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Abstract— The development of an accident detection system is
a crucial step towards improving emergency response times,
saving lives and achieving the ambitious projection of the United
Nations General Assembly to drastically reduce the global fatality
rate of road traffic crashes by half by the year 2030. It is also
cardinal to the attainment of the United Nation’s SDG 11 goal of
making cities and human settlements inclusive, safe, resilient and
sustainable. In this study we present a preliminary development of
an Al-powered Accident Alert System (AI-PaaS). The system has
four modules namely, sensors module, detection module,
registration module and messaging module. The detection module
is powered by sensing technology and the Hidden Markov Model
to intelligently and correctly detect that an accidents sound. The
MPU 6050 containing both accelerometer and gyroscope is also
integrated to detect any sharp variation in the acceleration and
angular vis-a-vis a predefined threshold value. Once an accident
has been detected, the messaging module is triggered to
communicate first responders and the victims’ pre-registered kin.
Preliminary results are presented. The system can potentially
reduce road accident fatality by providing accurate and timely
location-based information to emergency service providers.

Keywords— Hidden Markov Model, Accident detection and
alert, IoT, Machine Learning, Artificial Intelligence, Sensors.

I. INTRODUCTION

An accident is an undesired, unplanned incident, typically
resulting in damage or injury. Perhaps the most common form
of accidents is road accident. Road accident is one of the
leading causes of death in the world, accounting for about 1.8
million deaths as at 2015, and is projected to top 2 million
deaths by 2030 [1]. Road accident fatalities is the leading cause
of death for children and young adults aged 5-29 and low to
middle-income economies accounts for 93% of these fatalities
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[2]. Specifically, road mortality ranks among the top leading
cause of death in low-income countries (see Figure 1) [3].

Leading causes of death in low-income countries

2000 2019

1. Neonatal conditions

2. Lower respiratory infections

3. Ischaemic heart disease

4, Stroke

5. Diarrhoeal diseases

6. Malaria

7. Road injury

8. Tuberculosis

9. HIV/AIDS

10. Cirrhosis of the liver
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Source: WHO Global Health Estimates. Note: World Bank 2020 income classification.

Fig. 1. The top 10 causes of death in low-income countries (World Health
Organization, 2020) [3]
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Most Sub-Saharan African countries are classified as low-
income countries. In Nigeria, it is estimated that road accidents
are the second most prominent cause of violent deaths after
insurgency [4]. Figure 2 shows a chart of the extent of the
fatality of road accidents from 2007 to 2013.

M FRSC M Nigeria Watch
7 000 6661 6450

2007 2008 2009 2010 2011 2012 2013
Total Number of Fatalities in 2007-2013

Fig. 2. FRSC and Nigeria Watch records of fatalities caused by road accidents,
2007-2013 [5].

In the second quarter of 2018 alone, 2,608 occurrences of
road accidents and 1,331 fatalities were recorded [6].
According to Statistica, (2023) [7], during the fourth quarter of
2021, more than 11,800 road traffic casualties were reported in
Nigeria. 10.2 thousand of the reported road traffic casualties
were injuries, while 1,700 were registered deaths. In the
previous quarter, approximately 8.8 thousand injuries and 1.4
thousand deaths, both resulting from road traffic crashes, were
counted in the country. Most road accidents occurring in
Nigeria are classified as serious and there appear to be a gradual
increase in accident fatalities. With an average of more than 4
deaths per day, Nigeria accounts for arguably the highest
accident-related death cases on the African planet. This high
rate of accidents has its attendant economic consequences and
1s most undesirable; the United Nations has estimated that
accident fatalities gulp up to 3% of nations” GDP globally [2].

Getting emergency aid after the occurrence of an accident
may be a major factor in the survival or otherwise of accident
victims. The most prevalent way of disseminating accident
information, especially in low-income countries is through
‘word of mouth’. This method is both unreliable and slow.
Unreliable, because the accurate location of the accident may
not be effectively communicated by the reporter. Furthermore,
the delayed time of reportage leads to delayed emergency
response time resulting in many cases to avoidable death. It is
a common scenario that people die in the event of an accident
as a result of a delay or lack of medical attention. Accident
victims have to rely on eye witness to call an ambulance or first
responders. One of the drawbacks of this existing method is that
people must be present where accidents occur. This is not
always the case for accidents that happen late at night.

