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ABSTRACT

The work studied three methods to identify risky motorcycle riding. It
aids in identifying risky motorcyclists who adopt unusual riding positions,
which lead to a rise in traffic accidents. This work established the feasibility
of monitoring hazardous riding on public roadways. We investigated the
detection of motorcycle riding types using 1) the motorcycle’s extracted
images, 2) the motorcyclist’s extracted images, and 3) the motorcyclist’s
pose landmarks. You Only Look Once (YOLO) was applied to detect
a motorcycle, a motorcyclist, and the landmarks of a motorcyclist from
images. The findings indicated that the classification derived from YOLO-
detectable motorcycles surpassed that of the motorcyclists and their pose
landmarks. The VGG16 surpassed MobileNet, CNN, and ResNet50 in
classifying normal and dangerous riding. YOLO’s efficacy in identifying
specific pose landmarks at night was insufficient. Detecting dangerous mo-
torcycling based on the motorcyclists’ pose landmarks was ineffective at
night. Identifying dangerous motorcycling from the detected motorcycles
was the most effective. The findings indicated that YOLO attained an
accuracy of 71.09% in motorcycle detection from daytime and nighttime
images, whereas VGG16 acquired an accuracy of 98.75% in recognizing
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1. INTRODUCTION

Road safety accidents are a ubiquitous problem
around the world. Every year, traffic accidents cause
the deaths of thousands of people. Motorcycles are
very popular in Thailand and are the most common
type of car involved in crashes in most parts of the
country. Aside from the deaths caused by motorcy-
cle riders and passengers who neglect to wear hel-
mets during accidents, improper riding can also re-
sult in serious or catastrophic injuries. Fig. 1 shows
normal and dangerous riding. Recognizing helmets
is essential in reducing road accidents. To minimize
the injuries suffered by motorcyclists in accidents, re-
searchers studied the methods to detect motorcyclists
wearing or not wearing helmets [1]. Jakubec et al.
used YOLOvV7 to detect a helmet. The model con-
tributed to resolving the issue of detecting helmets
on two-wheeled vehicles [2]. Observing motorcyclists’
riding poses and prior work is helpful to prevent in-
juries. Researchers should focus on distinguishing be-

tween safe and risky riding.

(a) Normal riding

(b) Dangerous riding
Fig.1: Normal and Dangerous Riding.

YOLO covers various vision AI tasks, such as
object identification, pose estimation, tracking, and
classification. Wearing a helmet guarantees worker
safety on construction sites and industries. Built on
cutting-edge advances in deep learning and computer
vision. Researchers used YOLO to detect helmet-
wearing [3], [4]. The field of human posture iden-
tification has extensively researched posture detec-
tion and other related techniques [5]. Pose land-
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marks were also successfully used as features to clas-
sify weightlifting phases [6]. YOLO could recognize
everyday objects such as persons, cars, and motorcy-
cles. Real-time motorbike detection applied YOLOv5
and achieved high accuracy [7]. The YOLO algo-
rithm could accurately detect human postures such
as walking, sitting, and falling [8]. Maji et al
(2020) employed the widely used YOLO for 2D multi-
person pose estimation on an image, and YOLO-pose
achieved new state-of-the-art results on COCO wvali-
dation [9]. Fig. 2 shows the YOLO pose landmarks
of a person. Pose estimation involves identifying the
precise coordinates of specific locations within a pic-
ture, known as key points. Points can denote object
components, such as joints, landmarks, or other no-
table characteristics, represented using 2D [x, y| co-
ordinates.

This study developed various methodologies using
machine learning image classification and pose land-
marks to accurately detect safe and risky riding, miti-
gating accidents and discouraging motorcyclists from
engaging in dangerous riding practices.

Head
Shoulder

Fig.2: YOLO Pose Landmarks of a Person.

2. LITERATURE REVIEW

YOLO can detect objects [1], [2], [3], [6], [8], [9]-
Researchers used YOLO to classify tree species [10],
[11]. Classifying tree species in transmission line cor-
ridors can attain a maximum accuracy of 85.42% in
recognizing individual tree species [10]. Addition-
ally, YOLO was applied to detect pine-wilt-disease-
affected trees and forest fires [12], [13]. YOLOv5’s
lightweight architecture enabled effective deployment
on edge devices, offering a crucial balance between
detection accuracy and processing efficiency for ap-
plications like mobile vision systems and drone-based
monitoring [14], [15].

Researchers applied Mobilenet to classify images
[6], [16]. MobileNet optimally manages the com-
promise between data processing time and accuracy.
MobileNet replaced the traditional convolution filters
with two layers, depthwise convolution and point-
wise convolution, to reduce feature extraction time.
For the classification problems, several experts used

simple CNNs [6], [16]. In CNN, the convolutional
layers use different filters to find features and make
a feature map that accurately shows the input fea-
tures. CNN initially transforms the characteristics
into one-dimensional features and transmits them to
a neural network for categorization. VGGI16 is a
highly advanced convolutional neural network signif-
icantly impacting computer vision. It has demon-
strated exceptional capabilities in tasks like picture
categorization and object detection. VGG16 was ap-
plied to classify weeds in paddy fields, and the result
showed that the VGG16 model achieved the highest
accuracy of around 90% [17]. Researchers also com-
bined VGG16 with other machine learning classifiers
to achieve high accuracy in paddy leaf disease clas-
sification [18]. ResNet50 is a convolutional neural
network comprising 50 layers to classify images [6],
[16].

