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PREDICTION MODEL FOR POTENTIAL VEHICLES COLLISION

The research subject is road crash accident nature and approaches for its preventions or predictions in the real-time using
computer vision algorithms and usage of edge devices. The goal of this research is to create a model for prediction of potential
vehicles collision, which works for real-time. The methodology used in the research is a combination of computer vision mode/
TrafficCamNet_1.3 output with the math approaches to determine the possible vehicles collision. The exact math methods include
calculation of cars” movement projections and usage it for checks whether vehicles collision may occur or not. The experiments
setup is based on the scenarios designed using BeamNG.tech, usage of Nvidia Jetson Orin Nano as a platform for running real-time
classification and determination of possible road crash accidence. The main results of this research are outlining the exact time
spent for having car stopped before crash, exact cars’ characteristics and case setup and the percentage of happened road crash
accidents to determine the model robustness and ability to real life introducing. As a conclusion, this research reveals the facts, that
model works for the cases, when cars did not exceed allowed speed limit on the particular road. With the allowed speed, driver will
be able to be notified in time and will have enough time to stop the car, otherwise amount of time to react on the threat is being
significantly reduced. As a model improvement, the usage of models’ ensemble with different training dataset sizes can be
considered for early car classification on the image. The results of this research can be used for building the intelligent software
system for the preventions of road traffic accidence on the defined as a dangerous road parts.

Keywords: Information technologies development, computer vision, machine learning, Nvidia Jetson, real-time vehicle
collision prediction model, TrafficCamNet_v1.3.