The aim of this study is toward the development of an IoT
enabled system, which is able to detect the occurrence of an
accident and accurately alert responders about the location of

the occurrence. In achieving this aim, we set five research
objectives which include the design a model for the automatic
detection of accidents; the integration of modules such as
sensing and location awareness; the development of the
integrated A.I powered Low-Latent Accident Alert System (AI-
PaaS); the deployment of the system on a wearable IOT based
device; and, an evaluation of the model vis-a-vis some existing
systems.

II.  STATEMENT OF THE PROBLEM

Getting emergency aid after the occurrence of an accident
may be a major factor in the survival or otherwise of accident
victims. The first post-accident hour is often referred to as the
“golden hour” as victims stand a chance of survival if offered
access to emergency care. It is estimated that low-income
communities record twice as much post-accident fatalities
compared to their high-income counterpart, due to longer
response time and time taken before taking victims to the
hospital [8]. Longer emergency response time can easily be
traced to longer “accident notification time”. According to
Evanco, (1996) [9], rapid notification of accident emergencies
has the potential of reducing post-accident fatalities by at least
11%. In Nigeria, post-accident responses are extremely poor
[10][11]. Only a few urban communities such as Abuja, Lagos,
and Port-Harcourt have a fairly organized emergency service.
Even the available emergency services are deficient in the
dissemination of timely accident notification. Hence, the need
for an information system to provide timely notification in the
occurrence of an accident. A lot of the fatalities recorded are
avoidable with a timely and accurate accident notification
system. This project is towards the development a low-latent
IoT enabled intelligent accident alert system, equipped with an
integrated automatic accident detection system as well as a
location-aware alert functionality. Internet of Things (IOT)
devices are computing devices that connect wirelessly to a
network and have the ability to transmit data. While IoT has
been in existence since the 90s, the advances in recent years in
a number of different technologies have made it more practical
and mainstream. The result of this study is expected to reduce
accident fatality rates by enabling first responders, police, and
ambulances through the provision of timely and location-aware
alert. It is also expected to resolve the issue of unidentified
bodies in fatal accidents that claim lives as their data has been
taken before the initialization of the system.

III.  REVIEW OF LITERATURE

Accidents are an unfortunate, and all too common
occurrence in today’s world. Therefore, the development of
automatic accident detection systems has become a fulcrum for
the reduction of deaths from road accidents. Many works in the
previous decades have proposed decent systems with the use of
new and old technology as well as the use of hybrid methods to
attack the issue of accident fatalities.

Gopi et al, (2016) [12] presented a system for accident
tracking and visual sharing using RFID and software-defined
networking (SDN). The authors proposed a novel approach to
track accidents and share real-time video footage with
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emergency services, using RFID technology to detect accidents
and SDN to manage and route the video stream. The system
architecture, includes several components such as RFID
readers, cameras, SDN controllers, and a cloud-based video
streaming server. The video stream is then managed and routed
by the SDN controllers, which optimize the network traffic to
ensure fast and reliable delivery of the video footage to
emergency services. Experimental evaluation showed that the
proposed system is capable of detecting accidents in real-time
and delivering high-quality video footage to emergency
services within a few seconds.

Raja et al. (2021) [13] proposed a device that senses the
occurrence of the accident and reports to an emergency team.
In the event of no causality, a switching mechanism is used to
shut it off. This system like many previously reviewed systems
proposes the use of the Arduino UNO, GSM and GPS modules,
an accelerometer and a mobile phone. When an accident has
occurred as determined by the accelerometer, it sends a signal
to the Arduino. The GPS then tracks the location and
coordinates of the vehicle and sends to the GSM module. The
GSM module then sends a message to the nearest hospital
and/or appropriate and authorized personnels, such as family
members. This system offers a quick method of responding to
emergency situations.