The k-nearest neighbor approach (KNN) is an ef-
fective nonparametric classifier that categorizes an
unclassified pattern based on the majority class of
its k-nearest neighbors. For each new test sample, it
calculates the distances between the test sample and
all training samples. It selects the “k” nearest train-
ing samples from all distances and determines which
class contains the most elements within the “k” clos-
est set [19]. Researchers employed KNN to identify
drowsiness [20] and classify EMG signals for hand re-
habilitation [21]. SVM and ANN were applied to clas-
sify weightlifting phases from posture landmarks and
achieved accuracy of 91.96% and 89.86%, respectively
[6]. An analysis of the user’s sitting posture used a
pressure-sensing-based device for sitting posture de-
tection. The findings indicated the efficacy of the
SVM algorithm in detecting the user’s sitting posture
[22]. Random forest (RF) is an ensemble machine
learning system aggregating many decision trees for a
more precise prediction. During the training phase, it
functions by creating many decision trees. Every tree
is built by utilizing a random portion of the dataset,
guaranteeing that each division contains a random
selection of features. During the prediction phase,
the RF algorithm aggregates the outputs of all the
trees by voting. This method, which involves mul-
tiple trees contributing their insights, ensures accu-
rate outcomes. Using a single decision tree has draw-
backs, such as overfitting and instability [23]. The
Random Forest (RF) can handle both regression and
classification problems. It can process many high-
dimensional features without requiring dimensional-
ity reduction [24], and it sustains good classification
accuracy even when missing data exists. The field
of road safety has extensively utilized machine learn-
ing models, including the RF. The RF was used to
develop an accurate predictive model identifying the
potential elements influencing fatal falls from height
incidents in the Malaysian construction sector. The
research demonstrated the viability of machine learn-
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ing in construction safety management [25].

3. MATERIALS AND METHODS
3.1 Data

For the image classification experiments, they used
4000 images, including 1000 daytime motorcycle im-
ages, 1000 low-light condition motorcycle images,
1000 daytime motorcyclist images, and 1000 low-light
condition motorcyclist images. Each set of 1000 im-
ages had 700 images depicting regular motorcycle rid-
ing and 300 images illustrating dangerous motorcycle
riding. YOLO detected all parts of motorcycles and
motorcyclists. This study used 1000 daytime and 100
low-light sets of YOLO-detectable pose landmarks.
The limited low-light data for motorcyclist pose land-
marks resulted from YOLO’s insufficient efficacy in
detecting them at nighttime. We trained all machine
learning classifiers using 80% of the images and tested
them using 20% of the images.

3.2 Instruments

YOLOv11 was used to detect motorcycles and mo-
torcyclists. YOLO can detect objects such as per-
sons, bicycles, cars, and motorcycles without training
customized models. MobileNet, VGG16, CNN, and
ResNet50 classifiers were applied to classify images of
motorcycles and those of motorcyclists. In addition,
YOLO detected the pose landmarks of a person (mo-
torcyclist) as features for the classification. Scikit-
learn was employed to construct KNN, ANN, SVM,
and RF classifiers and to assess the outcomes using
confusion matrices, precision, recall, F1 score, macro
average, and weighted average.

. Motorcycling
image

Detect pose
landmarks of a
motoreyclist

JL . ~ !

Classify using
MobileNet, VGG16, MobileNet, VGG16,
CNN, or ResNet50 CNN, or ResNet50

~ e g

1 <
. 4 .

Detect a motorcycle

Detect a motorcyclist

Oty iing Classify using KNN,

SVM, ANN, or RF

7‘ Normal/dangerous ‘x\(/
riding

Fig.3: Proposed Methods for Classifying Normal
and Dangerous Riding.

3.3 Methods

The proposed methods for riding classification
based on 1) a detected motorcycle, 2) a detected per-
son, and 3) detected pose landmarks were studied and
compared. Fig. 3 shows three methods investigated
for detecting dangerous motorcycling.

The first method used YOLO to detect the pres-
ence of a motorcycle, and it used the extracted motor-
cycle images to train and test machine learning clas-
sifiers consisting of MobileNet, VGG16, simple CNN,
and ResNet50. The second method used YOLO to
detect the presence of a motorcyclist, and it used
the extracted motorcyclist images to train and test
machine learning classifiers. The third method used
the pose landmarks detected by YOLO as features.
Then, KNN, SVM, ANN, or RF used the features to
classify normal riding from dangerous riding. In the
experiments, we did not train customized models for
detecting motorcycles, motorcyclists, and the motor-
cyclists’ pose landmarks. We employed the YOLO’s
capabilities for the detection.

Fig. 4 shows examples of detected motorcycles.
Fig. 5 and Fig. 6 illustrate examples of detected
motorcyclists and their pose landmarks.

Ezxamples of Detected Motorcyclists.

Fig.6:  FEzxzamples of detected motorcyclists’ pose
landmarks.

In addition to the pose landmarks YOLO ex-
tracted from the motorcyclists, we calculated and ap-
plied extended features to distinguish between normal
and dangerous riding.
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3.3.1 Calculate Extended Features from a Motorcy-
clist’s Pose Landmarks

This part used the extended features computed
from 17 pose landmarks (points on a motorcyclist).
We added twenty-four features to the original 17
YOLO landmarks, as shown in Table 1. The total
number of YOLO features (17x2) and extended fea-
tures (24) was 58.

Table 1: FExtended Features.
No. Extended features
1. | Slope between P5 (Left shoulder) and P7 (Left elbow)
2. | Slope between P6 (Right shoulder) and P8 (Right elbow)
3. | Slope between P7 (Left elbow) and P19 (Left hip)
4. | Slope between P8 (Right elbow) and P10 (Right wrist)
5. | Slope between P5 (Left shoulder) and P11 (Left hip)
6. | Slope between P6 (Right shoulder) and P12 (Right hip)
7. | Slope between P11 (Left hip) and P13 (Left knee)
8. | Slope between P12 (Right hip) and P14 (Right knee)
9. | Slope between P13 (Left knee) and P15 (Left ankle)
10. | Slope between P14 (Right knee) and P16 (Right ankle)
11. | Slope between P11 (Left hip) and P15 (Left ankle)
12. | Slope between P12 (Right hip) and P16 (Right ankle)
13. | Slope between P5 (Left shoulder) and P13 (Left knee)
14. | Slope between P6 (Right shoulder) and P14 (Right knee)
15. | Slope between P5 (Left shoulder) and P15 (Left ankle)
16. | Slope between P6 (Right shoulder) and P16 (Right ankle)
17. | Distance between P5 (Left shoulder) and P9 (Left wrist)
18. | Distance between P6 (Right shoulder) and P10 (Right wrist)
19. | Distance between P9 (Left wrist) and P10 (Right wrist)
20. | Distance between P11 (Left hip) and P15 (Left ankle)
21. | Distance between P12 (Right hip) and P16 (Right ankle)
22. | Distance between P15 (Left ankle) and P16 (Right ankle)
23. | The relative distance between P9 (Left wrist) and P10
(Right wrist)
24. | The relative distance between P15 (Left ankle) and P16
(Right ankle)