BU3KPOBHUI Onexcanap, CMEJISIKOB Kupuio

XapKkiBchKHIT HAIlIOHAIBHUH YHIBEPCUTET Pai0eIeKTPOHIKH

MO/IEJIb IPOTHO3YBAHHS MOTEHUIMHOI'O 3ITKHEHHS TPAHCIIOPTHUX
3ACOBIB

[lpeameTom JOC/IKEHHS € MPUPOAa BUHUKHEHHS AOPOXKHBO-TPaHCIOPTHNX IPUrod Ta rigxoan A0 iX rornepemKeHHs abo
MIPOrHO3yBaHHS B pPeasibHOMy 4Yaci 3@ AOMOMOro aaropUTMIB KOMITIOTEPHOIO 30py Ta BUKOPUCTAHHS OAHOIM/IATHUX KOMITIOTEDIB:
Jetson Orin Nano. MeToro AOCTIKEHHS € CTBOPEHHS MOAES AJ1S1 MPOrHO3YBaHHS MOTEHLINHOIO 3ITKHEHHS TPAHCITOPTHUX 3aCO06iB,
SKa MPAaLItoE B PEXUMI peasibHoro 4Yacy. MeTofosioris, Lo BUKOPUCTOBYETLCA B LAOC/KEHH], 10/19ra€ B MOEAHAHHI pe3y/ibTaTis
pobotn mogesi Komr'totepHoro 30py TrafficCamNet_1.3 3 mMarematmyHumu rigxoqamm Ui BUSHAYEHHS MOXJ/TMBOIO 3ITKHEHHS
TDAHCIIOPTHUX 3aC06iB. MaTteMaTuyHi METOAN BKIIIOYAIOTE B CEOE PO3PaxyHOK MPOEKUV pyXy aBTOMOBINIB Ta BUKODUCTAHHS IX 415
IEPEBIPKM MOXK/INBOCTI 3ITKHEHHS aBTOMOOIIIB. [TOCTAHOBKa EKCIEPUMEHTIB 6A3yETLCS HA CLIEHAPISX, PO3PO6/IEHMX 33 JOMOMOro0
BeamNG.tech, 3 BukopucraHHsM Nvidia Jetson Orin Nano sk niargopmu A5 3ayCcKy Kaacuikauii Ta BUSHaYeHHS UMOBIPHOCTI
3ITKHEHHSI B peasibHoMy 4aci, OCHOBHUMY PE3Y/IbTaTaMn AAHOIO AOCTIIKEHHS € BUHAYEHHST YaCOBUX MPOMIKKIB, BUTPAYEHNX HA
3YIMHKY 3BTOMOOINS MEPES MOX/TUBOK ABAPIEID, TAKOX OIMUC XaPaKTEPUCTUK aBTOMOOINIIB Ta yMOB aBapli, BIACOTOK aBapivi, Lo
BIAGY/MCS 11i YaC EKCIIEPUMEHTY, A/1S BUIHAYEHHS HaBMHOCTI MOAeni Ta i 34aTHOCTI 4O BrPOBAMIKEHHS B PEASIbHE XUTTS. AK
BUCHOBOK, Lie AOC/TIAKEHHS TOKA3YE, O MOAE/L IPALIOE 4715 BUIAAKIB, KO aBTOMOOITI HE NMEPEBULLYIOTL AO3BOJIEHY LLIBUAKICT
Ha KOHKPETHOMY IPOMIKKY Aopory. [lpyu JO3BOSIEHIV LWBUAKOCTI BOAIM GyAe BYACHO CIIOBILUEHMY | MATUME AOCTaTHBO Yacy, o6
3YrMHUTH aBTOMOOITIL, B IHILIOMY BUIMEAKY KIIbKICTb Yacy HA Peakuito Ha 3arpo3sy 3Ha4Ho 3MEHLLYETLCA. B SKOCTI BAOCKOHA/IEHHS
MOAEN MOXHA PO3IJISIHYTU BUKOPUCTaHHS aHCaMO/IO MOAESIEH 3 PI3HUMU PO3MIPaMU HaBYa/IbHUX HaOOPIB AaHuX A/ PaHHbOI
Knacugikadii aBToMobIiB Ha 300paxeHH. Pe3ysibTatv AOCIMKEHHS MOXYTb OyTU BUKOPUCTaHI A/15 106yA0BU IHTENEKTYasIbHOI
POrPaMHOI CUCTEMY [TOMEPELXKEHHS AOPOKHBO-TPAHCIIOPTHUX MPUIOL4 HA BU3HAYEHUX aBAPIIHO-HEBE3NEYHNX AISITHKAX PyXy.

Kro4oBi cioBa. Po3pobka iH@OPMALIIVIHIX TEXHOIONY, KOMITIOTEPHMI 3ip, MaluMHHE HaByarHs, Nvidia Jetson, mogesb
MIPOrHO3yBaHHs noTeryiviHoro ATI1 B pexwumi peasbHoro yacy, TrafficCamNet v1.3.

Introduction

Cars make our life more convenient and help us to be in time anywhere but increasing their usage lead to a
significant rise of road traffic accidents (RTAs), as confirmed by statistical data [1, 2]. The growing number and
speed of vehicles are among the key contributing factors to this trend. Despite the wide adoption of active safety
systems such as adaptive cruise control, lane-keeping assistance, pedestrian detection, emergency braking, blind
spot monitoring, and anti-lock braking systems (ABS), most of these technologies work only for individual vehicle
and operate only within the limited range of built-in sensors. As another point, all of the new technologies in terms
of car’s safety are introduced only in the new cars’ models.

Only owners of 1-3 years old cars may have such new technologies, which presence percentage is
relatively small to the whole number of cars (fig. 1), and currently, there are a lot of cars 10-20 years old on the
roads.

The cars’ upgrading to have modern safety solutions in practice is impossible, due to the high coupling of
hardware and software. The particular cars’ hardware is able support the defined list of software versions and
upgrading further may involve changing the hardware. In fact, this costs an enormous amount of money, and
sometime changing hardware is impossible due to the difference in car’s body from version to version.
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Highlighted above points push to the creation of some safety system, which will be independent from cars’
origin, age and configuration. So, every driver will be able to use this system. Additionally, this system should work
in real-time and have the highest accuracy.