Sumathy et al., (2021) [14] developed an IoT-based Vehicle
Accident Emergency Alert System. The system detects accident
via an accelerometer and triggers the integrated GPS and GPRS
Modules to both detect the location of the accident and initiate
a message to emergency services as well as the victims’ pre-
registered kins. The accelerometer detects that an accident has
occurred if there is an abnormal tilting of the longitudinal and
latitudinal positioning of the vehicle along the X,Y,Z axis. The
system was successfully simulated on an Arduino UNO
controller.

Yan and Ko, (2021) [15] proposed the development of an
Accident Sound Detection algorithm by identifying tunnel
accident sounds to detect traffic accidents accurately and timely
prevent secondary accidents. Mel Frequency Cepstrum
Coefficient (MFCC) delta-delta coefficients were used as the
input data of the follow-up neural network sound detection
system. The system uses deep neural network to classify tunnel
sounds as either accident sounds or non-accident sounds. The
system requires different sounds to be pre-processed, then their
features extracted. Accident and Non-accident sounds were
taken to help distinguish and establish the sound library. The
features derived were then used for classifier learning. The
limitation of the system is that it only detects accidents, it does
not report the accident to any of the appropriate authorities.

Many of the accident detection systems nowadays make use
of the GPS to track and locate the vehicle that has just been
involved in an accident. In this proposed system Pathik et al.,
(2022) [16] an accident emergency system that uses a force
sensor, GPS module, alarm controller, ESP8266 controller,
camera, Raspberry Pi, and GSM module to automatically detect
that an accident has occurred. The system is able to collect and
transmit accident-related information to the cloud/server. The
proposed Accident Detection and Reporting System (ADRS)

comprised of 2 phases. The first phase is the detection of
accident using an IOT device and deep learning methods. The
IOT device developed consists of several sensors which work
hand in hand to make the ADRS successful. The force sensor
which is the major component of this system is used to detect
and measure the impact on a vehicle, if the value of the force is
above 350pa the ATMEGA328 which is a micro controller unit
that controls various devices including the alert system triggers
the alarm and sets a 30 seconds timer and if this timer is not
reset after 30 seconds, it sends a signal to activate the
NodeMCU- ESP8266. The NodeMCU- ESP8266 is a master
micro controller that enables micro controllers to connect to the
internet, and hence transfers all the information as regards the
accident to the cloud. Raspberry pi is a small computer with an
OS that allows for the connection of IOT devices. It is
connected to a Pi camera which takes images and videos of the
accident scene and also uploads to the cloud database. The
system contains 5 databases; User personal details database,
vehicle database, Hospital database, Police station database and
Mechanics database. Deep learning is used in this system to
help improve the accuracy of accident detection to minimize
false detection rate and to tell how severe the accident is. The
deep learning technique used in this model is ResNet and
InceptionResnetV2. The aim of this model in the system is to
inspect the video sent to the cloud and classify the videos into
two ‘Accident or No accident’. Once the signal is sent and the
timer is reset before 30 seconds, nearby mechanics will be sent
to the registered mobile number and if it is not, the location of
the accident is immediately sent to nearby hospitals and police
stations. The modified ResNet-50 model achieves the training
and test accuracy of 99.3 and 99.4, respectively. The accident
recall rate of the model is 1. Which means that all accidents that
occurred were detected and recorded as accidents.

Consequently, our project proposes to reduce accident
notification and response times as well as improve on the
latency of accident emergency systems with the use of a
wearable accident detection and reporting system embedded
with a GPS sensor, an accelerometer, a pulse oximeter sensor
and an optical heart rate sensor to monitor passengers’ vitals
throughout the entire duration of travel.

IV. THE PROPOSED METHOD

The goal of this study is to develop a working prototype of
an intelligent IoT system that is able to automatically detect that
an accident has occurred and send alert to first responders and
victim’s pre-registered kin(s). The novelties of the proposed
system are as follows:

1. Real-time data collection: The IoT-based device collects
data from the interacting sensors in real-time.

2. Adaptive learning: The detection mechanism of the
system is powered by the feature of adaptive learning
properties of the Hidden Markov Model to adapt to
changing circumstances and learn from new data. This
improves the system's accuracy and reduce false alarms.