This work used Equation 1 to calculate the ex-
tended features 1-16, Equation 2 to calculate the ex-
tended features 17 to 22, and Equation 2-4 to calcu-
late the extended features 23 and 24.

Given:

(z4,y:) is a point (p;) in YOLO pose landmarks.
(xj,y;) is a point (p;) in YOLO pose landmarks.

1 is an index for YOLO pose landmarks (ranging from
0 to 16).

S;,; is a slope between p; and p;.

D; ; is a distance between p; and p;.

R; ; is a relative distance between p; and p;.
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3.4 Classify Features

We applied four classifiers, MobileNet, VGG16,
CNN, and ResNet50, to classify the normal and dan-
gerous riding from images. The top section of the
MobileNet featured a global average pooling layer, a
dense layer with 128 hidden nodes, a ReLLU activation
function, and a 0.2 dropout layer. This work applied
the efficient classifier VGG16. The top portion of
the employed VGG16 consisted of a global average
pooling layer, a dense layer with 512 hidden nodes,
a ReLU activation function, a 0.1 dropout layer, a
dense layer with 64 hidden nodes, a ReLU activa-
tion function, and a 0.1 dropout layer. The CNN
classifiers consisted of three convolution layers. Each
layer employed 32 filters to extract distinctive ele-
ments from the images. The flattened layer converted
the characteristics into a vector with a single dimen-
sion for further classifying using the ANN. The ANN,
a component of the CNN, comprised 64 hidden nodes
and two output nodes. We employed ResNet-50. The
top section of the ResNet-50 featured a global aver-
age pooling layer, a dense layer with 64 hidden nodes,
a ReLU activation function, a 0.2 dropout layer, a
dense layer with 64 hidden nodes, a ReLLU activation
function, and a 0.2 dropout layer.

For classifying the normal and dangerous riding
from pose landmarks, we used KNN classifiers with
various k values and SVM classifiers with linear, poly-
nomial, and radial basis kernel functions to classify
normal and dangerous riding based on YOLO pose
features and their additional features. The classifica-
tion also used ANNs, modifying the number of hidden
layers and nodes. To achieve good outcomes for the
ANN classifiers, we set the number of epochs to 150.
As for the RF classifiers, we adjusted the number of
trees to achieve maximum accuracy in classifying nor-
mal and dangerous riding.

4. EXPERIMENTAL RESULTS
4.1 Classification from Daytime Images

4.1.1 Classification from Motorcycle Images De-

tected by YOLO (Daytime)

This part examined the YOLO-extracted images
of motorcycle parts to identify normal and danger-
ous riding. Table 2 shows the accuracy when using
MobileNet, VGG16, CNN, and ResNet50 for riding
classification.

Table 2: Accuracy of Riding Classification from Im-
ages of Motorcycles.

Classifier Accuracy (%)
MobileNet 97.00
VGG16 99.50
CNN 97.50
ResNet50 95.00

The results showed that the VGG16 classifier out-
performed MobileNet, CNN, and ResNet50. Tables
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3-10 show the percentage of errors, precision, recall,
F1 score, macro average, and weighted average when
applying MobileNet, VGG16, CNN, and ResNet50,
respectively. When MobileNet was used to classify
normal and dangerous riding from the detected mo-
torcycles, it incorrectly classified 10.00% of normal
riding as dangerous.

Table 3: Confusion Matriz of MobileNet Riding
Classification from Images of Motorcycles.

Classified class
Normal riding Dangerous riding
Admgl Normal riding 100.00% (140) 0.00% (0)
class Dangerous riding 10.00% (6) 90.00% (54)

Table 4: Precision, Recall, and F1 Score (%) When
Classifying a Motorcycle Using MobileNet.

Table 7: Confusion Matriz of CNN Riding Classi-

fication from Images of Motorcycles.

Classified class

Normal riding
99.29% (139)
6.67% (4)

Dangerous riding
0.71% (1)
93.33% (56)

Actual Normal riding

class Dangerous riding

Table 8: Precision, Recall, and F1 Score (%) When
Classifying a Motorcycle Using CNN.

Precision Recall F1 score
Class (%) (%) (%) Support

Normal riding 98.25 93.33 95.73 60
Dangerous 97.20 99.29 98.23 140
riding

macro avg 97.72 96.31 96.68 200
weighted avg 97.52 97.50 97.48 200

Table 9: Confusion Matriz of ResNet50 Riding

Classification from Images of Motorcycles.

Classified class

Normal riding Dangerous riding

As shown in Table 5, VGG16 provided the best
accuracy. There was only a 1.67% incorrect classifi-
cation from normal to dangerous riding without mis-
classifying dangerous riding as normal. The VGG16
achieved high precision for the normal riding class
and high recall for the dangerous riding class.

Table 5: Confusion Matriz of VGG16 Riding Clas-
sification from Images of Motorcycles.

Classified class

Normal riding
100.00% (140)
1.67% (1)

Dangerous riding
0.00% (0)
98.33% (59)

Actual Normal riding

class Dangerous riding

Table 6: Precision, Recall, and F1 Score (%) When
Classifying a Motorcycle Using VGG16.