US Average Age by Vehicle Type

Combined average age rises to new record of 12.6 years
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Fig.1. Statistical data about average cars’ age [3]

This article proposes a new model for prediction of potential vehicles collision for single-board computers
which works in real-time and is able to notify drivers about found possible car accidence. The test cases’ results
highlight the competitive outcome in detection rate of possible cars’ crashes in comparison to analog models or
approaches. This article uses the BeamNG.tech software for modeling dangerous cases in order to test the proposed
model.

Related Works

The statistical landscape regarding the age of vehicles on roads reveals a complex interplay between
vehicle safety standards, accident rates, and the distribution of vehicle ages. Studies indicate a correlation between
vehicle age and road safety outcomes; older vehicles often lack the modern safety features found in newer models,
which can lead to higher accident risks. According to T6érok [4], older vehicles are associated with a greater risk of
severe accidents due to their outdated design features and safety standards. This study explores how the age of
vehicles influences accident severity, underscoring a significant relationship between vehicle age and accident
outcomes. Research by Ghandour [5] further supports this claim, suggesting that older vehicles are predictors of
increased injury severity in crashes while highlighting environmental factors surrounding these incidents.

Moreover, the demographics of vehicles on the road have been shifting. Studies show that a considerable
percentage of vehicles in operation are over ten years old. This trend is particularly noted in regions with low
vehicle replacement rates, leading to a higher proportion of older vehicles within the total fleet. Kodithuwakku and
Peiris [6] provide evidence that vehicles younger than ten years have different risk profiles when involved in
accidents, correlating with fewer fatalities compared to their older counterparts, implicating the modern safety
technologies present in newer vehicles.

As a conclusion, the age of vehicles on the road affects safety outcomes, with older vehicles correlating
with increased accident risk due to dated safety features. Moreover, demographic factors such as the age and
experience of the driver add an additional layer of complexity to this relationship.

Regarding real-time car accidence prediction. Real-time prediction of car accidents has emerged as a
critical area of research within traffic safety, driven by the capabilities of advanced technologies such as machine
learning and Al methodologies. These predictive models leverage various factors, including environmental
conditions, driver behavior, and temporal dynamics, to enhance road safety and aid in accident prevention.

Mengistu et al. [7] implemented machine learning techniques in their study to predict car accident severity
in Ethiopia, focusing on factors including driver behavior and road conditions. Their findings emphasize that
adverse weather conditions significantly increase the likelihood of severe accidents, reinforcing the effectiveness of
models such as random forests in achieving high predictive accuracy.

Additionally, Nagkoulis et al. [8] presented the KASSANDRA model, which correlates drivers' internal
stress levels with car accidents. Their results indicate that utilizing real-time data within shorter time frames (e.g.,
15-minute intervals) significantly enhances the prediction accuracy of hazardous driving conditions. This model
demonstrates the potential for dynamically assessing risks based on driver state and situational contexts.
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Sharif et al. [9] developed a scalable machine learning model for real-time car accident and damage
detection using CCTV feeds. Their research demonstrates that computer vision algorithms can not only monitor
traffic flow but also accurately identify incidents as they occur. This capability significantly enhances emergency
response times and supports the proactive identification of accident-prone areas, which is vital for targeted road
safety interventions.

All these works are about accidence happening, finding the key factors of accidence occurrence and using
machine learning capabilities look for happened crash and react somehow on that.

Earnest Paul Ijjina et al. [10] describes the approach for cars’ accidence prediction based on supervised
deep learning model, which classifies the road-related objects and then use this output in the algorithm to identify
the possible car accidence. This work aims to present the general approach how cars’ accidents can be predicted
based segmentation algorithm with empowering of anomalies detection. The outdoor surveillance cameras video
stream is used as an input data.

