after going through the pooling layer. YOLOv2
retains its advantage in terms of speed. Though, its
backbone network is not profoundsufficient, more
abstract picture semantic elements are difficult to
perceive, and the bounding box forecasted by each
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grid cell is too small, making it ineffective in
predicting targets with large-scale changes.

The feature extraction network in the YOLOv3
network is Darknet53 [29]; there is only one
convolutional layer in YOLOv3, most of which are
3*3 convolutions; the pooling layer is cancelled in

YOLOv3; and the output feature map size can be
restricted by step size of the convolutional layer.
Based on the idea of a "pyramid feature map"
(FPN), YOLOv3 employs small and large feature
maps to identify large things and huge objects,
respectively [30].

Table 1.In this Table representing few latest research advantage and disadvantage

Year’s | Author’s | Techniques Advantages Disadvantage
Name
2019 Lokesh mAP, OCR, Since every piece of software and Using more open source software
Allamki Yolo,ALPR library we utilized was open source, it so that efficient customization is
was both versatile and affordable. not accurate as requirements.

2022 Vijay Yolo-V3 YOLO can successfully list a particular YOLO is not appropriate for all

Khare object in an image. items when there are numerous
objects in an individual cell.

2021 | Qingyang | AT-Yolo We integrate the most effective training | To enhance the efficiency and

Zhou approach to boost network efficiency precision of a video's object
without raising inference costs. recognition, we will not able to the
integrate the correlation of time
series.

2020 Rui Geng | Yolo-V3 For processing like feature engineering, | Target detection criteria can no
multi-resolution detection, and longer be met by the direct usage
expanding the amount of anchor points, | of YOLOv3 in a production
we can enhance algorithms like YOLOv3 | environment.
or Faster RCNN.

2020 | Anjana Darknet-53, We have completely automated this Usually, the warning is manually

George CNN, YOLOv3 | procedure. The process will guarantee inserted after the whole video file
that complexity and time will be has been thoroughly screened.
reduced. When done manually, identifying

objectionable material in video
sequences will take time.

2019 Fan Wu YOLO V3, This YOLO-Densebackbone The initial network's issues with

Densenet, convolutional neural network is created | imprecise detection and
CNN by replacing the foundation of a YOLO overlapped bounding boxes are
V3 system for feature extraction with resolved.
the benefit of Densenet in
hyperparameters and technical expense.
Methodology Using pretrained custom object detection models,

Accuracy and speed are required during real-time
helmet and number-plate detection. For this, the
You Only Look Once (YOLO) model based on DNN is
used. YOLO is an algorithm for real-time object
detection and recognition technology which is
state-of-the-art.

YOLOvV3 is a significant improvement over earlier
YOLO versions in terms of speed and accuracy. It
provides predictions using just one network
appraisal, as opposed to systems like R-CNN that
require thousands for a single image. As a result, it
is 1000 times faster than R-CNN and 100 times
faster than Fast R-CNN.

Custom Object identification is the art of finding
various instances of a specific class in an images
and videos, such as animals, humans, and others.

the Previous Object Detection API makes this
simple to detect objects. However, these models
detect a number of objects that are of no interest to
us, So, it becomes necessity for custom object
detector to discover the required classes.

Three objects must be recognized in order to
accomplish whether user wear helmet and
have number plate or notrecognition and
extraction. The different classes are - No Helmet,
Helmet, and License Plate.

Weiner  filtering  method used for  picture
deblurring, image enhancement with
segmentation, YOLO V3 for ROIL and CNN for
Optical Character Reader were among

the techniques, algorithms,and methodologies
used in the proposed project's implementation.
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A. Image Deblur

When any vehicle is recorded on a security camera,
it moves in a planar motion. As a result, a fuzzy
image is produced. As a result, the Weiner Filter is
applied to deblur images. Take the car moving in a
plane parallel to the i-axis. The following equation
converts the amplitude recorded at pixel position
(i,j) to an coherent image f(i,j) that could have been
formed under perfect situations.