Class Pre(?)/los)mn R(e(:);)a)ll Fl(:/z;)re Support
Normal riding 100 98.33 99.16 60
Dangerous 99.29 100 99.64 140
riding
macro avg 99.65 99.17 99.40 200
weighted avg 99.50 99.50 99.50 200

Compared to VGG16, the CNN exhibited infe-
rior accuracy, precision, recall, and F1 score for both
classes. There was 0.71% of normal riding misclas-
sified as dangerous riding, and 6.67% of dangerous
riding misclassified as normal riding.

ResNetb0 demonstrated inferior accuracy com-
pared to CNN and VGG16. It misclassified 1.43%
of images of normal riding as dangerous riding and
13.33% of images of dangerous riding as normal rid-
ing.

Class Pre(f,zlon R(?,jo‘";“ Fl (S/Z;’re Support Actual | Normal riding 98.57% (138) 1.43% (2)
Normal riding 100 90.00 94.74 60 ol Dangerous riding 13.33% (8) 86.67% (52)
Dangerous
o 95.89 100 97.90 140 .
riding — — o o Table 10: Precision, Recall, and F1 Score (%)
macro avg . o . . . .
weighted ave 971 97.00 96.95 500 When Classifying a Motorcycle Using ResNet50.

Class Precision Recall F1 score Support
(%) (%) (%)
Normal riding 96.30 86.67 91.23 60
Dangerous 94.52 98.57 96.50 140
riding
macro avg 9541 92.62 93.87 200
weighted avg 95.05 95.00 94.92 200

The results revealed that using the VGG16 classi-
fier to classify normal and dangerous riding from the
extracted motorcycles could provide high accuracy,
precision, recall, and F1 score.

4.1.2 Classification from Motorcyclist Images De-
tected by YOLO (Daytime)

This part investigated the YOLO-extracted images
of motorcyclist parts to identify normal and danger-
ous riding. Table 11 shows the accuracy obtained
from four classifiers. VGG16 demonstrated a high
accuracy of 99.00% in the riding classification from
motorcyclist images.

Table 11: Accuracy of Riding Classification from
Images of Motorcyclists.
Classifier Accuracy (%)
MobileNet 98.50
VGGl16 99.00
CNN 9333
ResNet50 94.50

Compared to the VGG16, CNN, and ResNet50
classifiers, the results demonstrated that MobileNet
offered comparatively poor accuracy. Tables 12-19
show the percentage of errors, precision, recall, F1
score, macro average, and weighted average when dis-
tinguishing normal riding from dangerous riding us-
ing images of motorcyclists. The MobileNet misclas-
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sified 1.43% of images of normal riding as danger-
ous riding and 3.34% of images of dangerous riding
as normal riding. The normal riding class achieved a
precision, recall, and F1 score of 96.67%, and the dan-
gerous riding class achieved a precision, recall, and F1
score of 98.57%.

Table 12: Confusion Matriz of MobileNet Riding
Classification from Images of Motorcyclists.

Table 16: Confusion Matriz of CNN Riding Clas-

sification from Images of Motorcyclists.

Classified class

Normal riding
99.29% (139)
3.33%(2)

Dangerous riding
0.71% (1)
96.67% (58)

Actual Normal riding

class Dangerous riding

Table 17: Precision, Recall, and F1 Score (%) when
Classifying a Motorcyclist Using CNN.

Classified class —
— — Class Precision Recall F1 score Support
Normal riding Dangerous riding (%) (%) (%) PP
Actual | Normal riding 98.57% (138) 1.43% (2) Normal riding 98.31 96.67 98.33 60
class Dangerous riding 3.34% (2) 96.67% (58) ggir:-lggerous 08.58 99.29 98.93 140
macro avg 98.44 97.98 98.21 200
Table 13: Precision, Recall, and F1 Score (%) weighted avg 98.50 98.50 98.50 200
When Classifying a Motorcyclist Using MobileNet. ) . .
Table 18: Confusion Matrix of ResNet50 Riding

Precision Recall F1 score

Class %) %) %) Support
Normal riding 96.67 96.67 96.67 60
Dangerous 98.57 98.57 98.57 140
riding
macro avg 97.62 97.62 97.62 200
weighted avg 98.00 98.00 98.00 200

VGG16 delivered much more accurate results than
MobileNet. There was an error rate of 0.71% in clas-
sifying normal riding as dangerous riding and 1.67%
in classifying dangerous riding as normal riding. The
normal riding class achieved a precision, recall, and
F1 score of 98.33%, and the dangerous riding class
achieved a precision, recall, and F1 score of 99.29%.

Table 14: Confusion Matrixz of VGG16 Riding Clas-
sification from Images of Motorcyclists.

Classified class
Normal riding Dangerous riding
Actual | Normal riding 99.29% (139) 0.71% (1)
class Dangerous riding 1.67% (1) 98.33% (59)
Table 15: Precision, Recall, and F1 Score (%)

When Classifying a Motorcyclist Using VGG16.

Class Pre(i;os)lon R(eoz;ll Fl(z/co;)re Support
Normal riding 98.33 98.33 98.33 60
Dangerous 99.29 99.29 99.29 140
riding
macro avg 98.81 98.81 98.81 200
weighted avg 99.00 99.00 99.00 200

Compared to VGG16, the CNN demonstrated infe-
rior accuracy, precision, and F1 score for both classes.
There was a 0.71% misclassification rate from normal
riding to dangerous riding and a 3.33% misclassifica-
tion rate from dangerous riding to normal riding.

ResNet50 demonstrated lower accuracy than CNN
and VGG16. There was a 3.57% misclassification rate
from normal riding to dangerous riding and a 10.00%
misclassification rate from dangerous riding to normal
riding.

Table 19 shows the precision, recall, F1 score,
macro average, and weighted average.

Classification from Images of Motorcyclists.