This model includes three steps: T1: Vehicle Detection, T2: Vehicle Tracking and Feature Extraction, T3:
Accident Detection. The object detection step is based on the usage of Mask R-CNN model, which automatically do
instance segmentation, and based on which output, the anomalies are calculated. Based on the anomalies calculation
step, the possibility of cars’ accidence is computed. The following hardware is used for experiments: Intel(R)
Xeon(R) CPU @ 2.30GHz with NVIDIA Tesla K80 GPU, 12GB VRAM, and 12GB Main Memory (RAM).

The proposed model for prediction of possible cars accidence uses the hardware, which is not concluded to
be as a single board computer, which means that video-stream cannot be processed directly on the edge devices
installed on the crossroads or any other dangerous places, which leads to forwarding the video-stream through the
network, which slows down the whole process of potential cars’ accidence prediction. This is more about server-
based video stream processing. However, the parts of proposed model may be taken as a basis for creation of the
model for single-board computer, and efficiency can be compared with the mentioned research in scope of accuracy
classification measurement. Also, there is a lack of experiments related to the performance of the model in terms of
detection speed of the possible car’s accidence. And as an additional drawback for the mentioned model which can
be considered, the absence of driver’s notification capabilities about found possible car accidence for prevention of
its occurrence.

Purpose
The purpose of this article is to create and test a model for prediction of possible cars accidence for single-
board computers with ability for driver notification about found potential car accidence. The proposed model which
is based on computer vision algorithm should be able to work in real-time and use the video captured on dangerous
road parts. The model should be tested on the Jetson Orin Nano and results should be provided and compared with
similar systems.

Methodology
The previous approach [11] for vehicle accidence prediction is based on defining prerequisites under which
this accidence may happen and using computer vision models: YOLO [12], Detectron2, DetectNet v2 [13] trying to
recognize defined prerequisites. This approach found to be difficult in scaling questions, because the huge number
of images should be used for defining each separate prerequisite for each defined danger maneuver.
The new proposed model for cars’ accidence prediction consists of a few parts, which are shown in the
Fig. 2.

Video stream captured on the
dangerous road part

l

Ohbijects classification step.
(Car recognition)

Metadata capturing, Object tracking and capturing
Features extraction step metadata about found objects
(location, speed)

[
v v

Identifying trajectories projections
intersections for found objects

| |
l

Calculate possibility of accidence
happening

Driver notification step J'

Classification step

Identifying objects’ speed

Driver notifying

Fig. 2. Proposal of the new model for vehicles crash prediction with driver notifying for single-board computers
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The Fig. 2 highlights the three-steps model and the way of input data processing. The explanations of each
step are below.

Classifications step. The TrafficCamNet 1.3 computer vision model is used, for the Jetson based single-
board computer, as far as this model is highly optimized for usage in Jetson computers family. This model allows
inference with the metrics displayed in table 1, which was captured during comparison of YOLOvS8 family and
TrafficCamNet_ 1.3 on the Jetson Orin Nano single-board computer. The TrafficCamNet 1.3 model outperforms the
competitors.

Table 1
YOLOVS and TrafficCamNet 1
Metric Name YOLOvV8m TrafficCamNet 1.3
Average on 10 runs - GPU latency, ms 155.703 6.927
Throughput, gps 6.407 140.517
Latency: min, ms 153.808 7.052
Latency: max, ms 157.84 8.735

This computer vision model can recognize limited number of objects, which may be present on the road,
which leads to model simplification, which also leads to performance improvements.

The second step for the proposed model is capturing of classified object’s metadata, features extraction,
and calculation of probability for vehicles accidence happening. There are two metrics which are captured during
this process: location and speed.

The car’s trajectory projection is calculated based on captured location in subsequent frames. A projection
is defined as a straight line passing through two points: either the starting or previous position of the object and its
current position. An auxiliary algorithm is also implemented to update the object’s position coordinates on the
image, ensuring accurate rendering of the projected trajectory. The decision to update the starting point from (xo, yo)
to (x2, y2) is considered no more frequent than 25 times per second (to avoid unnecessary resources usage overhead)
and only if the angle between the vector from the initial point to the current position differs by more than 3 degrees
compared to the previous vector (fig.3).