3. Contextual awareness
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4. Integration of multiple sensing technology.

The system is classified into four major modules. The
sensors module, registration module, the detection module and
the messaging module. Figure 3 depicts the interacting
component of the system.
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Fig. 3. Architectural depiction of the interacting components of the System

The registration is done on a networked mobile application
to register the user’s details and proposed system. The detection
module is an integration of Machine Learning and interacting
sensors. The messaging module is powered by integrated
messaging controller to alert emergency responders as well as
victims kins. The messaging module also integrates an
incidence reporting functionality, which enables users to alert
emergency responders about an incidence, such as kidnapping
or robbery.
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Fig. 4. Flowchart of registration module

During the registration phase, a user is required to register,
his/her details, as well as that of first responders. A user may
carry out other menu operation as he/she may deem fit. The
flowchart of the registration module is presented in Figure 4.

The sensors module integrates four sensors, namely the
acoustic sensor, pulse oximeter sensor, optical heart rate sensor,
and the MPU 6050 sensor. The MPU 6050 sensor [17], is a low-
cost, low-latent, low-power and light motion detection sensor
that integrates 3 axis accelerometer and 3 axis gyroscope
sensors. The accelerometer and a gyroscope supply
complementary data about the motion of the device and the
individual wearing it. The accelerometer helps determine the
acceleration of the device along its three axes (X, y, and z).
When an accident occurs, there may be a sudden change in the
acceleration that exceeds the predefined threshold. The
gyroscope provides support data on the "pose" or "orientation"
of the device. A gyroscope measures the rotational velocity of
the device around its three axes. In the case of an accident, the
gyroscope can detect a sudden change in the rotation of the
device. This change in rotation can be used as a complementary
signal to the accelerometer data to improve the accuracy of the
accident detection. Detecting an accident using an
accelerometer and a gyroscope can be achieved by analyzing
the sensor data in real-time to detect changes in movement
patterns that are indicative of an accident. Algorithm 1 presents
a general pseudocode for detecting an accident using these
Sensors.

The pulse oximeter sensor is low-cost and non-invasive and
is used to monitors any spike in blood pressure, which may be
indicative of a post-accident trauma or distress. The optical
heart rate sensor is equally used to detect a spike in the heart
rate of the user. These are possible post-accident accident health
implication.

Algorithm 1: Pseudocode for
accelerometer and Gyroscope

detecting accidents using

Input: acceleration and rotational velocity device along x, y, and z
axis

1. Collect data from the accelerometer and gyroscope sensors in
real-time.

2. Calculate the magnitude of acceleration using the data from the
accelerometer. This can be done using the following formula:
acceleration_magnitude = sqrt(ax® + ay* + az?)
where ax, ay, and az are the acceleration readings in the x,y,
and z directions respectively.

3. Calculate the magnitude of angular velocity using the data from
the gyroscope. This can be done using the following formula:
angular_velocity_magnitude = sqrt(gx* + gy* +
gz%) where gx, gy, and gz are the angular velocity readings in
the x, y, and z directions respectively.

4. Apply a threshold to the acceleration and angular velocity
magnitudes to detect sudden changes in movement. If the
acceleration and angular velocity magnitudes exceed the
threshold, it is likely that an accident has occurred.
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5. Determine the duration and intensity of the acceleration and
angular velocity events to classify the event as a potential
accident.

6. Initiate an emergency response if an accident is detected.

The acoustic sensor is the component that acquires
sound/acoustic signals at the scene of the accident/crash. The
acoustic signal acquired then becomes an input for the Al-
powered sound detection module is enabled by the underlying
Hidden Markov Model / Algorithm (HMM). First the sound
detector, determines whether the sound has attained to the crash
pitch threshold. 145 decibels is the average pitch of an accident
crash. The algorithm is trained to determine whether the sound
signal is an accident sound or not. To achieve this the HMM
algorithm is trained on publicly available dataset of accident
and non-accident datasets. The accident dataset used was
retrieved from Kaggle
https://www.kaggle.com/datasets/sobhanmoosavi/us-accidents
with about 2.8 million instances consisting, a variety of intrinsic
and contextual attributes such as location, time, natural
language description, weather, period-of-day, and points-of-
interest. An accident sound is a combination of sounds such as
sudden breaking sound, crash, vehicular rollover sound,
skidding wheels and so on. Another important feature of an
accident acoustic signal is human distress sounds and call for
help. The HMM was chosen because of its statistical ability to
handle context awareness and underlying attributes. The
detection framework is presented in Figure 5.