Classified class
Normal riding Dangerous riding
Actual | Normal riding 96.43% (135) 3.57% (5)
class Dangerous riding 10.00% (6) 90.00% (54)
Table 19: Precision, Recall, and F1 Score (%)
When Classifying a Motorcyclist Using ResNet50.
Class Precision Recall F1 score Support
(%) (%) (%) PP
Normal riding 91.53 90.00 90.76 60
Dangerous 95.74 96.43 96.09 140
riding
macro avg 93.64 93.21 93.42 200
weighted avg 94.48 94.50 94.49 200

The results revealed that using the VGG16 classi-
fier to classify normal and dangerous riding from the
extracted motorcyclists could provide high accuracy,
precision, recall, and F1 score. However, it achieved
slightly lower accuracy compared to the classification
using motorcycle images.

4.1.3 Classification from YOLO-extracted Motor-
cyclist Pose Features (Daytime)

The part used the pose features of motorcyclists
extracted by YOLO. Four classifiers, KNN, SVM,
ANN, and RF, were applied. Table 20 shows the
accuracy of riding classification from motorcyclists’
YOLO pose features.

When using the YOLO pose features of motorcy-
clists, the results demonstrated that the RF classi-
fier offered the highest accuracy of 99.50%. Tables
21-28 show the confusion matrices, precision, recall,
F1 score, macro average, and weighted average when
classifying normal riding from dangerous riding. Ta-
bles 21-22 present the confusion matrix, precision, re-
call, F1 score, macro average, and weighted average
of KNN riding classification at peak accuracy.

Tables 23-24 show the confusion matrix, precision,
recall, F1 score, macro average, and weighted aver-
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Table 20: Accuracy of Riding Classification from
Motorcyclists’ YOLO Pose Features.

Classifier Accuracy (%)
KNN (k=9) 93.00
KNN (k=11) 92.00
KNN (k:13) 90.50
KNN (k=15) 89.50
SVM (Linear kernel) 93.50
SVM (Polynomial kernel) 91.00
SVM (Radial basis kernel) 95.00
ANN (34-4-2) (1 hidden layer) 88.50
ANN (34-8-2) (1 hidden layer) 90.00
ANN (34-16-2) (1 hidden layer) 87.00
ANN (34-32-2) (1 hidden layer) 91.00
ANN (34-64-2) (1 hidden Tayer) 90.50
ANN (34-128-2) (1 hidden layer) 87.00
ANN (34-32-32-2) (2 hidden layers) 89.00
ANN (34-64-64-2) (2 hidden layers) 83.50
ANN (34-128-128-2) (2 hidden layers) 90.50
RF (The number of trees = 500) 99.50
RF (The number of trees = 1000) 99.50

Table 21: Confusion Matriz of KNN Riding Clas-
sification from Motorcyclists’ YOLO Pose Features.

Classified class

Normal riding Dangerous riding

Actual Normal riding 100% (140) 0% (0)
class Dangerous riding 23.33% (14) 76.67% (46)
Table 22: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists” YOLO Pose Fea-

tures Using KNN.

Class Pre(c‘:)/los)lon R(euze;ll Fl(g/co;)re Support
Normal riding 90.91 100 95.24 60
Dangerous 100 76.67 86.79 140
riding
macro avg 9545 88.33 91.02 200
weighted avg 93.64 93.00 92.70 200

age of SVM riding classification when achieving its
highest accuracy. There was a 1.43% misclassifica-
tion rate from normal riding to dangerous riding and
a 13.33% misclassification rate from dangerous riding
to normal riding.

Table 23: Confusion Matriz of SVM Riding Clas-
sification from Motorcyclists” YOLO Pose Features.

When achieving its highest accuracy, tables 25-26
show the confusion matrix, precision, recall, F'1 score,
macro average, and weighted average of ANN riding
classification. There was a 2.86% misclassification
rate from normal riding to dangerous riding and a
23.33% misclassification rate from dangerous riding
to normal riding. The recall rate for the normal rid-
ing class was just 76.67%.

Table 25: Confusion Matriz of ANN Riding Clas-
sification from Motorcyclists” YOLO Pose Features.

Classified class

Normal riding Dangerous riding

Actual | Normal riding 97.14% (136) 2.86% (4)
class Dangerous riding 23.33% (14) 76.67% (46)
Table 26: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists’ YOLO Pose Fea-

tures Using ANN.

Class Pre(?)/l‘)s;on R(e;]e;ll Fl(:/co;xe Support
Normal riding 90.67 97.14 93.79 60
Dangerous 92.00 76.67 83.64 140
riding
macro avg 91.33 86.90 88.71 200
weighted avg 91.07 91.00 90.75 200

Tables 27-28 show the confusion matrix, precision,
recall, F'1 score, macro average, and weighted average
of the RF classification at its highest accuracy. The
RF classifier misclassified 1.67% of images of danger-
ous riding as normal riding.

Table 27: Confusion Matriz of RF Riding Classifi-
cation from Motorcyclists” YOLO Pose Features.

Classified class
Normal riding Dangerous riding
Actual Normal riding 100% (140) 0% (0)
class Dangerous riding 1.67% (1) 98.33% (59)
Table 28: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists’ YOLO Pose Fea-

tures Using RF.

Classified class
Normal riding Dangerous riding
Actual | Normal riding 98.57% (138) 1.43% (2)
class Dangerous riding 13.33% (8) 86.67% (52)
Table 24: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists” YOLO Pose Fea-

tures Using SVM.

Class Pre(?)/l‘)s)lon Rg;)e;ll Fl(:/co)ore Support
Normal riding 94.52 98.57 96.50 60
Dangerous 96.30 86.67 91.23 140
riding
macro avg 9541 92.62 93.87 200
weighted avg 95.05 95.00 94.92 200

Class Pre(g}:)lon R(izz;ll Fl(g/cut))re Support
Normal riding 99.92 100 99.64 60
Dangerous 100 98.33 99.16 140
riding
macro avg 99.65 99.17 99.40 200
weighted avg 99.50 99.50 99.50 200

4.1.4 Classification from YOLO-extracted Motor-
cyclist Pose Features and the Extended Fea-
tures (Daytime)

In this part, the classification used the pose fea-
tures of motorcyclists extracted by YOLO and their
extended features. Table 29 shows the accuracy of
riding classification using KNN, SVM, ANN, and RF.
The results indicate that the RF classifiers using
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YOLO-extracted motorcyclist posture features and
the extended features did not perform better than
those using only YOLO-extracted motorcyclist pos-
ture features.