X0, yO

\ > x1,y1

X2,y2

Fig. 3. Explanation of the algorithm for projection base points recalculation

In case, if two or more cars’ trajectories projections are intersected, then this may lead to cars collision. The intersection of projections is
considered as a major factor for car accidence happening. The speed is a secondary metric, which has impact on the possibility of crash
happening. The following schema (fig. 4) can be used as an example of a general approach for determination of the collision probability

in the second step of proposed model.
Speed estimator /7

60 km

Fig. 4. Schematic representation of cars accidence happening probability determination

Mentioned above schema displays the case when a yellow car is turning left and two cars are going in
opposite direction. For example, purple car have some issues with the braking system and it cannot be stopped
before the junction, but at the same time yellow car assumed that all cars have been already stopped or will be able
to stop before crossroad, and procced with turning left. As a result, the purple car hit the yellow car in right hand
side. In case, if the speed of found objects is relatively small (2-10 km per hour), then the probability of cars
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accidence happening can be assumed as small and is not reported. This prevents the model from sending false
positive signals to drivers about possible car accidence.

The third model’s step — driver notification. This step is used for driver notification about found possible
car accidence. For this need the following system architecture is proposed (fig. 5).
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Fig. 5. Proposed Message Bus architecture for driver notifying step

As it can be seen from the diagram, the usage of MQTT protocol is required for fast and reliable
notification sending and receiving.

Experiments
Based on the proposed model, the crossroads should be equipped with four cameras and single board
computers, which cover each side of the crossroads (fig. 6).

Fig. 6. Schematic representation of system deployment

The green dots on the diagram represent cameras and single board computers, while two solid black lines
from the top right green dot represent the camera angle. As can be seen, one camera may cover one side of the
crossroad. Fig. 7 displays the sample of model work with rendered all details after processed video-stream. The
similar case of crossroad type is used for experiments.

The pretrained model of TrafficCamNet v1.3 from Nvidia [14] is used for cars recognition on the image as
was highlighted above. The Jetson Orin Nano is used as hardware. The experiments have been built using
BeamNG.tech software [15]. This platform is about soft-body physics which allows the creation of different cars
usage scenarios and has Python API, which was used for scenarios creation.

There are two key goals for experiments:

1. Calculation of Detection rate for comparison with similar system.

2. Determination of proposed model workability based on the cars’ crash rate.

The Detection rate formula is the following:

. Detected accident cases
Detection rate = : . (1)
Total accident cases
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The car’s crash rate is calculated using the next formula:

Y. Crash Reported

Crash Rate = .
> Total number of danger cases

@)

camg Count: 225 B:MainMenu [ Map P Mods @R Vehicles ik Venicle Contig g Environment RS RINICLL I BB Ul Apps 2= Options
Warning Messages: {Side: E, magnitude angle: 90, Side: , magnituderangle: 45}

Fig. 7. Sample of the model work with all details rendered

The first experiment scenario is built on top of the case, where crossroad of main and secondary road

present on the in:agg, and the secondry road is under hill withI reduced visibilit from'the right side (Fig.8).
B | ] —— e g = 1EE IR L - i P

sl 1B e 1l '”;%f

1

Fig. 8. First scenario explanation

The article author was a driver of a red car, and he carefully listened to the signals from the deployed
model about found possible car accidence. Once the signal is played, he needs to do rapid braking or maneuvering in
attempt to avoid cars’ crash. As a result, the car accidence may occur or may not, depending on the model’s
workability and red car’s driver reaction. The facts of crash occurrences should be noted for metrics calculation.

The blue car was driven by script, which drive the car by predefined path and red car driver do not know
where the blue car is located in particular point of time and when it will be on the crossroad.