© DATASETS |

CLASSIFIER CLASSIFICATION
TRAINING RESULTS
ol e Feature Selection Building HMM
"“ ilm[‘ m and Extraction Classifier
Training ACCIDENT

Dataset SOUND

%

‘= DETECTION MODEL - »

ol e ACOIENT

Test
Dataset

CLASSIFIER |

SOUND

Fig. 5. Accident sound detection framework

The Hidden Markov Model (HMM) is a probabilistic
graphical model used for modelling a sequence of observations.
It is a generalization of the Markov chain model, which
assumes that the probability of each state depends only on the
previous state. The most common HMM algorithm used for
classification is the Viterbi algorithm.

The Viterbi algorithm is used in a variety of applications,
such as speech recognition, biological sequence analysis, and
gesture recognition. The Viterbi algorithm is a dynamic
programming algorithm that is used to find the most likely
sequence of hidden states in a hidden Markov model (HMM).
In an HMM, a sequence of observable events is generated by a
sequence of hidden states according to a probability
distribution. The Viterbi algorithm allows us to find the most

likely sequence of hidden states given a sequence of
observations and a model of the HMM. The Viterbi algorithm
block diagram is presented in Figure 6.

Step 1:
Input fault universe (continuous fanlt states in [0,1])
Input test outcomes for K epochs
Step 2: v

Find optimal sequence for componenti (discrete and continuous
fanlt states (probabilities)) using Viterbi Algorithm and keep
other fault states (probability valucs) as samc in provious
iteration

Step 3:

Computc currcnt primal and dual
values, lower and upper bounds

Output: Feasible solution
(most hikcly fault scquence )

Fig. 6. Flowchart of the block coordinates of Viterbi algorithm [18]

The algorithm works by iteratively computing the
probability of being in each possible state at each time step,
based on the probabilities of transitioning between states and
emitting observations from each state. The probabilities are
stored in a matrix, and the algorithm uses the values in the
matrix to backtrack and find the most likely sequence of states.
In this context, sound signal is decomposed into five states as
described by Vacher et al, (2007) [19]. The states are
“transient”, “tonal” and “residual”. The other two are the silent
component of the audio at the beginning and end. A transition
occurs from state g; to q; if i = j. Figure 7 presents the HMM

state transition as proposed by Vacher et al., (2007).

Fig. 7. HMM state transition (Vacher ef al., 2007)

Let S = {s4, Sy, ..., Sp } be a set of states,

A ={ay4,a,, ..., a,}, be a set of possible observations,

Authorized licensed use limited to: Durban University of Technology. Downloaded on May 23,2023 at 12:22:24 UTC from IEEE Xplore. RestrictionsﬁdpR/.'d ge



pP= {pll' P12, -y P1ns P21, P22 =1 P2ns =+ Pn1s P2y s pnn} be
a set of transition probabilities from state S; to S; respectively,

0 = 04,0y, ..., 0, be a set of emission probabilities from state
S; to observation O; respectively

V =v,,v,, ..., v, be a set of values of the Viterbi algorithm,

The mathematical model for the Viterbi algorithm can be
written as follows:

V(1) = max{p; * 0(L,i)|i € S} €y
V(i) = max{V(i—1) * py *0(i,k) | k € S} (2)
The most likely sequence of states is given by:

s*= argmax{V(n)ln € S 3

The system sounds a distinct beep sound to alert the user of
its detection status and start a countdown of 30 seconds while
it beeps. It is assumed that the user has been incapacitated if no
user action is taken at the expiration of the 30 seconds. This
triggers the messaging module.