Table 29: Accuracy of Riding Classification from
YOLO-Extracted Motorcyclist Pose Features and the

Table 32: Confusion Matriz of SVM Riding Clas-
sification from YOLO-Eaxtracted Motorcyclist Pose
Features and the Extended Features.

Classified class

Normal riding

Dangerous riding

Actual | Normal riding 98.57% (138) 1.43% (2)
class Dangerous riding 8.33% (5) 91.67% (55)
Table 33: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists’ YOLO Pose Fea-
tures and the Extended Features Using SVM.

Class Precision Recall F1 score Support
(%) (%) (%)
Normal riding 96.50 98.57 97.53 60
Dangerous 96.49 91.67 94.02 140
riding
macro avg 96.50 95.12 95.77 200
weighted avg 96.50 96.50 96.47 200

Table 34: Confusion Matriz of ANN Riding Classi-
fication from YOLO-extracted Motorcyclist Pose Fea-
tures and the Extended Features.

Classified class

Fztended Features.
Classifier Accuracy (%)
KNN (k=9) 91.50
KNN (k=11) 90.50
KNN (k=13) 89.50
KNN (k=15) 89.50
SVM (Linear kernel) 94.00
SVM (Polynomial kernel) 90.50
SVM (Radial basis kernel) 96.50
ANN (58-16-2) (1 hidden layer) 91.50
ANN (58-32-2) (1 hidden layer) 94.50
ANN (58-64-2) (1 hidden layer) 93.50
ANN (58-128-2) (1 hidden layer) 93.50
ANN (58-16-16-2) (2 hidden layers) 92.50
ANN (58-32-32-2) (2 hidden layers) 76.00
ANN (58-64-64-2) (2 hidden layers) 94.00
ANN (58-128-128-2) (2 hidden layers) 91.00
RF (The number of trees = 500) 99.50
RF (The number of trees = 1000) 99.50

Normal riding

Dangerous riding

Tables 30-31 show the confusion matrix, precision,
recall, F'1 score, macro average, and weighted average
when using KNN (k=9). The KNN classifier could
not achieve high accuracy. It misclassified 28.33% of
images of dangerous riding as normal riding.

Table 30: Confusion Matriz of KNN Riding Clas-
sification From YOLO-Extracted Motorcyclist Pose
Features and the Extended Features.

Classified class

Normal riding Dangerous riding

Actual | Normal riding 100% (140) 0% (0)
class Dangerous riding | 28.33% (17) 71.67% (43)
Table 31: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists’ YOLO Pose Fea-
tures and the Extended Features Using KNN.

Precision Recall F1 score

Class (%) (%) %) Support
Normal riding 89.17 100 94.28 60
Dangerous 100 71.67 83.50 140
riding
macro avg 94.59 85.83 88.89 200
weighted avg 92.42 91.50 91.04 200

Tables 32-33 show the confusion matrix, precision,
recall, F1 score, macro average, and weighted aver-
age when using SVM. Compared to KNN, the SVM
achieved better accuracy, precision, and recall rates.

Tables 34-35 show the confusion matrix, precision,
recall, F'1 score, macro average, and weighted average
when using ANN.

Tables 36-37 show the confusion matrix, precision,
recall, F'1 score, macro average, and weighted average
when using the RF classifier. There was a 1.67% mis-
classification rate from dangerous riding to normal

Actual | Normal riding 97.86% (137) 2.14% (3)
class Dangerous riding 13.33% (8) 86.67% (52)
Table 35: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists” YOLO Pose Fea-
tures and the Extended Features Using ANN.

Class Precision Recall F1 score Support
%) %) %) PP
Normal riding 94.48 97.86 96.14 60
Dangerous 94.55 86.67 90.43 140
riding
macro avg 94.51 92.26 93.29 200
weighted avg 94.50 94.50 94.43 200

riding. The classification achieved precision, recall,
and F1 scores higher than 98% for both classes.

Table 36: Confusion Matrixz of RF Riding Classifi-
cation from YOLO-extracted Motorcyclist Pose Fea-
tures and the Extended Features.

Classified class
Normal riding Dangerous riding
Actual | Normal riding 100% (140) 0% (0)
class Dangerous riding 1.67% (1) 98.33% (59)
Table 37: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists” YOLO Pose Fea-
tures and the Extended Features Using RF.

Class Precision Recall F1 score Support
(%) (%) (%) PP
Normal riding 99.92 100 99.64 60
Dangerous 100 98.33 99.16 140
riding
macro avg 99.65 99.17 99.40 200
weighted avg 99.50 99.50 99.50 200
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4.2 Classification from Low-light Condition
Images

This part used low-light condition images and ap-
plied the YOLO to detect motorcycles and motor-
cyclists and pose landmarks for motorcyclists. Sub-
sequently, we used the detected results to train and
classify the dangerous riding.

4.2.1 Classification from Motorcycle Images De-

tected by YOLO

This part examined the YOLO-extracted images
of motorcycle parts to identify normal and danger-
ous riding. Table 38 shows riding classification accu-
racy from motorcycle images when using MobileNet,
VGG16, CNN, and ResNet50. The classification us-
ing VGG16 outperformed MobileNet, a simple CNN,
and ResNet50.

Table 38: Accuracy of Riding Classification from
Images of Motorcycles.