In perspective of an idealized image f(i,j), the
blurred image h(i.j) is equivalent to

RS S .
h(i,j) = i Zk=0 fli=kj @)
Where, S O R ,L-1
io = The overall pixels captured by the camera with
their brightness level.
L = Itis used to denote the number of pixels present

in a single row of a given image.
DFT of image h(i,j) is
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The Weiner Filter, whose equation is, is used to
recover blurred images is as follows-
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B. Helmet Detection

The various photos of each class with their
corresponding annotated yolo supported text
files are fed in YOLOv3 model, which is used to
train for specific classes. The model is loaded with
the weights obtained after completion of training.
After that, a photo is offered as an input. All three
training classes are detected by the model. This
offers us information on the individual who is
riding a motorcycle. If the rider is wearing a helmet
or not, we can just gather the other class
information on the rider.The license plate can be
extracted using this method.

g7~ T s 08 < N
Fig. 1. Helmet Detection in Real-Time using YoloV3

C. Number Plate Detection

The majority of license plates have contrasting
background and foreground colors. To properly
perform the license plate localization, the
proposed model must be trained using
YOLO's custom weights. An ALPR system's ability to
recognize and locate vehicle license plates is
crucial. Here, YOLOvV3 custom object
detection algorithm is used, and includes significant
design enhancements. There are a total of fifty-
three convolutional layers in the proposed model.
YOLO was previously not really very good at
identifying small objects, however due to use
of multi-scale predictions, YOLOv3 executes much
well.

Convolutional neural networks YOLO are a
completely convolutional network because it only
uses convolutional layers (FCN). Darknet-53 has a
more complicated architecture than other feature
extractors. It uses a batch normalisation layer with
a Leaky ReLU activation function after each of its
fifty-three convolutional layers, as the name
suggests. Then feature maps are downscaled via a
convolutional layer having stride 2. This avoids the
erosion of low-level attributes that pooling is
known to cause.

The You Look Only Once(yolo) algorithm is utilised
for custom object detection which is one among the
fastest object detection algorithms available. It is an
excellent choice for real-time object detection. This
algorithm is used to detect the object's location, as
well as the predicted class labels and the presence
of every occurrence of objects in the image.

The Yolo V3's bounding box prediction is shown in
Fig.2. Scores are assigned to each bounding box
depending upon that class with which it may be
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linked. Here, we perform prediction on an image
which contain onlysingle type of class from our list
of classes which is number plate. Figure 3 shows
the Yolo methodology of using a matrix-based
technique to divide a picture into different regions
and discover a Region of Interest (ROI). Yolo is
illustrated in Fig. 4 marking different ROI options
without using any filters. As illustrated in Fig. 4,
here threshold value is fixed at 0.94 to filter just the
most likely ROL

cl
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Fig. 2. Prediction of Different Bounding Boxes

]
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Fig. 3. Yolov3 Grid Filtering

Fig. 4. YoloV3 Prediction

Fig. 5. YoloV3 Number Plate Detection

T MHA3BUSLZS
Fig. 6. Car’s Number Plate Enhanced Image

D. License Plate Recognition

As once image has been trimmed from the desired
area, it must be boosted using image processing
method before displaying to the user and saving
itin the database. Every character's image input
format is just a 28 X 28 pixel-based picture.

CNNs make a comparison ofinput picture pixel
wise or group wise of boxes. Convolutional neural
networks are much preferable at sighted similitude
than the whole picture comparison patterns
because they compete for rough attribute contests
in relatively comparable places in two images.
Every attribute is a two-dimensional array of values
that the predictive model uses to compare with
other characteristics that contest common
characteristics  of  the  pictures.  Simply
multiplying each and every pixel of the image in the
characteristic through the rate of corresponding
pixel in the picture to evaluate the match of a
characteristics to an image spot. Convolutions
neural networks (CNN)are the result of this
process of convolution. For the process
of classification, different characteristics are taken
from different areas of the image. The technique is
repeated to compare the convolution, padding out
the characteristic among each probable image
patch. Every convolution layer's output is taken and
used to create a new 2-Dimensional array
depending on where every patch appears in the
image. The very next phase is to replicate the
convolution procedure N times in total, with a
distinct convolution layer with each of the
characteristics.