The second one scenario setup is based on turning left case across oncoming lanes by red car, where one of
the lanes yields to the vehicle executing the turn, violating rules by that action (fig. 9). And white car which is going
straight through the crossroad and do not attempt to stop for yielding the red car, because it is invisible for white car
driver.
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Fig. 9. Second scenario explanation‘ -

This scenario is also set up via predefined driving path for white car. The red car is driven by article’s
author.

The results (table 2-4) include time capturing for each step of experiment and have a note whether car
accident happened or not. The car which was used for experiment explained in table 2 have the following
characteristics: sedan, weight — 1425 kilograms, usual braking system installed.

Table 2
Results of the first scenario

Time before message is | Time, when message is received Time, when car fully Speed at the Did a car accident
sent by application in car stopped moment of message happen?
receiving
2025-01- 2025-01-05T12:40:02.933484 2025-01- 42 TRUE
05T12:40:02.709622 05T12:40:05.114334
2025-01- 2025-01-05T13:08:57.076655 2025-01- 37 FALSE
05T13:08:56.834051 05T13:08:58.772655
2025-01- 2025-01-05T13:09:28.030199 2025-01- 51.38 FALSE
05T13:09:27.781746 05T13:09:29.102009
2025-01- 2025-01-05T13:09:57.994106 2025-01- 52.67 TRUE

05T13:09:57.748407

05T13:09:59.253262

The findings from the first experiment can be summarized as follows: the system performs reliably when
the vehicle speed does not exceed 50 km/h for the tested vehicle type. The average time required to send and receive
a warning message is approximately 0.3 seconds, which is sufficiently fast and allows the driver additional time to
react. The braking response time in these conditions was observed to be between 1.7 and 2 seconds. However, in
approximately half of the test cases, a collision still occurred. This was primarily due to late recognition of the cars
by computer vision model or by temporary loss of tracking during the threat recognition process. Addressing this
issue requires further training of the computer vision model using input images of varying sizes to improve its

robustness and detection accuracy.

The next experiment was conducted using the same scenario; however, a different vehicle was used. In this
case, the vehicle had a weight of 1660 kg, a station wagon body type, and was equipped with high-performance
three-piston brake calipers. The results of this experiment are presented in Table 3.

Table 3
Results of the first scenario with the different car
Time before message is sent Time, when message is Time, when car fully Speed at the Did a car
received by application in car stopped moment of message accident
receiving happen?
2025-01-05T14:16:54.601413 | 2025-01-05T14:16:54.998645 2025-01-05T14:16:56.905827 50 FALSE
2025-01-05T14:17:09.322504 | 2025-01-05T14:17:09.649457 2025-01-05T14:17:12.297685 66.06 TRUE
2025-01-05T14:17:55.841201 | 2025-01-05T14:17:56.151540 2025-01-05T14:17:57.848792 61 TRUE
2025-01-05T14:18:40.917595 | 2025-01-05T14:18:41.222709 2025-01-05T14:18:42.918078 77 TRUE
2025-01-05T14:18:58.137268 | 2025-01-05T14:18:58.457782 2025-01-05T14:18:59.872115 41.6 FALSE
2025-01-05T14:19:10.642923 | 2025-01-05T14:19:10.975277 2025-01-05T14:19:12.424491 43.7 FALSE
2025-01-05T14:19:24.891371 | 2025-01-05T14:19:25.217969 2025-01-05T14:19:26.146659 32 FALSE
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In this case, a clear correlation between vehicle speed and the occurrence of a collision can be observed.
When the vehicle's speed is below 60 km/h, no accidents occur, and the system is able to successfully alert the
driver in time about an approaching hazard from the right. The message transmission and reception time remains
consistent at approximately 0.3 seconds. The vehicle stopping time ranges from 1.5 to 2.3 seconds, which is
comparable to the results of the previous test. However, the presence of high-performance brakes alone is
insufficient to prevent a collision if the vehicle exceeds the allowed speed limit typically allowed on public urban
roads.