Classifier Accuracy (%)
MobileNet 98.50
VGG16 100.00
CNN 97.00
ResNet50 95.50

Table 39 shows the confusion matrix of VGG16
riding classification from images of motorcycles. Ta-
ble 40 shows the confusion matrix, precision, recall,

F1 score, macro average, and weighted average when
using VGG16.

Table 39: Confusion Matrixz of VGG16 Riding Clas-
sification from Images of Motorcycles.

Classified class
Normal riding Dangerous riding
Actual | Normal riding 100.00% (140) 0.00% (0)
class Dangerous riding 0% (0) 100.00% (60)
Table 40: Precision, Recall, and F1 Score (%)
When Classifying a Motorcycle Using VGG16.
Precision Recall F1 score
Class (%) (%) %) Support
Normal riding 100 100 100 60
Dangerous 100 100 100 140
riding
macro avg 100 100 100 200
weighted avg 100 100 100 200

4.2.2  Classification from Motorcyclist Images De-
tected by YOLO

This part examined the YOLO-extracted images
of motorcycle parts to identify normal and danger-
ous riding.Table 41 shows the accuracy of riding clas-
sification from Images of Motorcyclists when using
MobileNet, VGG16, CNN, and ResNet50. Table 42
shows the confusion matrix of VGG16 riding classifi-
cation from images of motorcyclists.

Table 41: Accuracy of Riding Classification from
Images of Motorcyclists.
Classifier Accuracy (%)
MobileNet 97.50
VGG16 98.00
CNN 92.50
ResNet50 91.00

Table 42: Confusion Matrix of VGG16 Riding Clas-
sification from Images of Motorcyclists.

Classified class

Normal riding

Dangerous riding

Actual

Normal riding

99.29% (139)

0.71% (1)

class

Dangerous riding

5.00% (3)

95.00% (57)

Table 43 shows the confusion matrix, precision, re-
call, F1 score, macro average, and weighted average
when using VGG16.

Table 43: Precision, Recall, and F1 Score (%)
When Classifying a Motorcycle Using VGG16.
Precision Recall F1 score
Class (%) (%) %) Support
Normal riding 98.28 95.00 96.61 60
Dangerous 97.89 99.29 98.58 140
riding
macro avg 98.08 97.14 97.60 200
weighted avg 98.00 98.00 97.99 200

4.2.3 Classification from YOLO-extracted Motor-
cyclist Pose Features

Table 44 shows the accuracy of riding classification
based on motorcyclists’” YOLO pose features when
using KNN, SVM, ANN, and RF. The classification
accuracy using YOLO motorcyclist pose features ap-
peared relatively high because the experiments used
YOLO-detectable images, but the actual performance
of this approach was poor due to YOLOQO’s inability
to detect the pose landmarks of motorcyclists in low-
light conditions efficiently.

Table 44: Accuracy of Riding Classification from
Motorcyclists” YOLO Pose Features.

Classifier Accuracy (%)
KNN (k=9) 80.00
KNN (k=11) 80.00
KNN (k=13) 80.00
KNN (k=15 80.00
SVM (Linear kernel) 80.00
SVM (Polynomial kernel) 80.00
SVM (Radial basis kernel) 90.00
ANN (34-4-2) (1 hidden layer) 90.00
ANN (34-8-2) (1 hidden layer) 85.00
ANN (34-16-2) (1 hidden layer) 75.00
ANN (34-32-2) (1 hidden layer) 80.00
ANN (34-64-2) (1 hidden layer) 85.00
ANN (34-128-2) (1 hidden layer) 85.00
ANN (34-32-32-2) (2 hidden layers) 80.00
ANN (34-64-64-2) (2 hidden layers) 80.00
ANN (34-128-128-2) (2 hidden layers) 90.00
RF (The number of trees = 500) 80.00
RF (The number of trees = 1000) 85.00
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Tables 45-46 show the confusion matrix, precision,
recall, F'1 score, macro average, and weighted average
for the classification using motorcyclists’ YOLO pose
features.

Table 45: Confusion Matrixz of ANN(34-128-128-2)
Riding Classification from Motorcyclists’ YOLO Pose
Features.

Classified class

average when using RF riding classification from
YOLO-extracted motorcyclist pose features and the
extended features.

Table 48: Confusion Matriz of RF Riding Classifi-
cation from YOLO-Extracted Motorcyclist Pose Fea-
tures and the Extended Features.

Classified class

Normal riding

Dangerous riding

Normal riding

Dangerous riding

Al Normal riding 100% (16) 0% (0)
class Dangerous riding 50.00% (2) 50.00% (2)
Table 46: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists” YOLO Pose Fea-

tures Using ANN (34-128-128-2).

Class Pre(((:)/los)lon R(izz;ll Fl(fs./z;)re Support
Normal riding 88.89 100 94.12 16
Dangerous 100 50.00 66.67 4
riding
macro avg 94.44 75.00 80.39 20
weighted avg 91.11 90.00 88.63 20

4.2.4 Classification from YOLO-extracted Motor-
cyclist Pose Features and the Extended Fea-

tures

We applied four classifiers, namely KNN, SVM,
ANN, and RF, for riding classification based on
YOLO-extracted motorcyclist pose features and ex-
tended features. Table 47 shows the accuracy of rid-
ing classification from YOLO-extracted motorcyclist
pose features and the extended features. This ap-
proach provided low accuracy in real situations be-
cause of YOLO’s inadequate ability to detect the pose
landmarks of motorcyclists in low-light conditions.