As a result, we have a collection of filtered
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photographs, one each for the filters. This entire
array of convolution procedures can be thought of
as a unique processing stage. Pooling is just a
response enhancement method used by
convolutional neural networks. Pooling is a method
for reducing the size of large photographs while
preserving the most important information. The
ReLU is a modest but significant layers in this
technique. If a negative number appears, replace it
with Zero (0). This keeps the CNN scientifically
healthy by preventing learnt standards from
becoming trapped near 0 or exploding all the way
to infinity.

Result

The Region of Interest (ROI) required for farther
dealing out the picture that had to be supplied
inthe image enhancement function was

successfully detected by the proposed model.
28 was chosen as the batch size. For speedier
training, subdivisions were reduced to 16. There
was just one class in the license plate detecting
phase, as well as the filter size was fixed to 18. The
initial weights for training were previously trained
file from the

weight darknet-53 convolutional

layers.

1

Fig. 7. Car’s Number Plate Detection using YoloV3

The above figure represents the Detection of
Number Plate in Maruti Suzuki Car and locates its
location using YoloV3.

Table 2. Tabulation of AP with average 10U each class

Epochs | Helmet | Plate | Avg 10U
1000 97.02 ]98.25 | 78.89
2000 98.34 | 98.69 | 84.56
3000 99 98.54 | 86.55
4000 98.17 |98.89 | 77.68
5000 98.18 |98.13 | 775

6000 98.63 | 98.73 | 75.69
7000 98.47 | 98.58 | 78.36
8000 98.3 98.45 | 79.62
9000 98.1 98.47 | 76.63
10000 | 98.31 |98.53 | 80.6

For three classes, Table 2 displays the average 10U
and average accuracy (AP) obtained by all iteration.
We can choose the epoch with the greatest average
IOU from Table 2 since it has the most overlap
among the ground truthand the anticipated
bounding box. For 64 batches with 8 subdivisions,
the mean precision (mAP) is 97.9%, with an
average training loss of 0.0829 for three classes.
Table 3 shows the experiment's confusion matrix,
while Table 4 shows recall, the precision, and F1-
score tabulation. Table4 shows that the algorithm
correctly identified 135 of the 137 non-helmeted
motorcyclists as non-helmeted, while the other two
were correctly identified as helmeted. In both
situations, the recall rate is greater than 90%,
indicating a low risk of false positives.

Table 3.The confusion matrix obtained from the experiments

With helmet | Without helmet
With helmet 80 13
Without helmet | 5 145

2712

Table 4.Precision, recall and Fl-score generated from the confusion
matrix

Precision Recall FI-Score
(%) (%) (%)
With helmet | 98.5 93.56 94,54
Without 97.1 98.87 96.77
helmet
Weighted 97 97.45 95.92
avg.
Conclusion

The YOLO helmet wearing detection model is
proposed in this research. The modelling capacity
of the network on the dependencies between
distinct points in the image is strengthened by
incorporating the attention mechanism into the
YOLOv3 to substantially develop the model's
feature demonstration ability and take out accurate
features. Simultaneously, we combine the optimal
training  technique to  improve network
performance while lowering inference costs. We
created a dataset and ran several assessment tests
on it to check the performance of these proposed
strategies. The experimental outcomes suggest that
the strategies presented in this research develop
the YOLO network's performance, making it an
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outstanding key for the helmet-wearing recognition
method in real-world circumstances.
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