The results for the second scenario are represented in Table 4.

Table 4
Results of the second scenario
Time before message is Time, when message is received Time, when car fully Speed at the moment Did a car
sent by application in car stopped of message receiving accident
happen?
2025-01- 2025-01-05T14:48:07.765836 2025-01- 9.6 FALSE
05T14:48:07.380364 05T14:48:08.498831
2025-01- 2025-01-05T14:48:38.002669 2025-01- 8.2 FALSE
05T14:48:37.656401 05T14:48:39.122968
2025-01- 2025-01-05T14:48:38.002669 2025-01- 9.2 FALSE
05T14:48:37.656401 05T14:48:39.122968
2025-01- 2025-01-05T14:49:22.963271 2025-01- 9.2 TRUE
05T14:49:22.586999 05T14:49:24.020279
2025-01- 2025-01-05T14:50:07.752622 2025-01- 6.9 FALSE
05T14:50:07.380211 05T14:50:09.061626

In this experiment, the relatively low vehicle speed significantly facilitated the performance of the
computer vision models, allowing for more accurate object detection and classification. Additionally, the braking
time was minimized, as decelerating from a speed of 9 km/h is both quick and easy. The total time required to send
and receive a warning message was approximately 0.3 seconds. An accident occurred in a specific case where a
vehicle going in the far-right lane was exceeding the speed limit, and the computer vision model failed to detect it in
time.

The next table (Table 5) includes comparison between proposed model and similar model described in [10]
research. Out of the 21 attempts to run the different test cases, the 16 attempts have been identified by proposed
model as a potential car accidence.

Table 5
Comparison between similar model and a proposed one
Approach Detection rate
Model from [10] research 71 %
This research proposed model 76 %

The proposed model’s restrictions are based on the computer vision model limitation and limitations of
usage of the defined model in general. The computer vision models limitation includes the restrictions for the object
size which should be classified. The TrafficCamNet 1.3 model may not classify well the objects in the image, with
a size less than 16x16 px. Additionally, in case, if object for classification is overlapped by another object, the
model may not classify object at all or classify it incorrectly. The difficult weather conditions may also lead to the
worse object classification.

The proposed model usage restrictions include the cases when the False Positive cases occurred. For
example, it can happen when one of the drivers changes the car’s trajectory right after the system identified the
possible car accidence. For example, this may happen for the first test scenario, when one of the drivers, which goes
up to the road, instead of driving straight, performs turn right on the crossroad, but car from the right-hand side goes
in straight direction. So, in that case, the intersections of trajectories are possible before first car turn right, and that
does not lead to the crash. The False Positive cases can be reduced by the introduction of additional factors included
into consideration during calculation of probability of vehicles’ crash. So, the proposed model can be enhanced with
additional metrics included.

Conclusions

The research proposes a new model for predicting possible car accidence for single-board computers for
real-time processing. In scope of this research the proposed model is deployed on the Jetson Orin Nano. The test
cases have been created using BeamNG.tech software. Based on the experiments results, only for 37.5 % of the test
cases the car crash happened. In most cases, crashes happen when drivers exceed the allowed speed. The proposed
model can provide the cars’ crash prediction message to the end user in average during ~0.6 seconds including time
for computer vision model inference and message sending and receiving, which leads to the mentioned crash rate.
The usage of single-board computers for classification leads to lower electricity usage and gives the ability to
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process video-stream directly on the IoT device, which improves performance significantly.

Thus, the proposed model demonstrates the potential to reduce the risk of accidents in high-risk areas, with
experimental results confirming its effectiveness. Future work will focus on enhancing the computer vision models,
particularly in improving the accuracy and speed of vehicle classification, as well as minimizing the loss of tracked
objects during classification. Also, the involvement of additional factors into calculation for car crash possibility,
should be considered.
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