Table 47: Accuracy of Riding Classification from
YOLO-Extracted Motorcyclist Pose Features and the

Fztended Features.
Classifier Accuracy (%)
KNN (k=9) 80.00
KNN (k=11) 80.00
KNN (k=13) 80.00
KNN (k=15) 80.00
SVM (Linear kernel) 80.00
SVM (Polynomial kernel) 80.00
SVM (Radial basis kernel) 80.00
ANN (58-16-2) (1 hidden layer) 90.00
ANN (58-32-2) (1 hidden layer) 75.00
ANN (58-64-2) (1 hidden layer) 80.00
ANN (58-128-2) (1 hidden layer) 90.00
ANN (58-16-16-2) (2 hidden layers) 85.00
ANN (58-32-32-2) (2 hidden layers) 90.00
ANN (58-64-64-2) (2 hidden layers) 85.00
ANN (58-128-128-2) (2 hidden layers) 90.00
RF (The number of trees = 500) 90.00
RF (The number of trees = 1000) 85.00

Tables 48-49 show the confusion matrix, preci-
sion, recall, F1 score, macro average, and weighted

Actual | Normal riding 100% (16) 0% (0)
class Dangerous riding 50.00% (2) 50.00% (2)
Table 49: Precision, Recall, and F1 Score (%)

When Classifying Motorcyclists’ YOLO Pose Fea-
tures and the Extended Features Using RF.

Precision Recall F1 score

Class (%) (%) %) Support
Normal riding 88.89 100 94.12 16
Dangerous 100 50.00 66.67 4
riding
macro avg 94.44 75.00 80.39 20
weighted avg 91.11 90.00 88.63 20

4.3 Classification from Daytime and Low-light
Condition Images

This part examined the YOLO-extracted images
of motorcycle parts to identify normal and danger-
ous riding. Table 50 presents the outcomes of Mo-
bileNet, VGG16, CNN, and ResNet50 classifiers. We
trained and evaluated all classifiers using images cap-
tured in daytime and low-light conditions. The find-
ings demonstrate that VGG16 attained a maximum
accuracy of 98.75%.

Table 50: Accuracy of Riding Classification from
Images of Motorcycles.

Classifier Accuracy (%)
MobileNet 95.50
VGG16 98.75
CNN 97.00
ResNet50 91.75

Tables 51-52 show the confusion matrix, precision,
recall, F'1 score, macro average, and weighted average
when using VGG16.

Table 51: Confusion Matriz of VGG16 Riding Clas-
sification from Images of Motorcycles.

Classified class

Normal riding
100.00 (280)
0.83% (1)

Dangerous riding
0% (0)
9.17% (119)

Actual Normal riding

class Dangerous riding

The findings indicate that integrating motorcy-
cle detection via YOLO and classification through
VGG16 is a practical approach for identifying dan-
gerous motorcycling. The system’s performance re-
lied on the YOLO motorcycle detection part and the
classification of the normal and dangerous motorcy-
cling parts. Table 53 displays the total number of
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Table 52: Precision, recall, and F1 score (%) when
classifying a motorcycle using VGG16.

Class Pre(i/i:)ion Rﬁz&;ll Fl(i/co;)re Support
Normal riding 100 99.17 99.58 120
Egi‘;g;r"us 99.64 100 99.82 280
macro avg 99.82 99.58 99.70 400
weighted avg 99.75 99.75 99.75 400

motorcycles in images (N), deletion errors (D), sub-
stitution errors (S), insertion errors (I), and the accu-
racy of YOLO motorcycle detection. When using the
YOLO11s model with the confidence level (conf) =
0.25 and intersection over union (IoU) = 0.7, YOLO
attained an accuracy of 71.09%. YOLO could detect
motorcycles during the daytime rather well; however,
its performance diminished in low-light conditions or
at night. The deletion errors occurred when the sys-
tem could not detect motorcycles, while the insertion
errors occurred when the system detected other ob-
jects, such as bicycles, as motorcycles. There was no
substitution error because we configured YOLO to
detect only motorcycles. The number of images used
was 512, and YOLO could detect 400 motorcycles cor-
rectly. There were 112 deletions, zero substitutions,
and 36 insertion errors. Based on the results in Ta-
ble 53, which showed that 436 images of motorcycles
could be found (512-112+436), the system was about
91.51% accurate at detecting normal and dangerous
motorcycling from those detected images. To deter-
mine the accuracy, we divided (N - D + I) - (I + the
number of misclassifications using VGG16 in Table
51) by (N-D + ).

Table 53: YOLO Motorcycle Detection Accuracy.

N D S I Accuracy (%)
Daytime normal 140 0 0 0 0
riding
. Dayt11n§ ) 6 ; 0 . 6571
angerous riding
Nighttime normal 218 78 0 0 806
riding .
Nighttime 01 31 0 1 175
dangerous riding .
Daytime and
Nighttime riding | 2 112 0 36 71.09

5. DISCUSSION AND CONCLUSION

This study developed a novel approach to distin-
guish between dangerous and typical motorcycle rid-
ing, which observes driving activities and fills the
gap in monitoring potentially hazardous actions on
the road. This work has the potential to identify in-
stances of single-wheeled motorcycle riding and rid-
ing while lying down, which happens on some streets.
The methods used object detection to detect motor-
cycles and motorcyclists. Although YOLO could de-
tect the pose landmarks of riders, acquiring the rid-

ers’ landmarks from nocturnal images proved chal-
lenging. Among MobileNet, VGG16, simple CNN,
ResNet50, SVM, ANN, and RF classifiers, VGG16
achieved the best accuracy for identifying normal and
dangerous riding using YOLO-detected motorcycles.
The detection accuracy was relatively high for the
daytime images. However, the YOLO poorly de-
tected the landmarks during the nighttime. There-
fore, employing this method at night diminished the
system’s performance. Including the extended fea-
tures did not considerably enhance the accuracy com-
pared to using only YOLO’s pose landmarks. In
the future, researchers should compare our proposed
method with those developed using MediaPipe and
investigate methods such as explainable artificial in-
telligence (XAI) [26] to find important features for
the riding classification. To improve detection per-
formance, especially at night, we should investigate
using customized models in addition to YOLO pre-
trained models. This work used a relatively small
dataset for training and testing the classifiers, and it
focused on single motorcycles. Future studies should
add images to the training and testing processes to
improve detection and classification. Furthermore,
observing accidents when riders fall off their motor-
cycles and athletes train in a gym is intriguing.
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