The GPS sensor picks a pin-point longitude/latitude reading
of the site of the accident and relays it on the google map API
to identify landmarks for descriptive purpose. The geo-location
of the accident site, with a description using the identified
landmark, as well as possible status of the victim, based on the
pulse reading are relayed as a message to emergency service
providers nearby, and the victim’s pre-registered next-of-kin.
Figure 8 illustrates the working of the AI-PaaS.
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Fig. 8. Al-PaaS Illustration

V. PROOF OF CONCEPT

Proof of Concept is presented herewith in terms of description
of devices to be used as well as preliminary results obtained.

ARM-based SOC (Advanced RISC Machine based System On
Chip). An ARM-based SoC (System-on-a-Chip) is a type of

computer chip that integrates various components of a
computing system onto a single chip. It is based on the ARM
(Advanced RISC Machines) architecture, which is a type of
reduced instruction set computing (RISC) architecture designed
for embedded systems and mobile devices. An ARM-based
SoC typically includes a processor core, memory, input/output
(I/O) interfaces, and other peripherals such as graphics
processing units (GPUs), audio and video codecs, and network
interfaces. These components are all integrated onto a single
chip, which helps to reduce the size, power consumption, and
cost of the computing system. In figure 9, the ARM-based SOC
design is presented.

RGS Monitor LED, Mono/Colour

0.
(STN/TFT)

("”,m"" < > Rrs232

“"‘M“"“ > rs232

SPI < >wmmc

Fig. 8. ARM-based SOC design

ARM-based SoCs are widely used in smartphones, tablets, and
other mobile devices, as well as in embedded systems such as
smart home devices, automotive systems, and industrial control
systems. They offer a balance of performance, power
efficiency, and flexibility that makes them well-suited for these
applications. Some examples of ARM-based SoCs include the
Qualcomm Snapdragon series, Samsung Exynos series, and
Apple A-series chips used in their respective devices.

Below is a part of code generated for the classification of
sounds using HMM.

° import numpy as np
from hmmlearn import hmm

# Load the data
accident_sounds = np.loadtxt('accident_sounds.txt')
non_accident_sounds = np.loadtxt('non_accident_sounds.txt')

# Create the HMM model
model = hmm.GaussianHMM(n_components=2, covariance_type="diag", n_iter=1068)

# Train the model on the data

X = np.concatenate((accident_sounds, non_accident_sounds), axis=8)
lengths = [len(accident_sounds), len(non_accident_sounds)]
model.fit(X, lengths)

# Test the model on new sound data
test_sound = np.loadtxt('test_sound.txt')
test_logprob, test_labels = model.decode(test_sound.reshape(-1, 1), algorithm="viterbi")
if test_labels[-1] == e:
print('The sound is classified as an Accident Sound')
else:

print('The sound is classified as a Non-Accident Sound')

The mobile component of the system has been developed.
Figure 10 depicts the registration module page. The page allows
users to create an account, that is linkable to the [oT system.
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Fig. 10. Al-PaaS registration module Fig. 12. Al-Paa$S dashboard.

The CRUD (create, read, update or delete) contact page
enables the user to create new contact, check (read) contact list,
update already existing contact and delete contact. This is
presented in Figure 13.

Figure 11 depicts the login page of the Al-PaaS

,.g., Al-PaaS

—
® Al-PaaS q Saving lives

9 Saving lives

anil Address Contact Name

P. NOr i
assword Mobile Number

Forgot Password ?

Email Address

——
| e

Add Contact

Reqister

Fig. 11. Al-PaaS login

Figure 12 shows the Al-PaaS dashboard, where users can  Fjg 13, The Al-PaaS CRUD page
configure and pre-register next-of-kins.
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VI. CONCLUSION

We have presented a preliminary prototype of the Al-PaaS.
The proposed system is a wearable IoT enabled intelligent
accident alert system. The system has features such as
Location-Based Services, pattern recognition, incidence
reporting packed with the HMM learning algorithm. Further
studies include the development of the prototype using Arduino
UNO and the commercialized production of the wearable
system.
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